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Abstract

In this paper a new measure of Greek stock marketotatility based on the implied volatility of
FTSE/ATHEX-20 index options is proposed. Greek Impéd Volatility Index is calculated using
the model-free methodology that involves option pdes summations and is independent from the
Black and Scholes pricing formula. The specific mébd is applied for the first time in a

peripheral and illiquid market as the Athens Excharge.

The empirical findings of this paper show that thee is a statistically significant negative and
asymmetric contemporaneous relationship between inlied volatility changes and the
underlying equity index returns. Finally, the volatlity transmission effects on the Greek stock
exchange from two leading markets, namely the New ofk Stock Exchange and the Deutsche

Borse, are tested and documented.
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1. Introduction

This study develops a new implied volatility index the Greek stock market, based on the model-
free methodology of the new VIX. Implied volatility the expectation of the market participants for
the future volatility of the underlying asset dgrithe maturity of an option and thus, is consideced

be the market forecast of future realized volatilit

The concept of a volatility index based on optioiecgs came forward soon after options began trading
in organized marketsGastineau (1977) was the first researcher tdeesolatility index by taking

the average implied volatility of at-the-money agdtions on 14 stocks. Galai (1979) developed an
option index for each individual underlying stoekjile Cox and Rubinstein (1985) improved
Gastineau’s effort by adding in their calculatioarencall options for each stock and weighting them

in such a way in order to make their index at-thaay and with a constant time to maturity.

Separately, Brenner and Galai (1993) proposedl@edavolatility index for the currency market.

Yet, the breakthrough in this area was the intridoof VIX by the Chicago Board Options
Exchange (CBOE) in 1993. VIX was based on the ved\&Whaley (1993) and very quickly became
the benchmark risk index for the US market. VIX¢c@ding to Fleming et al. (1995), extends the
previous efforts in two important ways: first, gas options on an index and not on individual stock
emphasizing on the systematic risk, which is thk tiat investors should be interested in. Second,
VIX employs both call and put options, while theyipus efforts used solely calls, increasing ir tha
way the amount of information captured by the indellowing the example of CBOE, other
exchanges introduced their own volatility indicBgutsche Borse developed in 1994 the VDAX,
while French Marctides Options Bociables de Paris (MONEP) introduced in 1997 mdides, the
VX1 and VX6. In September 2003, CBOE re-launcheH {the new VIX) using a new methodology

based on the work by Demeterfi et al (1999a) faipg variance and volatility swaps.

In practice, a volatility index can be used as ageunlying asset in derivative products. Deutsche

Borse was the first exchange to list, in 1998, tarks contract with an underlying asset an implied

! The Chicago Board Options Exchange (CBOE), whiek established in 1973, was the first organizedketar
for options. Specifically, on April 26, 1973 begéue trading of 911 option contracts on 16 differgioicks
(source: Chicago Board Options Exchange).



volatility index (the VDAX), while CBOE, on Marcha2 2004, listed futures on VIX and on February
24, 2006 introduced options on VIX. Alternativeln implied volatility index can be employed as an
input variable in calculating Value-at-Risk (VaR).academia, on the other hand, research has
focused on implied volatility mainly in three wayke first class of research deals with variousdass
related to the difficulties in the determinationimiplied volatility. For example, there is eviderafea
skew pattern in volatility implied by Black and $tés option pricing model, where deep-in-the-
money or out-of-the-money options are associat¢id kigher implied volatility than at-the-money
options (e.g. Hull and White, 1987 and Merton, 1)9T®&e second class of finance literature focuses
on the relationship of implied with realized voli&i that is the information content of implied
volatility and its ability to predict future readid volatility’. Interestingly, the third category that deals
with the contemporaneous association between ichpldatility and underlying index returns is
rather limited in finance literature (we can indiecaly mention Fleming et al, 1995; Whaley, 2000;
Giot, 2005). According to Giot, this could be ditried to the perception that markets are efficaek

thus no variable — including implied volatility -am provide abnormal returns.

With respect to the above framework, this papepgses an implied volatility index for the Greek
market — from now onward referred to as GRIV (GRaflied Volatility) — calculated with the
model-free methodology used for the calculatiothefnew VIX. Additionally, the asymmetric
negative relationship between the changes of GRf/the underlying stock index returns is tested
and documented, and finally the linkage of GRIVhathie two leading implied volatility indices, VIX

and VDAX, is analyzed.

The contribution of the current research is thatlfe first time, at least to our knowledge, the/ne
model-free methodology is applied to a small madsethe Greek one. Indeed, the construction of a
volatility index for the Greek stock market is dealjing, since it is a relatively new market (the

Greek derivatives market was established in Augi®8®, while the first option contracts were listed

2 An extended review of forecasting volatility camfound in Poon and Granger (2003) and Andersanh et
(2005).



in September 2000) with limited liquiditand market participants. There are of course r@tiempts
to create a volatility index for a peripheral markeskiadopoulos (2004) proposed an index for the
Greek market and Shannon and Pillay (2006) foSieth African oné— but both use the old
methodology of VIX, which is based on the Black-8lels (1973)/ Merton (1973) pricing formula. On
the other hand, Gonzalez and Novales (2007) angl (Bi®07) propose indices for Spaand Kore&
respectively, using the new methodology, but detl substantial markets that cannot certainly
qualify as peripheral. Furthermore, the most sigaift contribution of this study is that its empdi

findings prove the suitability of the new VIX mettaogy for less developed and illiquid markets.

The second contribution of the current paper isitreudies the stock market integration using
implied volatility and not realized returns andigaces, which is the method that the overwhelming
number of researchers have implemented (indicgtiether studies that use implied volatility are
Aboura and Villa, 1999; Nikkinen and Sahlstrom, 208ij6, 2008). The use of implied volatilities
means that market participants’ expectations afutute volatility/ uncertainty are tested rathearth

the actual stock price movements.

The rest of the paper is organized as followsntiad section includes the definition of implied
volatility and a brief review of the two oldest ambst influential implied volatility indices, VIXrad
VDAX. Section three describes the calculation mdthogy of GRIV and its statistical properties,
while section four examines its relationship whie tinderlying index. Section five analyzes its
association with the corresponding US and Germéatility indices and section six includes the

concluding remarks.

