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Abstract

This paper aims to examine an estimator of model-free implied volatility (MF-1V), as derived by
Britten-Jones and Neuberger (2000), investigating its information content within the index options
market of Taiwan. Based upon a comparison between the forecasting performance of the MF-IV model
and that of other volatility forecasting models, such as Black-Scholes implied volatility (BS-IV),
historical volatility and GARCH volatility, our empirical results demonstrate that the MF-IV model
possesses higher information efficiency, subsuming all information contained within the historical and
GARCH (1,1) volatility models in the forecasting of future realized volatility for a weekly forecasting
horizon.
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1. Introduction

The issue of implied volatility has attracted considerable attention along with a wealth
of research over the past two decades. The extant literature apparently provides
support for the contention that the Black-Scholes implied volatility (BS-IV) model is
more efficient than other time-series models, such as the historical and GARCH (1,1)
volatility models, in terms of measuring future realized volatility."

However, since the assumptions of the BS-IV model do not completely hold in
the real world, the actual forecasting performance of implied volatility is likely to be
unsatisfactory in cases where the model is misspecified. Britten-Jones and Neuberger
(2000) therefore proposed an alternative implied volatility measure, which they refer
to as model-free implied volatility (MF-IV); as opposed to being derived from any
specific model, MF-IV is derived entirely from a no-arbitrage condition. Jiang and
Tian (2005) further found that the MF-IV model was still valid even where jumps were
evident in the price of the underlying asset. For emerging derivative market such as
Taiwan equity market, the effects of market friction may cause the BS-IV model to be

mis-pecified. This paper aims to examine whether the MF-IV model provides better

' From a review of 93 studies over the past two decades in which the forecasting of volatility was

based upon various volatility measures, Poon and Granger (2003) found that the implied volatility
model was superior to the historical volatility model with regard to the forecasting of realized volatility.
Using data from 35 futures options markets on eight separate exchanges, Szakmary et al. (2003) also
found that, whilst not being a completely unbiased predictor of future volatility, implied volatility again

outperformed historical volatility as a predictor of subsequent realized volatility in the underlying® E
futures prices over the remaining life of the option. Other study found that implied volatilities. =~

outperformed GARCH (1,1) in the forecasting of future realized volatility (Chang and Tabak, 2007). “ i
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information content in the index options market of Taiwan.

Since the analysis of the forecasting ability of volatility is reliant upon an accurate
measure of realized volatility, it is becoming increasingly evident that a realized
volatility estimator computed from high-frequency data, such as five-minute data,
provides enormous improvements to the quality of measurement of actual volatility
and forecast evaluation. In addition, weekly (H1), bi-weekly (H2), tri-weekly (H3) and
monthly (H4) forecast horizons are considered major horizons for options pricing and
portfolio management. We therefore use the sum of the squared five-minute returns on
the Taiwan Stock Exchange Capitalization Weighted Stock Index (TAIEX) to calculate
realized volatility, and focus on these four major forecasting horizons to examine
whether forecasting accuracy is affected by horizon length over the remaining life of
the Taiwan Stock Exchange Capitalization Weighted Stock Index options (TXO)
contracts.

We first compare the forecasting performance of the four volatility models based
upon forecast errors, and then examine their relative information content using
univariate and encompassing regressions based upon the four major horizons for
options pricing and portfolio management. 2 Qur empirical results, based upon

high-frequency (five-minute) returns data for the calculation of realized volatility,

2
historical volatility or GARCH (1,1) volatility models is subsumed by the BS-IV and/or MF-IV models;’

The encompassing regression is applied to determine whether the information content of the - B
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provide a number of interesting findings; for example, we find that the implied
volatility models apparently outperform the time-series models, with the MF-IV model
in particular demonstrating greater informational efficiency and subsuming all
information contained within the historical and GARCH (1,1) volatility models over
the shortest forecasting horizon, as compared to the BS-IV model. The findings
provide investors with alternative IV measure for making their investment strategy in
Taiwan options market.

The remainder of this paper is organized as follows. Section 2 provides a
description of the institutional setting and data used this study, followed in Section 3
by an explanation of the methodology adopted. Section 4 presents and explains the
empirical results. Finally, the conclusions drawn from this study are presented in

Section 5.

2. Institutional Setting and Data

A TXO contract, a European-style option introduced by the Taiwan Futures Exchange
(TAIFEX) on 24 December 2001, has a monthly expiration cycle (similar to TAIEX
futures, which are traded under the ticker symbol, TX) with the expiration day being

the first business day after the third Wednesday (the last trading day) of the contract

month. However, to reduce overnight risks and to increase the capital efficiency, the ...
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Financial Supervisory Commission (FSC) on 11 September 2008 approved Taiwan
Futures Exchange to modify the final settlement price methodology of stock index
futures and options. The new methodology has been applied to December contracts of
2008, based on the arithmetic average price of the underlying index disclosed within
the last 30 minutes prior to the close of trading on the last trading day. That is, the final
settlement day is the same day as the last trading day.’

For the TXO contract, daily trading comprises of the spot month and the next two
calendar months followed by two additional months from the March quarterly cycle
(March, June, September and December).* Any option which is ‘in-the-money’ and
which has not been liquidated or exercised on the last trading day is automatically
exercised.

The TXO market has grown rapidly since its launch in 2001. Of the 168
exchange-traded index options worldwide, the TXO trading volume in 2005 ranked it
as the third highest global trading volume, reaching a record 80,096,506 contracts in
that year.” Since the trading volume of call options is larger than that of put options,
this study compares the forecasting performance of the BS-IV, MF-1V, historical and

GARCH (1,1) volatility models using the data on nearby TXO call contracts covering

3
4

In our studying period, the previous settlement methodology is applied.

Daily trading of TX contract comprises of the spot month and the next calendar month followed by
three additional months from the March quarterly cycle.

> Asreported by the Futures and Options World (FOW) 2005 statistics.
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the period from 24 December 2001 to 22 December 2005. We select nearby option
contracts because they are the most actively traded option contracts within their own
classification, which therefore minimizes the problem of infrequent trading.

Our study sample comprises of 191 observations from the various volatility
models for the prediction of future realized volatility for the weekly (H1), bi-weekly
(H2), tri-weekly (H3) and monthly (H4) forecasting horizons.® We use high-frequency
(five-minute) natural log return data from the TAIEX to calculate realized volatility,
and use the daily natural log return of the TAIEX to calculate both historical volatility
and GARCH (1,1) volatility.