® The daily average volume of the future on FTSE/&X-20, which is the most liquid product, was 9.833
contracts for 2006, while the daily average volwhehe options on the same index was 2.520 cost(gource:
Athens Exchange).

* South African Futures Exchange (SAFEX) dissemmateimplied volatility index (SAVI) from the seabn
quarter of 2007.

® In 2006, the annual and average daily tradingmelsi of the Ibex -35 futures were 6,4 million and0R®
contracts respectively and the annual and averaigyetcading volumes of the Ibex 35 options werg Bijllion
contracts and 22.000 contracts respectively (Soluteerid Stock Exchange).

® In 2006, the annual and average daily tradingmelsiof the KOSPI 200 futures were 46,6 million cacts
and 188.688 contracts, respectively and the aramdhbverage daily trading volumes of the KOSPI @pfions
were 2.414,4 million contracts and 9,8 million gawts (Source: The Korea Exchange).



2. Implied Volatility
2.1 Definition

An analogy between interest rates and volatilitgtdbutes in the understanding of the latter. Tdle r
of interest rates in the pricing of the bonds isiparable to the role of volatility in the pricing o
options (Derman et al, 1998). Initially, volatilityas just an input variable in the Black-Scholesorp
pricing formula. As every bond has its own yieldhtaturity (YTM), every option has its own implied
volatility; in essence, YTM is the implied returhaach bond. In the same way as each YTM is
converted into a particular bond price, throughdiseounting of the corresponding cash flows, each

implied volatility is translated, through the Blagkholes formula, into a particular option price.

The Black-Scholes is, without a doubt, the pred@miroption-pricing model, even though its
assumption'sdon’t hold completely. According to Black-Schol#se theoretical price of an option is
a function of five variables: the underlying pritiee strike price, the time to maturity, the instnate
and the volatility of the underlying asset durihg maturity of the option. Since many options are
listed in organized exchanges, besides their thieat@rice, they also have a market price deteeghin
by demand and supply, which could be considergdeaair” price. In this case, using the Black-
Scholes formula and the market price, and sincefiwer inputs are objectively known, we can imply

the volatility that market participants are expegtior the period until the expiration of the optio
2.2 Implied Volatility I ndices
2.2.1 The Original VIX

The calculation of the original VIX (from now on waéll refer to the old VIX as VXO, which is the
ticker that CBOE currently uses) is based on tlezBIScholes (1973)/ Merton (1973) option
valuation modél In particular, it is constructed from the impliealatility of four pairs of call and put

options on the S&P100. Those specific options awe hear-the-money options for the nearby expiry

" In particular, the assumptions of Black-Scholesthe following: lognormal distribution of stockiuens,
constant volatility, constant interest rates, fidhge of the short selling proceeds, no taxesranddction costs,
infinite divisible securities, continuous tradingdarisk neutral investors.

® The construction of VXO is described in detaiVithaley (1993, 2000) and Fleming et al. (1995).



and four near-the-money options for the secondayeaxpiry. The nearby options series are
considered as the series with the shortest tinegpaation (with at least eight days to expiratiang
the second nearby option series, as the serié® dbliowing expiry. The prices used to compute
implied volatilities are the midpoints of the biddaask prices. VXO is constructed in a way to
represent the implied volatility of a hypothetiagéthe-money option on S&P100 with a constant
maturity of thirty calendar days (22 trading day®)e index uses a fixed maturity because implied

volatility changes as the expiration of the undedyoptions changes (Fleming et al., 1995).
2.2.2 The new VIX®

The new VIX differs from VXO in two ways: first, éitwo indices use different underlying assets; the
new VIX calculation is based on options writtentba S&P 500 index instead of the S&P 100 that the
original VIX was using. Of course the two indicee well correlated, but the S&P 500 is considered
to be the primary U.S. stock market benchmark. S8ecitne two indices use a different method of
calculation for the implied volatility. The new VI independent of any model, as it no longer selie
on the Black-Scholes/ Merton model. The mathemiatiase of the calculation of the new VIX is no
longer the implied volatility, but the implied varice. It is based on the concept of fair valueutfre
variance developed by Demeterfi et al. (1999a)iamalculated directly from market observables,
which are independent of any pricing model, sucthagrices of out-of-the-money call and put
options and interest rates. Furthermore, the nexvddlculates expected implied volatility from the
prices of a strip of options with a wide range toike prices and not just at-the-money strikeshas t

original VIX did.

The concept of a model-free implied variance iteiefrom the introduction and growth of variance
swaps. It made its first appearance in Dupire (1984 Neuberger (1996) and subsequently, it was
enhanced by various researchers, including CarMadthn (1998), Demeter et al. (1999a, 1999b),
Britten-Jones and Neuberger (2000), Bakshi, KapadiaMadan (2003), Carr and Wu (2005) and

Jiang and Tian (2005a). The calculation of the &M is based on the work of Demeterfi et al.

° A detailed description of the new methodologytaf implied volatility index can be found in ChicaBoard
Options Exchange publication: “The VIX white paper”



(1999a), but, as Jiang and Tian (2005b) show, @hadology is theoretically equivalent to the

model-free implied variance formulated in Britteannds and Neuberger (2000).
2.2.3VDAX

In 1994, the Deutsche Borse launched a family @lied volatility indices based on the DAX index
options. In particular, it created eight volatilgyb-indices, one for each DAX options expiry date
(from 2 to 24 months). Each sub-index is calculdbedugh 2 pairs of options, each with the same
exercise price, one above and one below the c#dclfanal forward price for the respective expiry
date. The concept of the volatility sub-indices basn designed in order to allow for easier utiiocra
as an underlying asset for a derivative productteadact that just four ATM options are used per
maturity, allows the replication of the indices. eTYIDAX, the main German implied volatility index,
is calculated through a linear interpolation of te sub-indices which are nearest to a remairifeg |
of 45 days. The calculation of VDAX is quite sinmita the original VIX, but differs in two respects:
First, the reference period is 45 calendar dagsead of 30 that are used in the former; there@is n
adjustment to trading days as being done in the \@¥cond, the underlying price for calculating the

ATM position is the forward price of the underlyitmmaturity considered.

Deutsche Borse, following the example of CBOE, qmil&0, 2005, replaced VDAX with VDAX-
new, which uses the same model-free methodologlyeohew VIX, and additionally has a rolling

fixed maturity of 30 days instead of the originaldays.