As regards implied volatility, we calculate BS-IV by considering the practical
investment phenomenon of TXO investors, whose investment decisions are invariably
based upon the TX market situation, and then calculate the implied spot prices by
using the closing prices of the corresponding TX contracts and using these as proxies
for the spot indices of the TXO which are closest to ‘at-the-money’ for nearby
contracts.” As for the MF-IV calculation, because ‘in-the-money’ options are more

expensive and less liquid than ‘at-the-money’ or ‘out-of-the-money’ options, following

& Although there should be a total of 192 observations under the (H1), (H2), (H3) and (H4) forecast
horizons for the full 48 expiration months covered in this study, there is no H4 horizon since there were

only 14 trading days during this period between the expiration months of January and February 2005.
7

condition. r

Using implied spot prices to calculate implied volatility will be justified only when the futures.
contracts and options contracts expire on the same day. Both our near TX and TXO contracts satisfy this"..
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Jiang and Tian (2005), we exclude from our sample all call options with strike prices
of less than 97 per cent of the implied spot prices of the underlying asset.

The trading data on the TXO, TX and TAIEX matching the abovementioned
volatility calculation are obtained from the Taiwan Economic Journal (TEJ) databank.
The data on the TXO and TX covers the period from 24 December 2001 to 22
December 2005, whilst that for the TAIEX runs from 1 September 1998 to 22
December 2005. We use the fixed rate of the one-year time deposits offered by First

Commercial Bank as the proxy for the risk-free rate.

3. Methodology

Given that realized volatility is not directly observable, it must be estimated. It is
argued in numerous studies that a realized volatility estimator which is computed from
high-frequency data, such as five-minute data, provides enormous improvements to the
measurement quality for actual volatility yield and forecast evaluation.® Bandi and
Russell (2003) also argue that in the presence of market microstructure noise,
five-minute sampling frequency is close to the optimal. Thus, we use the sum of the
squared five-minute returns on the TAIEX to calculate realized volatility.” Assuming

that time is measured in trading days, and that there are 252 trading days per year,

#  See for example, Anderson and Bollerslev (1998), Andersen (2000), Andersen et al. (2001), Andreou

and Ghysels (2002) and Barndorff-Nielsen and Shephard (2001, 2002)
9

a.m. and 1:30 p.m. corresponding to the 54 intervals of the TATEX within a single trading day.

For example, in our paper, returns are sampled every 5-minute between the trading hours of 9:00 | : S
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realized volatility per annum can be calculated as:
ol = > r x+252 (1)

where r;, is the TAIEX five-minute intra-day natural log return at interval i of day ¢.

As noted by Ghysels et al. (2006), weekly, bi-weekly, tri-weekly and monthly
forecasting horizons are the major horizons for options pricing and portfolio management.
We therefore focus on the predicting ability of future realized volatility based upon these
four TXO nearest to expiration days. The four volatility estimators in this study are tested
against realized volatility over the remaining life of TXO contracts by means of forecast
error and regression analysis. These estimators are calculated from time-series models (the
historical and GARCH (1,1) volatility models) and implied volatility models (the BS-IV
model and MF-IV models). The former are econometrics model which are based on

historical data, whereas the latter are based on options market prices.

3.1 Historical Volatility
Historical volatility, which is perhaps the oldest and simplest of all volatility models,

parameterizes current volatility as:

N

o = L rr x+252 ()
N-1 t=1

where 7, is the natural log of the ratio of the TAIEX from the current day () to the

previous day (#-1). Any observations inside the window of size N are given an equal BL L
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weighting of 1/(N-1); in other words, volatility is forecasted as being identical to the
last N periods. As noted by Kroner (1996), if the dataset used to construct this estimate
is too large, then there is an inherent risk of the estimation being clouded by stale data.
On the other hand, if insufficient observations are used to construct the estimate, then
there is the alternative risk of the volatility estimates being dominated by one or two
observations. As noted by ap Gwilym (2001), a simple 20-day historical estimator has
been found to perform well for short forecast horizons; therefore, in this study, we use

the last 20-day data to calculate historical volatility.

3.2 The GARCH(1,1) Model

Financial time-series returns often exhibit characteristics of time-varying volatility
levels and volatility clustering which cannot be captured by the historical volatility
model. Engle (1982) proposed an ARCH model which allows conditional variances to
change over time; however, it was found that a practical problem in fitting ARCH (p)
models to financial returns data was that the order ‘p’ needed to be fairly large if a
good fitting model was to be obtained. Bollerslev (1986) extended the ARCH model to
the GARCH model, which provides more parsimonious results than those of the
ARCH model, and which has since become widely used for effectively dealing with
volatility clustering and fat tailing phenomena in the equity returns, particularly with

regard to the GARCH (1,1) model. This model can be defined as:
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. _ 2 GARCH 2 2 GARCH
r,=ut+&,,6 € =n0, 6 =w+ag,  + o (3)

. 2GARCH
where @ >0, a> 0, 8 > 0 are sufficient for o',

>0, and 7, are independently identically
distributed (i.i.d.) random variables with zero mean and unit variance. The GARCH (1,1)

model is estimated in this study using a rolling window of 866 daily TAIEX returns.

3.3 Black-Scholes Implied Volatility

The Black-Schol;es (1973) option pricing model (B-S model) provides the foundation
for the modern theory of options valuation; however, one variable which cannot be
directly observed in this model is stock price volatility. If the option markets are
efficient, Black-Scholes implied volatility (BS-IV) at time ¢ (O'IBS) is inverted using the
following BS-IV model:

o = (S, K,r,7,C/"") (4)

where S, is the underlying asset price at time #; K is the strike price; r is the risk-free
interest rate; 7 is the remaining time to maturity; and C ,MKT denotes the market price of
the option at time ¢.

Lee and Nayar (1993) note that “market makers in SPX options are continually
hedging their positions with the companion S&P 500 futures contracts”; Draper and

Fung (2002) also argue that by pricing the options contracts directly with the futures

contracts, arbitrageurs could avoid high transaction and market-impact costs, as well as..~ ‘:
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the inclusion of stale prices in the index arising from the non-trading of constituent
stocks. Therefore, since TXO investors generally make their investment decisions
based upon TX prices, as opposed to the TAIEX, we use the implied spot price as the
proxy for S,, which is inferred using the closing prices of the nearby TX contracts
discounted at the risk-free rate, and use the closing prices of nearby TXO contracts
which are closest to ‘at-the-money’ as the proxy for C tMKT. If markets are efficient, and
the option pricing model is correct, then the implied volatility calculated from option
prices should be an unbiased estimator of future realized volatility with informational
efficiency; that is, it should correctly take in all of the available information, including

the asset’s price history.