3. Construction of the Greek Implied Volatility Index (GRIV)
3.1 Construction methodology of GRIV

For the calculation of GRIV we use the daily clgsprices of the options on the FTSE/ATHEX-20
index, from January 2004 to December 2007, retddram the official website of the exchange
(www.adex.ase.gr). FTSE/ATHEX-Hindex was the first Greek equity index that wasduas an
underlying asset in the derivatives market; optimmshe particular index were first listed in
September 2000. There are totally six Europeamoteries trading in Athens Exchange (ATHEX)
corresponding to the three months of the quarteleqMarch, June, September, December) and the

remaining three nearest months; the expiration idaget on the third Friday of each expiry month.

The closing prices are selected — instead of tive pif last trade or the midpoint of the bid ankl as
prices (the calculation of VIX uses the mid-prideéhe bid-ask spread) — firstly, because the ligyid
of the derivatives market of ATHEX is limited arftetdaily volume of the options is small and
secondly, because the closing price is not simpégttrade price; it is rather a settlement price
calculated based on an algorithm (in essence aweglgverage) and hence, closing prices are less
prone to manipulation or imprecision. The advantigde closing prices, compared to the mid bid-

ask spread, for the illiquid Greek market is aleafied by Skiadopoulos.

It is noteworthy that the existence of market mglaffsets, at least partly, the limited liquiditych
depth of the Greek derivatives market, since mariakers are obliged to offer continuously bid and
ask prices for three pairs of near-the-money opt{éor the ATM strike and one strike above and
below) for the two nearest expiries and for othgiams upon request (quote request). However,
sometimes, prices are not available for an adequat#er of options; in that case using the put-call
parity we calculate the theoretical price of theg®-the-money options, which, in fact, don't affe
the value of the implied volatility index, sincepst of the times, they are not used directly in the

actual calculatiott, given that only the call options with strike mricigher thaiK, and the put options

19 FTSE/ATHEX-20 index consists of the twenty largarterms of market capitalization, companies, afiqus
sectors, listed in the Athens Exchange.

' The reason for calculating them has to do morh thi¢ practical function of the model.



with strike price lower thal, that is, only the OTM options, are used. Nevertbelen the rare cases
that these deep in-the-money options are usecinaleulation of GRIV, because of shortage of
actual prices, the output should not be considita@eked, since the common practice (Petsas and
Porfiris, 2002) of the market participants in ATHEépecially of the market makers, is to quote bid
and ask prices based on the conversion and remeeetionships of the future with the options on

FTSE-ATHEX 262

It is worth mentioning that one modification of ttypical methodology of implied volatility indices,
and indeed a computation weakness of GRIV, has twith the rollover of the option series used in
the calculation as its expiration arrived=or the Greek volatility indé% the options of the first month
are used until the very last day of their life ,cgirthere are no available prices for the optiorthef

third month to replace them in the calculationghis point, we should point out that, since the
implied volatilities of each expiry are linearlytémpolated in order to calculate GRIV, the weighsin
and thus the importance, of the volatility impliegithe option series of the first month weaken
gradually as their expiration day comes. Thusnémrest expiration options, as time goes by, have a

diminishing effect on the value of GRIV.

The general formula for the model-free calculatdiGRIV, which is based solely on observable

variables, such as option prices and interest isates follows:

2
, 2K, 1( F
= S AR W (K, - 1
T 2 & W)=

1)
where:

c GRIV /100=> GRIV =c * 100

12 Reversion consists of selling the future and siamgdously buying a call and selling a put, whilev@rsion
consists of buying the future and simultaneouslyngea call and buying a put.

3 That is, as the expiration of the options of tingt fnonth is coming, the calculation of the indtsould be
based on the option series of the second montlthwbimains, and the option series of the third imonhich
replace the first month.

1n the VIX calculation, the options with eight daip expiry are dropped and the third-month optianes
added.



T =My +* M giement _day T M remaining_aay) / TOt@l _number _of _minutes_in_the_ year
Where: Mogay = number of minutes until midnight today
Msettementday = Number of minutes from midnight until 14:00 dre settlement
day”
M emaining days = total minutes between today and the settlemayt d
F Forward index price based on the options prices

F = strike__ price+ e~ x (Call — Put)
K Strike price of out-of-the-money option i - FotlsawhenK; > F and for puts, whek; < F
AK;  The difference between strike priteghalf the distance of the strike prices above baldw

K...—-K,
K)): AK, :%

K, The nearest (round down) strike price to the fodyaice F
R the risk-free raté
W(K;) the settlement price for every option with ak&tpriceK;

In contrast, Skiadopoulos (2004) also proposedrguiéd volatility index (GVIX) for the Greek market
but his proposed calculation method is based oBlaek’'s (1976) model. Furthermore, due to liqudit
issues, he differentiates from original Whaley’'stmoel, as he uses four options, instead of eigivo-for
each of the two expiries. Furthermore, he takesdonsideration only the first OTM call and thesfir
OTM put for each expiry and calculates, througkdininterpolation, the ATM option implied volatjlit
Then, the thirty-day rolling fixed maturity implieblatility is derived by interpolating between the

implied volatility of the two expiries.

!5 For the last day of trading, that is the thirddBsi of the expiry month, the final closing/ sett&mprice is
calculated for 2004 and 2005 at 16:00 and for 28862007 at 14:00.

18 AK for the lower strike price is simply the differenbetween the lowest strike price and the followiigher
one and respectively, for the higher strike prisehe between the highest strike price and follgaower one.

7 The risk-free rate used is the appropriate EURIEB&o0 Interbank Offered Rate), which is publisiesery
day by the Fédération Bancaire Européenne (httywWwsuribor.org).
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3.2 Properties of the Greek Implied Volatility I ndex (GRI V)

The daily evolution of the GRIV level price frometfirst trading day of 2004 to the last one of 2007
is shown in Figure 1. The highest price, 30,12%s vemched on May 26, 2006 and the lowest one,

that is 14,19%, on November 11, 2005, a total raridge,93%.