3.4 Model-free Implied Volatility

It is well known that the test for the forecasting quality of implied volatility is in fact a
joint test of the efficiency of the option markets and a specification of the options
pricing model; therefore, the forecasting performance of the BS-IV model would be
unsatisfactory if the model was misspecified. Britten-Jones and Neuberger (2000)
propose an alternative implied volatility measure which, as opposed to being reliant
upon a specific model, is derived entirely from no-arbitrage conditions. Since it does
not impose strong distributional assumptions, the forecast is common to all consistent

processes; hence, this model is regarded as model-free implied volatility (MF-1V).
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Suppose that call options with a continuum of strike prices (K) for a given
maturity (7) are traded on an underlying asset. Let the forward asset price be denoted
as F,, and the forward option price be denoted as CF(T ,K). Following Dumas et al.
(1998) and Britten-Jones and Neuberger (2000), Jiang and Tian (2005) provide a
simpler derivation for MF-IV under the assumption of diffusion. The integrated return

variance between current date, 0, and a future date, 7', is fully specified by the set of

call option prices expiring on date 7. The MF-IV of Britten-Jones and Neuberger is

thus defined as an integral of option prices over an infinite range of strike prices:

E:M%ﬂ:2FCF(T,K)—;?><(0,FO-K)dK )
where the superscript F is the forward probability measure.

It is a straightforward matter to apply this model to stock prices under the
assumption that the interest rate and dividends are deterministic. For the case of
options on individual stocks or an individual index, let C(7,K) denote the option price
and S, denote the underlying asset price at time . We have F,=S,/B(#,T) and C F(T,K)

= C(T,K)/B(t,T), where B(t,T) is the time # price of a zero coupon bond which pays $1

at time 7. Hence, MV-1V can be estimated using the following equation:

EOF{ f(ﬂ ] } 2of C(T,K)/ B(0,T) —rrl?;((o, So/BO.1)-K) .

t

©
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Since option exchanges offer only limit numbers of strike prices, the numerical

integration of MV-IV can be implemented through the trapezoidal rule:

o C" (T, K) —max (0,5, — K 3
) fm (T,K) Ea:x( )dK:izzl:[h(T,Ki)+h(T,K,-_l Jhk )

where C(T,K) = C(T,K)/B(0,T); Sy = Sy/B(0,T); AK = (Kmax ~ Kmin)/m, K; = Kuin+ iAK
for i =0,...,m, and W(T,K}) = [C*(T,K;) - max (0, S, - K,~)]/K,-2.

In general, the MF-IV measure has several advantages over that of BS-IV. First,
since there is no reliance upon any specific assumptions on the underlying asset price,
the MF-IV model may avoid the estimation bias resulting from misspecifications,
such as those associated with the BS-IV model. Second, by subsuming more
information as a result of the consideration of more contracts, not only those that are
‘at-the-money’ as in the BS-IV model, MF-IV may have better forecasting
performance than BS-IV. There are, however, problems with the MF-IV measure in
emerging options markets, such as the numerical errors resulting from limited strike
prices, the potential for MF-IV violating the boundary conditions of the options if
there are numerous distortions in option prices as a result of specific demand, and the
occasional existence of zero trading volume at certain strike prices. These
‘discretization’ errors may result in the unavailability of implied volatility, at which

time the MF-IV measure will become biased; therefore, in an attempt to improve
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pricing efficiency, referring to Jiang and Tian (2005), we use a cubic spline in the
curve-fitting of implied volatility, as opposed to option prices.

The prices of the listed calls are first translated into implied volatility based upon
the Black-Scholes model, with a smooth function then being fitted to this implied
volatility. We extract the implied volatility at strike prices K; from the fitted function,
with the Black-Scholes model again being used to invert the extracted implied
volatility into call prices. Since these call prices exclude from our sample all call
options with a strike price of less than 97 per cent of the implied spot price, MF-IV is

calculated by using the RHS of Equation (7).

3.5 Volatility Forecast Evaluation Criteria
The three dominant methods for testing the competing estimates of future volatility are
‘root mean squared error’ (RMSE), ‘mean absolute error’ (MAE) and regressions. Fair
and Shiller (1990) argue that in comparing alternative forecasts, RMSE is dominated by
regression analyses; therefore, referring to the extant research, we employ the univariate
analysis in Equation (8) and the encompassing regressions in Equations (9) and (10) to
analyze the information content of the BS-IV and MF-IV forecast measures:

o =a+ o +u, ®

o =a+po” +p0" +u, €)
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ol =a+poM + B0 +u, (10)

where U,RV is the realized volatility at time ¢ atFV refers to the BS-IV, MF-IV historical
and GARCH (1,1) volatility estimators, and O'tm expresses historical volatility and
GARCH (1,1) volatility.

In a univariate regression, realized volatility is regressed on a single volatility
forecast, examining the forecasting ability and information content of a single volatility
forecast. Conversely, from an encompassing regression we can examine the relative
importance of competing volatility forecast models, between BS-IV and historical
volatility, between BS-IV and GARCH (1,1) volatility, between MF-IV and historical
volatility, and between MS-IV and GARCH (1,1) volatility.® If the BS-IV or MF-IV
models contain more information than the other volatility measures, we would expect a
null hypothesis of Hy: £, = 0. If the joint hypothesis is Hy: B, = 1 and §, = 0, this
indicates that the BS-IV or MF-IV measure has fully subsumed the information
contained within the other volatility measures.

As noted in the prior studies, the volatility in the above equations contains
measurement errors resulting from heteroskedasticity and serial correlation. Newey
and West (1987) propose a general covariance estimator which remains consistent,

even in the presence of both heteroskedasticity and autocorrelation of unknown form.

10

performance of BS-IV and MF-IV by including them as regressors in the same regression.

In order to avoid the problem of collinearity, no direct comparison is made between the relative ¢ g Bl
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Therefore, we use the Newey and West (1987) variance-covariance estimator in this

study to correct for heteroskedasticity and serial correlation.

4. Empirical Results
4.1 Analysis of the Summary Statistics
Table 1 provides the summary statistics for the annualized volatility levels under
various forecasting horizons covering the period from 24 December 2001 to 22
December 2005. As the table shows, the means of all these four measures are higher
than the mean for realized volatility. Although historical volatility and realized
volatility have roughly equal means, their standard deviations are, however, rather
diverse. Since BS-IV has the highest means for the various forecast horizons, the
argument of Jorion (1995), Fleming (1998) and Bates (2000), that‘ the BS-IV measure
provides upwardly biased forecasts, does seem to gain support from our results.
<Table 1 is inserted about here>

It is also difficult to judge from the maximum and minimum of BS-IV, MF-IV,
historical volatility and GARCH (1,1) volatility, which is nearest to realized volatility;
it is, however, worth noting that all of the maximum volatility estimators for these four

measures occurred on the same day, 20 May 2004, which is the date of the

inauguration of the 11®-Term President and Vice President of Taiwan, together with ..«
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the expiration ddy of the Taiwan index derivatives contracts, thereby increasing the

expiration day effect in terms of return volatility levels.

4.2 Forecast Error Analysis
The results of MAE and RMSE are reported in Table 2, where the numbers in
parentheses are the ranking value; a smaller ranking value indicates better forecasting
ability for the model.
<Table 2 is inserted about here>

As indicated by Table 2, MF-IV performs the best, with the GARCH (1,1)
measure ranking in second place, and most of the MAE and RMSE values for BS-IV
and historical volatility producing the same ranking. This is consistent with our
hypothesis that the MF-IV model may provide better forecasting performance than the
BS-IV model in emerging derivative markets, such as the index options market of
Taiwan, since the effects of market friction could well lead to some misspecification of
the BS-IV model."" In terms of time series, the results showing that the GARCH (1,1)
model outperforms the historical volatility model indicate the existence of volatility
clustering and fat tailing in the Taiwanese equity market.

As reported in Table 1, in the measures provided by each of the BS-IV, MF-IV,

historical and GARCH (1,1) volatility models, the maximum volatility estimations

1" Examples of market friction in the Taiwanese stock market include the price limit rule, short-sale: M

restrictions, transaction costs and index tracking errors.
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occurred on 20 May 2004; however, we also find that the occurrence of maximum
MAE on 20 May 2004 was only discernible between realized volatility and BS-1V,
which is to be found in the (H4) monthly forecast horizon (Table 2). Our results seem
to indicate that it is in fact BS-IV which may be biased, due to the presence of jumps,
as opposed to MF-IV. Thus, the argument of Jiang and Tian (2005), that the MF-IV
model remains valid even in those cases where the underlying asset prices have jumps,
does seem to gain support from our results.

Appendix A reports the 2002-2005 observations on realized volatility and the
forecast volatility levels for the various models for the (H4) monthly forecast horizon;
it is worth noting that after 2004, the ratio of absolute error between MF-IV and
BS-IV (RAEIV) reveals that the MF-IV measure appears to have lower forecasting
errors. In order to check the robustness of our analysis, we further regress this
RAEIV on the spread:

RAEIV, = a + BSpread, + ¢, (11)
where RAEIV, is the ratio of absolute error between MF-IV and BS-1V at time ¢ and
Spread, refers to the bid-ask spreads of the nearby TXO call contracts where the last
buying and selling prices were both greater than iero.

Liquidity is improved as a direct result of the smaller spread, and, as a result of

this improved liquidity, the performance of the MF-IV model will also be enhance’d;«'t ;:f{}/ -
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we therefore expect the sign of B to be positive. Table 3 shows that the coefficient of
the bid-ask spread ( ﬁ) is insignificantly different from zero during period 1; it is,
however, significantly positive at the 1 per cent level during period 2. Furthermore, the
median of the bid-ask spreads (Spread) was 25.4094 during period 1, and 13.6654
during period 2.

The Wilcoxson rank-sum test also supports our earlier observation that, after 2004,
there was a significant reduction in bid-ask spread (at the 1 per cent significance level).
Thus, the MF-IV model appears to perform better with improvements in liquidity
levels within the options market.

<Table 3 is inserted about here>

4.3 Univariate Regression Analysis

Table 4 reports the univariate regression results, showing that the coefficients of the
various volatility measures are all significantly different from zero at the 1 per cent level,
and that the Wald test statistics (Xz-statictics) of the BS-IV, historical and GARCH(1,1)
volatility models are highly significant for each of the various forecast horizons,
thereby indicating rejection of the joint null hypothesis of a =0 and =1 in Equation
(8). This implies that although the BS-IV, historical and GARCH (1,1) volatility
models contain_ information on the forecasting of realized volatility, the estimations

from such forecasting are biased.
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<Table 4 is inserted about here>

On the other hand, the X 2-statictics of the MF-IV model are insignificant, with the
one exception of the (H2) bi-weekly forecast horizon, indicating that we cannot reject
the joint null hypothesis of & = 0 and f = 1. This implies that, as compared to the
BS-1V, historical and GARCH (1,1) volatility models, and with the one exception of
the (H2) bi-weekly forecast horizon, the MF-IV model may be regarded as an unbiased
estimator for the forecasting of realized volatility.

The R’-statictics show that, with the exception of the (H4) monthly forecast
horizon, the BS-IV model has greater explanatory power than that of each of the other
models, with historical volatility demonstrating the lowest explanatory power. Thus, as
the results in Table 4 indicate, although the BS-IV model is biased, a strong

relationship does, nevertheless, exist between this model and realized volatility.

4.4 Encompassing Regression Analysis

The results of the univariate regression show that, relative to the various time-series
models, implied volatility models perform very well. We therefore go on to conduct an
encompassing regression analysis, beginning with an exploration of the informational

efficiency of the BS-IV model relative to the efficiency of the historical and GARCH

(1,1) volatility models, through an examination of their respective encompassing

regressions (Table 5). We then go on to examine the informational efficiency of the St
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MEF-IV model relative to the historical and GARCH (1,1) volatility models.'?

Table 5 reports the forecasting ability and information content of the BS-IV
model. If this model provides greater information as compared to the historical and
GARCH (1,1) volatility models, then we would expect to find the null hypothesis of
Hy: B,7% = 0 in Panel A; and Hy: £,"°“" = 0 in Panel B. As Table 5 shows, it is only in
the (H4) monthly forecast horizon that the historical and GARCH (1,1) volatility
models contain more information.