Regarding the descriptive statistics of the indeabfe 1), the mean is 19,97% and the median is
19,70%. The positive skewness is implying a longght tail and the kurtosis, which is above 3 — the
value of the normal distribution — implies fattail$. Furthermore, the fact that the mean of thiky da
change in GRIV is virtually zero, suggests thatehie no trend in GRIV prices. The autocorrelations
for the levels of implied volatility are positiveignifying that the autocorrelation function decays
exponentially to zero, and suggesting a long-merpoogess. On the other hand the evidence of
negative autocorrelations for daily changes in ietplolatility suggests a mean reversion process.
The first and second order coefficients are -0yid-20,027 respectively. The significance of
autocorrelations is tested with the Ljung-Box Qista (Table 2). In order to investigate whethee t
implied volatility time-series are stationary, tuggmented Dickey-Fuller (ADF) unit root tests are
conducted. The results of the ADF test statistioat lags (the number of lags is determined utireg
Schwarz criterion) and without a time tréhdre reported in Table 3. Using a 1% significamsel,

the null hypothesis of a unit root is rejected hiotthe cases of the level and the changes of thelG

volatility index.

In an effort to detect the normal level for GRIVe wxamine the mean value and the range of the
index, for the whole period under examination, &f @as for every single year (Table 4). It is quite
obvious that calendar years 2004 and 2005 wergy/maim, as they were characterized by a tight
range in the implied volatility levels and rathewl maximum prices. In contrast, years 2006 and 2007
can be described as pretty volatile, as both thaman price and the range of GRIV are much larger.
It is worth mentioning that almost 50% of the dalita points of GRIV in 2006 are larger than the

maximum price of 2005, while in 2007, the respecpercentage was 25%. In addition, the 16 largest

'8 Due to the nature of volatility, it is plausible assume that there is no time trend in volatsiigyies in the long
run. Nonetheless, the ADF tests were also perfonwittda time trend and the results are similartifermore,
the results are not sensitive to the number of lesgsl.
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observations (27,53% - 30,12%) in the four-yearqaeare reported in the global market crisis of
May-June 2006. In conclusion, we could commentithiatquite difficult to determine a normal price
for the Greek Implied Volatility index, since evargriod is quite different. However, it should be
reported that during the four-year period, GRI\dI@etween 18,28% and 21,53% half of the times,

while on 90% of the total 1.004 trading days cloketiveen 15,47% and 24,87%.
4. Relationship of the implied volatility index with the underlying stock market

The relationship of stock market returns and exqeedsk/ volatility is well documented in academic
research. The pioneers were Markowitz (1952) ardnr¢1958) who were the first to relate the
expected return of a portfolio with its standardidgon, establishing the modern portfolio theory,
which seeks the maximization of return for a gilerel of risk. Sharpe (1964) presented a model for
measuring portfolio risk along with the return tiatestors should expect for bearing that risk, the
celebrated Capital Asset Pricing Model (CAPM).He following years, numerous researchers have
recorded the empirical relationship between stoakket returns and expected volatility. Among
others, Black (1976), Christie (1982) and Frenahv&rt and Stambaugh (1987) provided evidence
of a strong negative relationship of market retand ex post calculated expected volatility.
Furthermore, Black (1976) and Schwert (1989, 1@@@umented the asymmetry of the return —
volatility relationship; that is the increase irpexted volatility related to a given decrease efdtock
market price is larger than a respective decreasgpected volatility related to an equal increafse

the stock market price.

In the implied volatility indices literature, th@idence on a strongly asymmetric negative
contemporaneous correlation between the impliedti¥ity index and the underlying index returns,
although limited, is overwhelming. In particulatefing et al (1995), Whaley (2000), Giot (2005)
and Carr and Wu (2006) all identify the statisticaignificant negative contemporaneous relatiomshi
between VIX and S&P100 returns, also confirmingabgmmetric effect. With reference to studies
dealing with other volatility indices — Simon (20G8d Giot (2005) for the Nasdaq 100 Volatility
Index (VXN), Skiadopoulos (2004) for the Greek GV IBonzalez and Novales (2007) for the

Spanish VIBEX-NEW and finally Ting (2007) for theokean KIX — the findings are consistent.
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Guo (2002) shows how the negative risk-return i@lailocumented in these studies can be reconciled
with the positive risk-return trade-off derivedrindhe above stated theories of modern portfolio
theory. According to Guo, due to the fact that tititp is serially correlated, returns relate pogty

to past volatility and negatively to contemporarewalatility. In particular, past variance is pogty
related to returns because it contains informadioout conditional variance or risk. On the otherdha
the contemporaneous relation between returns akdsrnegative because of a volatility feedback
effect; that happens because a positive innovatieariance at present implies higher expectedréutu
variance and, thus, higher expected future retumnstder for future expected returns to be higher

though, the innovation in variance must be accoregbloy a drop in the stock index level today.
4.1 Data

In this study, the Greek Implied Volatility index ¢onsidered the proxy for expected risk and the
FTSE/ATHEX-20 index proxies the stock market, inedfort to examine the relationship between
volatility and stock returns. Figure 2 shows thidydavolution of the two indices for the period 200

2007. For the empirical analysis the logarithmicines are calculated:

FTSE/ ATHEX 20t
.= In( ) (2)
FTSE/ ATHEX 20,

We note that besides the daily returns (1.003 ebsiens), we also calculate the weekly returns (207
observations) of FTSE/ATHEX-20 from Wednesday todMésday, in order to avoid any
miscalculation issues regarding on the one hatwdexpiration of options on every third Friday of th
month and on the other, any pricing anomaliesdnksprices related to the week of the day or

weekend effedt.

The mean daily return of the underlying index 8333% and its standard deviation is 1,07%, while
the mean weekly return and standard deviation &&5%6 and 2,42% respectively. The return time
series exhibits negative skewness, that is lorejetdil and the kurtosis suggests fatter tailg as

exceeds the value for the normal distribution (€abl The Jarque-Bera statistic robustly rejeas th

¥ \Weekend effect is the reported phenomenon in simrkets according to which stock returns in Morsdane
significantly lower than the returns of the precegkriday.
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normal distribution hypothesis for both daily andekly returns. The autocorrelation is close to zero
but the Ljung-Box Q statistic isn't statistical sifjcant and thus, we cannot reject the no-serial
correlation hypothesis (Table 2). Also, the resoftthe unit-root tests, using again the augmented
Dickey-Fuller test (Table 3) indicate that the tigexies of both daily and weekly stock market meur

are stationary.
4.2 Methodology

Three methods are employed in order to test tlatioakhip of stock market returns and implied
volatility, specifically correlation and regressianalysis and the Granger causality test. For the
empirical analysis, we follow the example of Flegat al. (1995), and we use the changes on the
value of GRIV rather than its level. According to Fleming et tilis selection is based on three
reasons: first, both academics and practitionersrderested in the changes or innovations of
expected volatility. Second, if stock prices follawandom walk, assessing the relationship stodk an
volatility indices in levels may prove to be spwso At last, implied volatility indices’ levels as

appear to be near random walk.

Initially, we check the correlation of the dailytuens of the underlying index, FTSE/ATHEX-20, with
the daily changes of GRIV. In the regression anslyge test the relationship of the weekly retuwhs

FTSE/ATHEX-20 with the weekly changes of GRINGRIV,)*.
R, FTSE/ATHEX-20 = ¢ + lAGRIV, (3)

Subsequently, the asymmetric relationship of FTSHEEX-20 and GRIV is examined, by separating

the changes of GRIV into positivé\{ GRIV, ) and negative & GRIV, ) and regressing them against

the returns of the underlying index.
R FTSE/ATHEX-20 = a\"GRIV, + bA GRIV, 4)

An additional statistical measure for evaluating telationship of implied volatility with the

underlying index returns is the Granger causadiy.tA time series y is said to cause another time

? AGRIV, = GRIV; - GRIV,; , where GRIV is the value of the index.
2L Weekly returns and changes from Wednesday to \\éeldiye
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series x, if past values of y improve the preditiod the current value of x. The concept of “caigal

is much more limited than that of the common usthefterm. According to Hamilton (1994), “a
variable y fails to Granger cause x if for all § the mean squared error (MSE) of a forecast.of x
based on (xX.1, . . . ) is the same as the MSE of a forecast.gthat uses both {xx.1, . . . ) and (y

Vi1, - - .)". The Granger causality test assumeswvaidables are generated by a stationary process, th

means that the properties of a time series araffetted by the time origin.
4.3 Empirical Results

For the total 1003 daily observations, the coriatatoefficient is equal to —0,09. This number is
lower than the reported coefficient of Skiadopoyl@s17). Nevertheless, the correlation coefficient
increases significantly if, instead of daily datants, weekly observations are used; in this casiag

207 observations, the coefficient reaches -0,32.

Regarding the regression analysis, the resultsrootifie existing literature, as there is a statagti
significant negative relationship between FTSE/AMED and GRIV. The regression output (Table

5) is as follows:
R FTSE/ATHEX-20 = 0.003944 + -0.5985N&RIV,

The positive coefficient of the constant is constdiereasonable given the fact that the period under
review was extremely positive for the Athens Exaj@atock returfé The negative coefficient of
AGRIV, can be interpreted as follows; if, for example,GRses 100 basis points (1%), the
incremental return of FTSE/ATHEX-20 (without coresithg the constant c¢) will be +0,5985%. The

opposite applies in case of a positive change dVGR

Next, the asymmetric relationship of FTSE/ATHEX-&@d GRIV is examined. The findings suggest
that a positive change in the implied volatilitglex results in a larger negative return of thelstoc

index, than an equivalent negative change:

R; FTSE/ATHEX-20 = -0.668748 GRIV, +-0.48201%\ GRIV,

22 FTSE/ATHEX-20 index stood at 1.194,23 on 02/01/266Ad on 31/12/2007 stood at 2.752,48 (total return
+230%).
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The meaning of the above regression is that if G&#lines by 100 b.p. (-1%), the return of the
underlying stock index will be +0.482%, while, iRB/ goes up by 100 b.p. (+1%), the return will be

—0.6687% (Table 6).

The asymmetry of volatilif§f, in stock markets, according to Black (1976),aased by a leverage
effect, that is, when the stock price of compamngréases, the debt-to-equity ratio increases, lgadin
higher volatility of equity returns. The oppositaldis, when stock prices rise. It is noteworthyt tha
new model-free construction of implied indices uaegder range of call and put options and thus

deals more effectively with volatility asymmetry.

In concluding, Table 7 includes the results of@ranger causality test for two lags; the change of
GRIV Granger causes the returns of FTSE/ATHEX-&&e aull hypothesis is rejected) and the
opposite also holds, that is the returns of FTSEEX-20 cause the change of GRIV. The results are
consistent even when the time lags increase. @dinfjs contradict Skiadopoulos, who reported that
only the returns of FTSE/ATHEX-20 Granger causect@nge in volatility and the opposite isn’'t

true.
5. Volatility spillover effects
5.1 Data

In this section, we examine the transmission effe€the volatility of the New York Stock Exchange
(NYSE), as proxied by VIX, and the volatility ofdlbeutsche Borsas proxied by VDAX, on the
volatility of the Greek market, as proxied by GRi\Figure 3 shows the daily evolution of GRIV,
VIX and VDAX for the period 2004-2007; to the extéhat the spread between the two volatility
indices measures the difference of the riskineskefwo countries, it is normal to record that the
average price for GRIV, for the period under reyié@s is higher than the average prices of VIX and
VDAX. In particular, as shown in Table 8, the meatue of GRIV is 19,97% (median 19,70%),

while the respective number for the VIX is 14,6588,63%) and for the VDAX 17,83% (17,27%).

23 A negative stock return leads to higher volatjlityan an equivalent positive return.

24 All three indices are calculated based on the sapael-free methodology.
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In order to investigate whether the implied voigtitime-series are stationary, the augmented Bicke
Fuller (ADF) unit root tests are conducted. Theailtsof the ADF test statistic at four lags and
without a time trend show that, using the 1% sigaiice level, the null hypothesis of a unit root is
rejected only in the case of the Greek volatilitgex, whereas a unit root is not rejected for thero
serie$’. However, after differencing, all the series aggisnary, as the null of a unit root is soundly

rejected for all three time-series (at 1% signiiica level).

As a preliminary analysis of the cross-dynamicthefimplied volatility indices the contemporaneous
and one-lag cross correlation coefficients for b#hlevels and the daily changes are calculated. |
particular, the correlation coefficient of the leeé GRIV with the contemporary level of VIX is
+0,28, while with the level of the previous day#%30. Respectively, the correlation of the daily
changes of the two indices is +0,08 and +8,10n the other hand, the correlation of the le¥el o
GRIV with the contemporary level of VDAX is highéhat is +0,38 — very close to the correlation
with the level of the previous day, which is +0,38e daily changes correlations are +0,&d6

+0,125 respectively. Thus, the results indicate theimplied volatility indices are correlated.