For those periods which are shorter than the (H4) monthly forecast horizons, the
information provided by the historical and GARCH (1,1) volatility models is already
contained within the BS-IV model. In other words, the historical and GARCH (1,1)
volatility models become redundant when each of these is regarded as a regressor for
inclusion, together with the BS-IV measure, within the same regression. Furthermore,
we also find an increase in explanatory power (ﬁz-statictics) over the forecasting
horizons. If the BS-IV model does have informational efficiency, subsuming all
information contained in the alternative volatility forecast models, then we would
expect the joint null hypothesis of Hy: 8,* =1 and Hy: ;" = 0, where FV1=HV or
GARCH (1,1) holds in all specifications.

<Table 5 is inserted about here>

12

between BS-IV and MF-IV by using the encompassing regression method.

To avoid the problem of multi-collinearity, we do not directly compare the relative efﬁmency Gl
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As Table 5 shows, the Wald test statistics (){Z-statictics) are significant for the
various forecasting horizons in all of the encompassing regressions where the BS-IV
coefficients are significantly different from zero, indicating‘ that the joint null
hypothesis of ,*° =1 and 8, = 0 (Panel A) or 8" = 1 and 5,"*" = 0 (Panel B) does
not hold. Our results imply that the BS-IV model has informational efficiency and
subsumes part, but not all, of the information contained within the historical and
GARCH (1,1) volatility forecasts.

Table 6 presents the results of the encompassing regression in those cases where
the historical volatility measure (Panel A) or the GARCH (1,1) volatility measure
(Panel B) is regarded as a regressor for inclusion, together with MF-IV, within the
same regression. If the MF-IV model performs more efficiently than the historical or
GARCH (1,1) volatility models in forecasting realized volatility, then we would
expect to see all of the MF-IV coefficients (but not the historical or GARCH (1,1)
volatility coefficients) being significantly different from zero in the respective
encompassing regressions.

<Table 6 is inserted about here>
The results reveal that the only strong rejection of the null hypotheses of 8, = 0

in Panel A; and £,°*“ = 0 in Panel B, arises in the encompassing regression on the

(H4) monthly forecasting horizons. It is worth noting that for the (H1) weekl)}
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forecasting horizon, the joint null hypotheses hold for both £, =1 and 5, = 0 in
Panel A, and ," =1 and £,°**” = 0 in Panel B. The results provide further evidence of
the informational efficiency of the MF-IV model over shorter forecasting horizons,
where it subsumes all of the information contained in the historical volatility and
GARCH (1,1) volatility forecasts.

In order to examine whether the informational content of the implied volatility
models may be biased due to jumps, all data for 20 May 2004 is excluded from the
(H4) monthly forecasting horizon sample; this is then referred to as (H4A). As we
can see from H4A in Table 5, although the BS-IV coefficient is still insignificant
when the historical volatility measure is regarded as a regressor for inclusion
together with BS-IY in Panel A, the BS-IV coefficient becomes significant at the 5 per
cent level when the GARCH (1,1) volatility measure is regarded as a regressor for
inclusion together with BS-IV in Panel B. Conversely, as we can see from H4A in
Table 6, the MF-IV coefficient is still insignificant when either the historical or
GARCH (1,1) volatility measures are regarded as regressors for inclusion together
with the MF-IV measure.

Our results appear to provide support for Jiang and Tian (2005), that the MF-IV

model remains valid even where there are jumps in the underlying asset prices. In

general, the results of the univariate and encompassing regressions indicate that the: o e
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implied volatility models outperform the time-series models. The BS-IV model

demonstrates informational efficiency and subsumes most, but not all, of the

information contained within the historical or GARCH (1,1) volatility models.

However, whilst also demonstrating informational efficiency, the MF-IV model

subsumes all of the information contained in the historical or GARCH (1,1) volatility

models for the (H1) weekly forecasting horizon, thereby implying that the MF-IV

model outperforms the BS-IV model over the shortest forecasting horizon for the

remaining life of TXO contracts.

5. Conclusions

This paper compares the relative forecasting performance of BS-IV, MF-1V, historical

volatility and GARCH (1,1) volatility estimators over four major forecasting horizons

using data on nearby TXO call option contracts covering the period from 24 December

2001 to 22 December 2005. We investigate whether the MF-IV model provides better

information content than the BS-IV model in an emerging market.

Following Jiang and Tian (2005), the MF-IV measure is calculated from observed

option prices by employing a curve-fitting method based on a cubic smoothing spline

and interpolation from endpoint implied volatility levels between the available strike

prices. As noted by Jiang and Tian (2005), the MF-IV model considers the aggregate .
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information level across options with different strike prices, whilst the analysis of the
forecasting performance of the BS-IV model generally involves a joint test of market
efficiency and the assumed specific option pricing model. Therefore, since no specific
price dynamic is required, the MF-IV may well provide better information content.

Our results provide evidence to show that implied volaﬁlity models are more
efficient than time-series models in the forecasting of realized volatility. The RMSE
and MAE results show that the MF-IV model remains consistent with our hypotheses.
The univariate regression results show that, as compared to the BS-1V, historical
volatility and GARCH (1,1) volatility measures, the MF-IV measure may be regarded
as an unbiased estimator for the forecasting of realized volatility. The encompassing
regression analyses also suggest that the MF-IV model has informational efficiency,
and that over the remaining life of TXO contracts on a weekly forecasting horizon, the
model subsumes all of the information contained in the historical and GARCH (1,1)
volatility estimators. This is consistent with ap Gwilym (2001), that the forecasting
accuracy of all volatility models is affected by horizon length.

Although we also find that the BS-IV model contains richer information than any
of the other volatility measures, it is, nevertheless, a biased estimator and subsumes
only part of the information contained in the other measures. Our results also show that

whilst the MF-IV measure remains unbiased in the presence of jumps, this is not the
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case for the BS-IV measure. Our findings provide support for the argument of Jiang

and Tian (2005), that the MF-IV model remains valid even where there are jumps in

the underlying asset price.

Since the effects of market friction in Taiwan, such as the price limit rule, short-sale

restrictions, transaction costs and index tracking errors may lead to misspecification of the

BS-IV model, our results are particularly informative for options investors in emerging

derivative markets. Furthermore, the superiority of the MF-IV model over the BS-IV model, in

terms of forecasting performance, is also enhanced by the improving liquidity levels in the

TAIFEX market.
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Table 2 Forecasting errors of the various forecasting methods"

Forecast Total No. Forecast Black-Scholes Model-free Historical 11
Horizons  of Obs. Error® Implied Volatility Implied Volatility Volatility GARCH(1,1)

- 48 MAE 0.0406 (3) 0.0381 (1) 0.0434 (4) 0.0403 (2)

RMSE 0.0534 (3) 0.0498 (1) 0.0596 (4) 0.0527 (2)

o 48 MAE 0.0524 (4) 0.0404 (1) 0.0426 (3) 0.0421 (2)

RMSE 0.0642 (4) 0.0485 (1) 0.0597 (3) 0.0539 (2)

3 48 MAE 0.0441 (3) 0.0386 (1) 0.0487 (4) 0.0417 (2)

RMSE 0.0529 (2) 0.0476 (1) 0.0673 (4) 0.0573 (3)

4 47 MAE 0.0442 (4) 0.0367 (1) 0.0385 (2) 0.0421 (3)

RMSE 0.0575(3) . 0.0468 (1) 0.0565 (2) 0.0587 (4)

Notes:

a

The forecast horizons are based on the remaining time to maturity days of the TXO; these are weekly (H1),
bi-weekly (H2), tri-weekly (H3) and monthly (H4) forecast horizons.

® MAE refers to mean absolute error; and RMSE refers to root mean squared error.

Table 3  Liquidity and relative performance of model-free implied volatility

Periods a i B b ):4
Mean t-statistic Mean t-statistic
Whole Period 1.5490 4.1578** -0.0031 -0.8256 0.0041
Period 1 (2002-2003) 2.3370 3.6158** -0.0105 -1.7175 0.0421
Period 2 (2004-2005) 0.7585 S5.7777*=* 0.0141 6.6624 ** 0.1541

Note:

®  The results are from the estimated univariate regression model in Equation (11).

** indicates significance at the 1% level.

The t-statistics are corrected for heteroskedasticity and serial correlation using the Newey and West (1987)
variance-covariance estimator.

b

c

62



“I0JEWINSI 9OUBLIBAOI-90URLIBA (£86]) 1SOA PUB A5MON oY1 Suisn UOHE[S1IOD [ELIaS pUe AJIS1SEPASOISIaY 10] PajosLiod SIe sosels-} papodal oy,
*[OAI] 94,6 23 38 0UBIGIUSIS [BONISTILIS SAJEOIPUI , PUE “[9A3] 9, SY) I8 90UBOYIUSIS [ROUSIIL]S SIIBIPUL 4,

3

q

(1°0 = g ) 19 ‘s1seypod Ay [[nu oY) JO ONISTILIS 153) PlEA} ) ST X $(g) uonenby ur [spow UOISS2IZAI AJELIBATUN J) JO UOBUINSS S} WWOIJ IR UMOYS SINSAI Y,

S2JON
+x €997 0F 99°0 #+8L66'9 SHr9°0 *009€'7 8I50°0 (I'1) HOAVD
«x99YL Y€ 02£9°0 *#6E6T L 0L85°0 #+£068'E 6vL0°0 ANIEIOA [ESLIOISTH
78€9°C TLISO +€TST'9 L1080 (4[| L8E00 AnneoA parduy 22-[9poy H
«*¥99€°6T 6£19°0 «x9SYL'9 9169°0 LS99'T 70100 AnuefoA pardu] s3joyos-yoeld
»+E0L6°0T £L5S°0 «*$L06'S $L99°0 6906'1T 8050°0 (1'1) HOUVD
#9510 1€ 7580 *0P66Y 90150 «x€9TL'E 766070 ANUR[OA [EILIOISTH
$991°1 6015°0 #1806 SLI6O 8SEY0 L1070 AnnefoA parpduwy oog-[opoy e
% [40STE 01£9°0 *LLIY 11 8€9L°0 118%'1 657070 Apue|oA pardwy safoyos-yoelg
«+6L0S"0€ 9£09°0 +49095°6 00€L°0 05+81 1¥£0°0 (1'D) HOYVD
#x£760'8S 75550 «x$€98'8 YLLS'O #9611y 65L0°0 AN[1EIOA [eOUOISIH
*+6V68°S1 $L6S0 «*8I8Y' 11 S66L°0 SE8ET 9%20°0 Ao pardw] 225-[3po o
*£9.51°99 9009°0 *69€L°11 L0990 «*VSLL'T 91¥0°0 AnpneoA pardwy sajoyag-orld
*PL6VL 98450 £585°8 986L°0 6v0S°1 9620°0 (I'D) HOYVD
«x8670°61 £88¢°0 *+S98€°L £679°0 «*P8LTY 19L0°0 AN[UEIOA [EOLIOISTH
1528°C 0655°0 **ST6Y'L 0988°0 LLYSTO 9€10°0 AnqueoA pardw 2215-[9poIy H
«T1PS8 1950 wx [1€9°L 885L°0 9LLL'T 9.£0°0 Anpne[oA parpduy sajoyds-yorlg
oocw:mam-a UeON ,ousneis-1 uesN UOZHIOY
n_NN N% Q . 0 13POI amso.uuo.m

6007 ABJA 10N T'10A suond(Q pue saimng Jo [ewInof

[ SHNS24 UOISSIAT24 2IDLDAIU[)  p GO




9,1 2Y) 18 9DUBDLJIUTIS [EONSHEIS SOIBDIPUL 4, SJ0JEUIIISS IOUBLIBAOD-SOUBLIEA (£ 86]) ISIM PUB K3mIN 9y SUISN SUONRIP1IOD [BLISS PUE AJOLSEPISOIAISY JOJ PAJOILIOD I8 SOUSHEIS) ST « 2,
I = oy PUE 0 = g 07 “sisoyiodAY [nu oy o d1SHeIS 1591 Plem oy SLEWFO) X 1] = |, T pue = 'gf O *stsoypodAy [[nu Syp Jo onsHEls 159} plEM S stUKY (HDYYD ;

‘AH =144 0= ENM\ pue | = %ﬁ 077 “stsaqpodAy [[NU 3Y) Jo onsNEIS 159) PIeM AU ST S8 X ‘(6) uonenby ur jspowr uoissa1gda1 Jurssedwiosus Y} JO UONBUINSI Y} WO I8 UMOYS SINSAT oY
2JON

“[9A] %46 9Y) 1B 30UBIYIUSIS [BONSTIRIS SAEDIPUI ,, PUE [AJ]. .