In concluding this section, we should note that @utne time difference, the U.S. underlying market
opens for trading exactly at the same time thattdminuous trading stops in ATHEX, that is at 16:3
Greek timé’ — which is also the ending time for the calculatid the options closing prices —
therefore the prices and returns of the two indioethe same calendar day, cannot be technically
characterized as contemporaneous. That's whygicohtext of this paper, we mainly take into
consideration the price of VIX of the previous dape time lag). Certainly, due to the dual listirgs
US stocks in the European bourses and the virtealyinuous operation of the US derivatives

exchanged, we also consider the prices and changes of thérslices of the same calendar day. On

% The null hypothesis of a unit root for the levefghe US and the German volatility index is regettising the
5% significance level.

% The respective coefficients in Skiadopoulos arallmn that is +0,13 for the levels and —0,02 far daily
changes.

27 After 16:30, the call auctions take place; thelitig on the closing price is allowed until 17:00em the stock
exchange closes for the day.

8 The electronic trading platform of Chicago MerctilExchange, known as GLOBEX, operates 23 haurs
the day.
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the other hand, the German market closes at 18:88kGime, thus there are no implications

regarding the time differences.
5.2 Methodology

In order to examine the relationship between thekeats, the vector autoregressive analysis (VAR)
and the Granger causality test are used. The eatrioranalysis of implied volatility crossovers

could be done either in levels or in changes. Gihanthe time series of implied volatility changes
are stationary, vector autoregressive (VAR) modgedind Granger causality test are performed for the
differenced series, in order to examine the crgssuhics of implied volatilities. Furthermore, the
levels of the indices incorporate idiosyncraticeasp, like the specific country risk, and additibna

it makes intuitively and logically more sense tewase that the change in the level of VIX or VDAX
will lead to a change in the level of the Greeklieghindex (Aboura and Villa, 1999). Finally,

implied volatility is not an unbiased measure @limed volatility (Poon and Granger, 2003) and thus

using the changes in the implied volatility levekxjuces the effect of this bias.

The vector autoregression (VAR), popularized by S{&980), is commonly used for capturing the
dynamic structure of interrelated time series. VétRlyzes every endogenous variable as a function
of the lagged values of all the endogenous varsaibl¢he system. The mathematical form of the used
VAR system is:

AGRIV =a®®" + > bV AVIX, , +> ¢V AVDAX , +> dFVAGRIV, , +&*°Y
i=1 i=1 i=1 (5)

AVIX =a"™ + > B"™ AVIX, ; +> ¢ AVDAX , +Y d" AGRIV, , +&"™

i=1 i=1 i=1

AVDAX =a"™™ 1+ 3" BPXAVIX , +) 6P AVDAX , +Y dP*AGRIV, , +&'P

i=1 i=1 i=1

Where, AGRIV, AVIX and AVDAX, the daily changes of the implied volatilitydices, are the

endogenous variables, b and ¢are matrices of coefficients to be estimated,ersda vector of
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innovations that are not serially correlated — tiveght be contemporaneously correlated with each

other — and are also uncorrelated with the paseprof the endogenous variables.

To define appropriate lag lengths of the VAR moflehl prediction error (FPE), Akaike’s

information criterion (AIC), Hannan-Quinn’s infortman criterion (HQ), Schwarz’s criterion (SC)
and likelihood ratio tests (LR) are used. A VAR@)del is chosen since the results from both FPE
and AIC suggest a lag length of four, while acaogdio Schwarz’s and Hannan-Quinn’s criteria a lag
length of two and three respectively is approprihileelihood ratio test, on the other hand, selects
lag length of ten. Furthermore, the adequacy ofabdength is confirmed by the fact that theraas

autocorrelation in the residual terms.

In the following section, the empirical findingstbe VAR analysis and the Granger causality test ar
reported. Furthermore, the speed at which the ligtanovements are transmitted from the leading
markets, that is the US and Germany, to the Greskehis tested and the extent that a movement in

the American or German market can explain the shotke Greek market is examined.
5.3 Empirical Results

In Table 9, the summary statistics of the estinmatésults of VAR system are reported. The F-
statistics show that the VAR(4) model is highlyrsfigant, the adjusted Ranges from 0.041 to
0.127. The coefficients, when analysing the ddilsirge of GRIV, varies from 0,019 to 0,75. We
notice that the changes of VIX are, in generatjsteally more robust and have the higher

coefficients.

The contemporaneous correlations of the resifflaishe daily changes of the three implied volstili
indices are presented in Table 10 and demonstrsit@ntaneous causality between the markets, that is
the degree that new information that generatedaareal return in one market is shared within the
same period by the other two markets. The empiresllts are totally consistent with the previously

reported correlation coefficients.

% The residuals or innovations characterize abnouwiatility index changes not forecasted despite th
available past information (Aboura and Villa, 1999
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Subsequently, we apply two empirical uses of th&ryAamely the impulse response analysis and the
variance decomposition. An impulse response functiongeneral, traces the reaction of an
endogenous variable to one of the innovationsahtiqular, it tracks down the effect of a one stdd
deviation shock to one of the innovations on cureem future values of the daily changes of theioth
two implied volatility indices. The results (Taldé) show the interaction of the three indices, jrgv
that there is, of course, no effect either on VRA/®AX from a Greek shock; on the other hand, the
answer of the GRIV to a shock on VIX escalatehindecond day and, quite surprisingly, the Greek
response lasts for five days before it disappétegarding the relationship with the biggest Eur@zon
market, we notice that the Greek response is muetier — almost half compared to the response in

the US shock — and moreover it only lasts for twgsd

Variance decomposition, on the other hand, provadesferent method of describing the system
dynamics. Specifically, it separates the variatioan endogenous variable into the component shocks
to the endogenous variables and thus, it givesnmdaon about the relative importance of each
random innovation to the three variables in the VARe empirical findings of the variance
decomposition indicate the negligible influencehad Greek Implied Volatility index to the US and
German one, but also show that almost five percktite Greek error variance can be explained by
the VIX innovations and a much lower percentagat, ihh1,5 percent, can be explained by the VDAX

innovations (Table 12).