13

*+5079°65
+¥PLI' eV
E89°0

*886£'C 9v0t°0
*£L10°T 6¥9¢°0
608¢°1 LETO00

x¥9C6 9

L8Y9°0
*x£18€°C I€1¥°0
000§°1 §T8T0

61TL1 76€0°0

**x89L0°TE
0619°0

96TY 0 ELETO
*£8C0°C £0£9°0
650S°1 $ST0°0

»x097€ 08
819°0

8106'1 0€6¢£°0
x0080°C SOrE0
LLSLT 06200

*SEEY01
1650
L6v8'1 790%°0
£896'1 §324Y

£5¥8°0 9L10°0

woyvo) )
4

Gsa Y
4

d

T—
T

HOUVDY

[

sgd

0

v

(1°1) HOVD pue Anne[oA parjdw] sajoyss-Joeg :g [oued

*x988S V8

€189°0
*£676°T SLLEOD
19681 ¥9€0

0£86'1 99¢0°0

«»ELTSY

€8€9°0
+99LTT 605€°0
PLYS'T e11eo
«TST1'T 0€50°0

«+0100°0%
9519°0

0£9T°0- 8CS0°0-
6797 ¢ 65C8°0
PoTl'l 62200

*+x0[18°€8
08650

L9861 860T°0
*0L8Y'¢ 065¥°0
*xx6691°¢ LSY0'0

#x£661°11
€€9¢°0

6L¥6'0 1S1T°0
*9L90°C 08550
9918’1 SLEOD

UH) ¥
T

9 ¥
T
4
4

AH Y

1
sg¢

0

v

ANIIE[OA [BOLIOISTH pue ANNERIOA patjdw] SA[oyos-orld [V 3ued

o1SHEIS-) UBON

1SHRIS-) UBON

O1siye)s-} UBIN

o1SNEYS-1 UBIN

IH

onsHEIS-} UBIN
L VPH

vH

€H
o UOZLIOH] 15803101

CH

so[qeLeA

Gyypjoa paydut sajoys§-¥o01g 10f Louaroyffs jpuolPuLIOful uo uoissaiSad Sutssoduioousd ay1 fo SINSAY ¢ 2190

6007 ABJAL TON Z'I0A suondQ pue saimn Jo [ewnof

64



1= Es\uﬁ pue g = L.Eﬁ 07 “s1saypodAy [[nu Y3 JO SUSHIE)S 189) PIE Y} STEHNFD) X (] = \EN% pue = [.Eﬁ 07 “sisoqiodAq [[nu oY) JO OTISNEIS 159} PIEA oY) STUH) X (HOYYD h
AH=144) 0=, kﬁ pue | = Eﬁ 0py “stsaypodAY [[nu 3Y3 JO dUSTEIS 1531 PlEM, S ST W) X {(0T) uonenbyg ur opour uolssorgal Jurssedwoous Ay} JO UOHEBWILSS 1) WO ST UMOYS S)NSa1 Y],

€

210N
*+8EV0'0S ++9879°SY - - - ss:@\
- - 998¢°'S «891€°€T 8SEE'S Ssmx
$159°0 L8790 §595°0 SL190 L8850 A
*+18PT°S 06£9°0 SEYLY v¥29°0 79981 £3240) 0rs6'1 810t°0 $200°C ELIFO Hoursl
LISY0 6580°0 $6S1°0 v1£0°0 1€L€°1 SPRE0 «0b60°C 9£0b°0 *1LEO'T $905°0 wd
LSSS'T 69£0°0 1£98°1 10500 95¥6°0 L1T0°0 KT 1020°0 OLY1'0 $£00°0 v
(1°1) HOYVD pue Aue[op paydwy ssi-[9poN g [dUed
wx[TEPEL «*800€ €Y - - - ssux
- - £€01°€ **TTS0'TT 901$°€ Ssﬂx
10S9°0 vS19°0 9750 766570 1095°0 A
#xPLSS°9 SP19°0 «*908%'S 6L95°0 6961°1 0€¥T0 L69Y' ££TT0 €LEO'L 69270 e
£60£°0 8550°0 L¥OT°0 12€0°0 6£06'T 6£95°0 x0196'C €LES0 +€0E1°T £8€9°0 wnl
«H08€°C 1650°0 “61LY'T $TLOO 8911 1€€0°0 *6TH0'T 0¥£0°0 9€9L°0 £020°0 p
Kyre[0A [BOLIOISIH PUE AYI[IE[0A Patjdw] 30-[SPON 1V [dUBd
o1s11R)S-) UBIN J1IST)E)S-} UBIN onsne)s- UBIN onsneIs-] UeIN onsnels-} UBIN
,VH vH ¢H H 1H So[qeLIEA

oUOZLIO 1589010

Anpupjoa pandu 224f-jopous 4of Louarorffo JpuoypuLIoful UO uo1sSaiSad Suissoduiooua ayj fo spnsay 9 aIqu]

“V{H UO SUONBAISS]O 9 AJUO 31T 210 ‘SPIOM ISYI0 Ul ‘PIISIP $00T BN 0T 103 elep 3y} yim adures yH oy} 10j s Swes 9y} ST VHH U0 ejep 4L

6007 ABIAl 10N T'10A suondQ pue saImnyg Jo [ewInof



"VH UO SUOIIRAIISGO 9f ATUO SIE QIS ‘SPIOM ISR0 UI P3IR[SP $O0T ARl 0T 10] €I1ep U yim d[dutes yH 9y} J0J S SWEs oY SI Y{ U0 eep oy,
"[OA3] %S Y3 & 20uRdTUSIS [EONSTIE]S SAJEOIPUT , PUR ‘[9A3]

%1 SU) Y& 2dUROYIUSIS [EONISHEIS SAIEDIPUT 44 IOJBWIISS SOUBLIBAOD-30URLIBA (£861) IS9M PUE AomaN oy} SuIsn SUOTIR[OLIOD [BLISS PUB AJIO1ISEPIYSOISIAY 10} PIIOSII00 I8 SINSHEIS-] oy, q

600T KB [ON Z'[0A SuondQ pue samin, jo [ewnof

66



69L0°1SC 806%°0 9881°0 8CST0 £081°0 800T°0 S091°0 Taquiadag £00T BQUISAON 0T

057981 00200 S00Z°0 £V91°0 [RVARY SI61°0 SILTO JPqUIBAON £00C 13q0100 €T
LTLLIT ¢100 [4%44] LILT0 ThL10 1€0T°0 6991°0 12q0100 £007 1oquiandag g1
0056°L8 LTlo LTVT0 6L61°0 8L61°0 8950 £681°0 Toquiaydag £007 1sndny |7
1TY8'v9 PEEL0 LESTO 9EYT0 69070 Y6170 £00C°0 sndny £00T AIn( $T
LLSE9E 9€LS0 9HTO 8§10 SL810 °6LTO0 S61C°0 Amg €00 dunf 61
SOITL 8L01°C £EVT0 86970 $81T0 123 44 ¥$eT0 sunf £00T KB 7T
000t'8 8899°8 99LT0 L0ST0 ¥LOTO LEVYTo S8YT0 Aey £00C 1udy €T
0005 v1 0059°0 192¢°0 $98C°0 LT8TO 96TL0 95610 udy £00C YoIeN 0T
6ELTYL SLIS'S £0£e0 SL6TO 6LvT0 9LLTO w870 YoIeN £00T A1eniqaq 07
L9109 LEITT ev9T0 S0ET0 ¥S61°0 6L0T°0 99970 Areniqoq €007 Arenuer 91
69L8°61 yiel'e 8CEC0 $861°0 910T°0 68770 yIvTo £007 Arenuer 00T 1equusda( 61
987861 1950 69820 9970 1v8T°0 891¢°0 Yereo 1oquIads(f 00T 13QUILAON [T
EEEL'IS 9TYs0 139040 9.0 £90€°0 987¢0 86LT°0 13qUILAON 2007 1290120 v
LS8S'6 S069'C £69¢°0 £867°0 LILTO 08I0 890¢°0 124010 2007 Joquisydag 61
SYO1°ST LSYLO 629C°0 1S¥€°0 5670 8LI€0 687C°0 Taquisydag 700T Isndny 77
L99¢t'ey L6ST1 PEIE0 ¢81E0 110€°0 e0e0 £91€°0 isngny 200T AInf §T
L9T9°¢l LLEL'6 69LT°0 £6ST0 65570 69670 910¢°0 Ang 200T {unf 0T
£E19°81 P681°0 148240 L8TE0 $0ST0 £CLT0 6€$T0 sunf 2002 A2 €T
evILST 1928°¢ Yveo £6L10 86¢T1°0 L8TTO 109T°0 AeW z00¢ 1udv 81
L991°0¢ ¥8TY 0 yi8T 0 66LT0 860T°0 6¥9T°0 £9TC°0 [udy 00T YaIeN [T
00SL’E6 €901 £L8T0 L6LT0 86¥C0 991¢£°0 w8T0 YoleN 2007 Arenuqay 17
005T'CE 0850°0 0£62°0 §6Ce0 106C°0 9L80 8v6CT0 700T Arenigay 200T Arenuer /]
101rq 2)njos 11e[o 1MmejoA parndur 1nejoA pardu 11efo
s e BOWO ok Vmeon wesoun o N a

SUOZLIOY JSDO240f (PH) Ayiuowl Aq ‘Sjapoul SnoLva fo AJ1j1Ivjoa 1sp2a40f pun 11pjoa pazipay [V 31991

V xipuaddy

6007 A8 1ON Z'T0A suondQ pue saimng Jo [ewInof



$00T 19GUISAON H -

91¢9°91 LEVS0 1091°0 LE9T0 8¢ST0 0891°0 £5C1°0 Ioquiaoa(g

919 [444 0! 19LT°0 SL10 1224%Y 139484 LISTO 19qUISAON §00T 1990120 0T
0006'C 0¥08°0 89¢1°0 £6C1°0 [72481) eIsT’0 00€1°0 12903190 $00T Joquydas 77
688911 01¢80 0LT1°0 69C1°0 ¥LT10 Y0e10 LETTO Toquiaydag §00T 1sndny 4
PT86°S1 ¢L08°0 0911°0 1660°0 06S1°0 $891°0 1611°0 sn3ny S00T AInf 1T
650L°T1 96610 61210 8CI1°0 0vel o [45 4%V, 80C1'0 Amng S00T sunf g
Iv6v'y L¥L80 SOr1°0 1§21°0 Siv1o 1Lv1°0 §201°0 sunf 00T A2 61
128344 99680 0081°0 ¥8S1°0 8¢ST0 L8ST'O SYelo Aey 00T 1udy 17
12389 4 9L0T'1 1ZE1°0 9¢01°0 9LT1°0 0621°0 86€1°0 Judy S00T UdIeN €7
£50L°6C 600¥°0 [£:1 440 10£1°0 1A EANY 06£1°0 9¢1°0 yorey $00T Areniqa 1
120691 09¢95°0 We10 26010 6891°0 04810 1010 007 Atenuef 00T 1oquuiade( £T
(Ul L8890 8¥81°0 8091°0 8807°0 8LTTO L991°0 Isquada( 00T 19qUI2AON 81
0005°0C 9evL 0 9881°0 0¥91°0 110T°0 SEIT0 0591°0 19QULAON ¥00T 1290100 1T
0s29v1 890¥°0 vi6lo 0L91°0 89L1°0 9L61°0 97910 189010 00T Joquiardag 77
SH08°'S 9789°0 1261°0 6Z81°0 £9¢T0 yisTo £CLT’0 Iquardag $007 1Sn30Y 61
005¢°C ¥rL9°0 89¢T°0 620T°0 11sT0 G88C0 SELTO susny #002 AI0f 7T
$T90°9 SELSO LOEE'0 0T 0 SLT0 6L7¢°0 ¥r0T0 Ang $00T dunf
005991 6CCS°0 86CH'0 orsyo 9¢5¢°0 SLEV'O 91970 sunf $00T A2 0T
0000°7¢ S686'1 £96T°0 ¥85T°0 11£C°0 1820 9Le€0 Ae 002 11dv 2Z
SEC99 01€60 869¢°0 [452%Y 18L2°0 97870 LLITO udy ¥00T YoleN 6T
0080201 £C61°C 6¥S1°0 (43284 [4340V 8LLT'O 890T°0 Yoley 00T Areniqai 61
L1pS61 8679t £€991°0 9%1°0 TS0 8¥91°0 9691°0 Arenigoq 007 Arenuef g7
001$'C 999¢°1 S8L10 9991°0 SEV10 LOY1°0 SSST°0 ¥00g Arenuef £00T 12quIad( TT

10117 91Nn[os 1i3e[0 1nefoA pardur 113e[0A pardu e
s o w0 O Ve s pey N ona

6007 ABIN 10N Z'T0A suondQ pue sarmjn Jo fewnof

(pruo)d) [-v a19o]

68