The results of the Granger causality test are tegan (Table 13). Regarding VIX and GRIV, the
Granger test for four time lags, proves that thydhange of VIX causes the change of GRIV, that
is, the null hypothesis is rejected, but the opfpadbesn’t stand, that is, the null hypothesis that
AGRIV doesn’t Granger cauge/IX cannot be rejected. These findings contradida&opoulos,
proving that the correlation of the volatility dbsk market returns across the globe have increased
dramatically. Similarly, regarding the relationshipVDAX and GRIV, the Granger causality test
again for four time lags, proves that the dailyrdeof VDAX causes the change of GRIV, but the
opposite doesn't stand, that is, the null hypoth#®tAGRIV doesn’'t Granger cauae/IX cannot be

rejected.
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6. Conclusion

This article describes the construction of an iegpNolatility index for the Greek stock market ldhse
on a model-free methodology that uses option psaesmations. This is the methodology used for
the calculation of the new VIX and differs signéitly from the “traditional” volatility implied byhe
Black and Scholes formula, which assumes that stauket returns follow a lognormal distribution
and that volatility remains constant throughoutrtiegurity of the option. Additionally, this
methodology is computationally less intensive drabtetically more sound for the illiquid and

immature Greek derivatives market.

After calculating the Greek Implied Volatility ind€GRIV) and describing its basic descriptive
statistics, we analysed its information contentirding the returns of the underlying stock index,
namely the FTSE/ATHEX-20. In particular, the threethods employed — cross correlations,
regression analysis and Granger causality tesbvegrthe statistically significant negative
relationship between the changes of GRIV and themnes of FTSE/ATHEX-20. Furthermore, we also
confirmed the asymmetry of this relationship, assivewed that a positive innovation in GRIV has a
larger negative effect on the underlying index metthan an analogous negative innovation has. The
fact that the results are consistent with exislitegature verifies that the new model-free metHodyp

is also successfully applicable to less developedliguid markets as the Greek one.

In the last section of the paper, we analyzedétaionship among GRIV, VIX and VDAX, which are
the implied volatility proxies of two of the mostfiuential global markets. The econometric analysis
included a vector autoregression (VAR) analysis@rahger causality tests. The empirical findings
showed a spillover effect from the leading marketthe developing Greek one with the influence of
the US volatility index to be more pronounced. Tihdings suggest that forecasting the change of

GRIV is enhanced by the inclusion of the daily ap@anf VIX and VDAX.

Finally, future research regarding the Greek intplielatility index could include testing its abjlito
forecast the future realized volatility of FTSE/AEM-20. Additionally, the forecast ability of a

potential combination of historical and implied aulity could be tested.
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APPENDIX

Table 1 — Summary Statistics GRIVAGRIV and FTSE/ATHEX 20 returns

GRIV AGRIV . Weekly
Daily returns
returns
Mean 0.199715 2.34E-05 0.000833 0.003853
Median 0.197020 -2.00E-05 0.001261 0.007905
Maximum 0.301160 0.060980 0.052403 0.048296
Minimum 0.141930 -0.049590 -0.058094 -0.089796
Std. Dev. 0.027232 0.006736 0.010770 0.024247
Skewness 0.578047 0.446838 -0.446822 -0.899185
Kurtosis 3.813703 20.26011 5.022973 3.951469
Observations 1004 1003 1003 207
Table 2 — Autocorrelation of GRIV, AGRIV and FTSE/ATHEX 20 returns
Autocorrelations 1 2 3
GRIV 0.969**  0.948*  0.929*
AGRIV -0.160**  -0.027*  0.112**
Daily returns 0.061 0.003 -0.039
Weekly returns 0.042 -0.132 0.024
*k Identifies correlation significant at the 1% kv
* Identifies correlation significant at the 5% léve
Table 3 — Unit root tests of GRIV,AGRIV and FTSE/ATHEX 20 returns
Augmented Dickey-Fuller (ADF) test
GRIV -3.741**
AGRIV -13.37**
Daily returns -29.77*
Weekly returns -13.76**
Critical Value for 1% significance level: -3.44**
5% significance level: -2.86*
Table 4 — Percentiles of GRIV
Mean Median Range Minimum Maximum # of J Percentiles
Price Price_Observation 99.00% 95.00% 75.00% 50.00% 25.00% 5.00%  1.00%
2004-2007 19.97% 19.70% 15.92% 14.19%  30.12% 1004 27.81% 24.87% ®1.5319.70% 18.28% 15.47% 145
2004 19.70% 19.36% 6.40% 17.42%  23.81% 253 2256% 22.19% 20.76%9.36% 18.44% 17.82%  17.5
2005 17.59% 17.74% 7.48% 14.19%  21.67% 250 21.11% 20.65% 18.949%.73% 16.11% 14.61%  14.4(
2006 21.91% 21.59% 14.77% 15.35%  30.12% 249 29.93% 27.63% 23.5M04.59% 20.14% 17.95%  15.89
2007 20.69% 20.55% 12.30% 15.18%  27.48% 252 2694y 2570% 21.63% 20.19% 18.89% 15.92% 15.459
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Table 5 — R FTSE/ATHEX-20 = ¢ + AGRIV

Variable Coefficient Std. Error t-Statistic Prob.
C 0.003944 0.001525 2.586720 0.0104

AGRIV -0.598515 0.168749  -3.546785 0.0005
R-squared 0.099683 Mean dependent var 0.003853
Adjusted R-squared 0.095291 S.D. dependent var 0.024247
S.E. of regression 0.023063 Akaike info criterion -4.691559
Sum squared resid 0.109040Schwarz criterion -4.659359
Log likelihood 487.5764 F-statistic 22.69764
Durbin-Watson stat 1.948361 Prob(F-statistic) 0.000004

Table 6 — R FTSE/ATHEX-20 =a. A'GRIV + B AGRIV

Variable Coefficient  Std. Error t-Statistic Prob.

A'GRIV, -0.668748  0.163779  -4.083224 0.0001

AGRIV, -0.482015  0.202330  -2.382322 0.0181
R-squared 0.075416 Mean dependent var 0.003853
Adjusted R-squared 0.070906 S.D. dependent var 0.024247
S.E. of regression 0.023372 Akaike info criterion -4.664962
Sum squared resid 0.111979Schwarz criterion -4.632762
Log likelihood 484.8236 Durbin-Watson stat 1.864150

Table 7 — Granger Causality TestAGRIV and return of FTSE/ATHEX-20)

Null Hypothesis (Lags: 2)

Obs F-Statistic ~ Probaltity

AGRIV does not Granger Cause R FTSE/ATHEX20
R FTSE/ATHEX20 does not Granger CanseRIV

205 0902 0.00292
5.91287 0.00320

Table 8 — Summary Statistics of implied volatilityindices (Jan 2004 — Dec 2007)

VIX VDAX GRIV AVIX AVDAX AGRIV

Mean 0.146509 0.178381 0.199715 8.02E-05 -1.28E-05 2.34E-05
Median 0.136300 0.172700 0.197020 -0.000550 -0.000600 -2.00E-05
Maximum 0.310900 0.314200 0.301160 0.071600 0.043400 0.060980
Minimum 0.098900 0.116500 0.141930 -0.069900 -0.045500 -0.049590
Std. Dev. 0.037127 0.037060 0.027232 0.010701 0.009443 0.006736
Skewness 1.564687 0.726608 0.578047 0.278645 0.511586 0.446838
Kurtosis 5.597914 3.070032 3.813703 11.01142 6.021508 20.26011
Observations 979 1000 1004 978 999 1003
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Table 9 — Vector Autoregression Estimates

Sample (adjusted): 6 1000

Standard®imo( ) & t-statistics in [ ]

AVIX AVDAX AGRIV
AVIX(-1) -0.189164 0.372588 0.070952
(0.04007) (0.03382) (0.02513)
[-4.72094] [11.0182] [2.82296]
AVIX(-2) -0.153603 0.174928 0.072650
(0.04601) (0.03883) (0.02886)
[-3.33839] [ 4.50492] [2.51724]
AVIX(-3) 0.012355 0.145811 0.038360
(0.04621) (0.03900) (0.02899)
[ 0.26736] [ 3.73883] [1.32337]
AVIX(-4) -0.050385 0.042272 0.032199
(0.04312) (0.03639) (0.02705)
[-1.16860] [1.16173] [1.19058]
AVDAX(-1) 0.063577 -0.304239 0.055235
(0.04761) (0.04018) (0.02987)
[1.33526] [-7.57133] [1.84940]
AVDAX(-2) 0.079733 -0.105029 0.019051
(0.05018) (0.04234) (0.03147)
[1.58907] [-2.48031] [ 0.60530]
AVDAX(-3) -0.010444 -0.111410 0.075231
(0.04942) (0.04171) (0.03100)
[-0.21132] [-2.67117] [2.42680]
AVDAX(-4) -0.006762 -0.088952 0.025127
(0.04510) (0.03806) (0.02829)
[-0.14996] [-2.33731] [0.88831]
AGRIV(-1) -0.115777 -0.014625 -0.206700
(0.05550) (0.04684) (0.03481)
[-2.08618] [-0.31225] [-5.93777]
AGRIV(-2) -0.073742 0.009736 -0.087663
(0.05648) (0.04767) (0.03543)
[-1.30561] [ 0.20426] [-2.47439]
AGRIV(-3) 0.009061 -0.049059 0.092654
(0.05595) (0.04722) (0.03510)
[0.16193] [-1.03895] [2.63998]
AGRIV(-4) -0.051998 0.004406 0.025758
(0.05763) (0.04863) (0.03615)
[-0.90231] [ 0.09059] [0.71258]
C -9.97E-05 -0.000216 -7.00E-05
(0.00036) (0.00030) (0.00023)
[-0.27726] [-0.71107] [-0.31065]
R-squared 0.054314 0.139415 0.096096
Adj. R-squared 0.040994 0.127294 0.083365
Sum sq. resids 0.095029 0.067682 0.037390
S.E. equation 0.010561 0.008913 0.006625
F-statistic 4.077736 11.50203 7.548189
Log likelihood 2715.421 2862.194 3118.850
Akaike AIC -6.248372 -6.587731 -7.181157
Schwarz SC -6.176793 -6.516153 -7.109579
Mean dependent -0.000108 -0.000199 -4.35E-05
S.D. dependent 0.010784 0.009541 0.006919
Determinant resid covariance (dof adj.) 2.74E-13
Determinant resid covariance 2.62E-13
Log likelihood 8847.175
Akaike information criterion -20.36572
Schwarz criterion -20.15099
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Table 10 — Residual correlations of VAR(4)

| AVIX AVDAX AGRIV
AVIX 1.000000 0.530366 0.113348
AVDAX 0.530366 1.000000 0.120989
AGRIV 0.113348 0.120989 1.000000

Table 11 — Impulse response analysis

Response to Cholesky One S.D. Innovations +2 SEE.

Response of D_VIXto D_VIX Response of D_VIXto D_VDAX Response of D_VIXto D_GRIV
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Table 12 — Variance decomposition

Variance Decomposition oA_GRIV:

Period S.E. AVIX AVDAX AGRIV

1 0.006625 1.284775 0.515572 98.19965

2 0.006823 2.781889 0.704572 96.51354

3 0.006861 3.581998 0.704656 95.71335

4 0.006942 3.968133 1.458623 94.57324

5 0.006962 4.466678 1.462146 94.07118

6 0.006966 4.498938 1.493188 94.00787

7 0.006967 4.503280 1.498322 93.99840

8 0.006967 4.505045 1.502450 93.99250

9 0.006968 4.516205 1.502289 93.98151

10 0.006968 4.516203 1.502334 93.98146

Cholesky OrderingAVIX, AVDAX, AGRIV
Table 13 — Granger Causality Tests

Null Hypothesis (Lags: 4): Obs F-Statistic Probattity
AVDAX does not Granger Cauag/IX 865 0.90640 0.45955
AVIX does not Granger Caug®/DAX 31.3840 2.0E-24
AGRIV does not Granger Caus¥1X 874 1.69041 0.15010
AVIX does not Granger CaugésRIV 10.9812 1.1E-08
AGRIV does not Granger CauA®¥DAX 985 0.20229 0.93715
AVDAX does not Granger CaugésRIV 11.0078 9.8E-09
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Figure 1 — Daily price of GRIV (period 2004 — 2007)
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Figure 2 — Daily price of GRIV and FTSE/ASE 20 (peiod 2004 — 2007)
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Figure 3 — Daily price of GRIV, VIX and VDAX (period 2004 — 2007)
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