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1 Introduction
The history of financial instruments dates back to as far as 1750 B.C. when forward contracts

were created using Mesopotamian clay tablets. Gelderblom and Jonker (2004) report evidence
that options and forwards were used in grain deals in Amsterdam already in 1550. By the
beginning of 1900 active option markets had developed in New York, Paris, London and several
other European cities. There was a decent level of sophistication in these markets and Kairys
and Valerio (1997) show that tail events were priced already in 1870s in the US financial

markets.

Since then, derivative markets have grown exponentially and the value of outstanding
contracts reached USD 583 trillion in June 2010 (Bank for International Settlements, 2010).
Even though derivatives allow transferring risks to market participants who are able and willing
to bear them, inaccurate assessment and limitation of risks can lead to financial disasters (e.g.
cases of Metallgeselschaft, Barings, and Long Term Capital Management). Some of these
failures can arguably be attributed to lack of understanding of the complex and non-linear risk
structure of derivative instruments. In this outset, elimination of risk or hedging in derivative
market has become of utmost importance. Ideally, theory of derivative pricing provides a
framework for elimination of risks associated with the derivative position that can be achieved
using both dynamic and discrete hedging techniques. However, practical implementation of
various hedging strategies is extremely complex due to different market restrictions and market
microstructure characteristics (e.g. transaction costs, liquidity constraints). The various
characteristics of markets dictate that there is no uniform hedging framework that would be
equally efficient across different market classes and regions (see Sim and Zurbruegg (1999), and
Rao and Thakur (2008)). Thus, pricing and hedging derivative instruments is subject to risk
associated with the use of misspecified financial models or the so called model risk. According
to Stix (1998), it can account for 20-40% of losses on derivative positions. Apparently, the use of
more sophisticated derivative pricing and risk management tools has given rise of yet another

type of risk.



This paper aims at evaluating performance of different hedging strategies in option
market in Sweden. In particular, by deploying five different hedging techniques we will try to
answer the question of which type of non-stochastic models and in what market regimes
provides the best hedging performance for OMX Stockholm 30 (OMXS30) index plain vanilla call
options traded on the NASDAQ OMX Stockholm. To capture different market characteristics we
apply not only the traditional Black-Scholes-Merton (BSM) model, but also hedging techniques
that account for non-normal skewness and kurtosis of index returns, as well as negative
correlation between implied volatility and the index. Due to the fact that derivative markets
across regions differ in their characteristics a separate analysis and application of various
hedging techniques in the Swedish market is relevant and could provide useful insights for

individuals or institutions willing to trade on the NASDAQ OMX Stockholm.

The paper begins with characterization of the OMXS30 returns and volatility. Next, we
develop three hypotheses on model hedging performance. Section four provides a
comprehensive literature review and is followed by methodology. Section six provides data
description, which is followed by empirical findings. Section seven includes a review of
empirical findings on hedging performance. At the end of the paper we provide concluding

remarks, research limitations, and suggestions for further research.

2 Characteristics of the OMXS30 Index Returns
Visual inspection of the plot of OMXS30 index returns (natural logarithm; see Figure 1) indicates

that large movements are followed by large movements, and low movements are observed
after low movements. This is the so called volatility clustering, which implies that the OMXS30

index return volatility varies over time and tends to be mean-reverting.



Figure 1: Natural Logarithm of OMXS30 Historical Returns
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Table 1 and Figure 2 show the correlation and dynamics of the OMXS30 index and

the

ATM implied volatility of option contracts over the sample period. As predicted by Derman

(1999), the two are negatively correlated. This implies that adjustments to the original BSM

delta that account for this relationship (i.e. local delta) are likely to provide significant

improvements in hedging performance.

Table 1: Correlation Between the OMXS30 Index and the ATM Implied Volatility

Full Sample -0.76

June 2007 - June 20008 -0.43
July 2008 - June 2009 -0.77
July 2009 - June 2010 -0.64
July 2010 - March 2011 -0.88

Figure 2: Dynamics of the OMXS30 Index and the ATM Implied Volatility
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Descriptive statistics for absolute and natural logarithm of both the OMXS30 and the

ATM implied volatility are reported in Table 2.

Table 2: Descriptive Statistics for Absolute and Logarithmic Values of the OMXS30 Index and
the ATM Implied Volatility

Level Logarithmic First Differences

OMXS30 ATM Implied Volatility OMXS30 ATM Implied Volatility
Mean 955 0.28 -0.0001 -0.0002
Median 966 0.25 0.0000 -0.0043
Minimum 568 0.10 -0.0751 -0.5923
Maximum 1312 0.80 0.0987 0.5364
Standard Deviation 171 0.11 0.0183 0.1296
Skewness -0.33 1.79 0.2762 0.0302
Excess Kurtosis -3.57 1.02 0.3399 -1.3197

Both descriptive statistics and the histograms below imply that returns of the OMXS30
index are not normally distributed and have excess kurtosis and fat tails. Non-normality in the
third and fourth moments indicate that hedging approach adjusting for skewness and excess
kurtosis (i.e. skewness and kurtosis adjusted delta) can deliver a better result than the BSM
delta hedge. Figure 3 represents the distribution of the OMXS30 index returns since its
inception on September 30, 1986. These returns have excess kurtosis of 1.35 and non-normal

skewness of 0.06.

Figure 3: Log Returns of the OMXS30 Index Since 1986 vs. Normal Distribution
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Figure 4 represents the distribution of log returns of the OMXS30 index for the sample

period. The plot clearly shows that these returns are not normally distributed.

Figure 4: Sample Period Log Returns of the OMXS30 Index vs. Normal Distribution

o |
[y
o
o
=
w
[
4]
(]
o |
L= T T T T T
-1 -.05 0] .05 A
LnRetOMX30

2.1 OMXS30 Implied Volatility
Table 3 in the Appendix illustrates the average BSM implied-volatility values across five

moneyness and three maturity categories for the entire sample period and selected four sub

periods, which are selected one year in length.

BSM implied volatilities demonstrate a U-shaped pattern which corresponds to volatility
smirk in options market both looking at the whole sample and sub sample periods. Deep ITM
and OTM calls return the highest implied volatility values. Furthermore, volatility smirks are the
most pronounced for short-term options indicating higher mispricing compared to the BSM
model. For given sub periods long-term option implied volatilities demonstrate more of a linear
shape (see Figure 5 in the Appendix for illustration). Bakshi, Cao, and Chen (1997) report that
the volatility smirk is indicative of negatively-skewed implicit return distributions and excess
kurtosis. Thus, an appropriate model for hedging purposes should be based on a distributional

assumption that controls for negative skewness and excess kurtosis.



One can observe that the implied volatility spread between short-term and long-term

options widens during the crisis period (July 2008 — June 2010), with implied volatility for short-

term options being higher than that for long-term options. An explanation for this pattern

might be that during turbulent market periods investors are less exposed to gamma risk on

long-term options, thus, their position is less affected by market movements.

Figure 6 demonstrates the implied volatility surface for OMXS30 options in the sample

period. The exact shape changes from day to day and across contracts with different maturities.

We observe particular swings in the surface that correspond to periods of market turmoil.

Options with shorter maturity are more volatile across different strike levels compared to

longer dated options. We see elevated volatility levels as options approach their maturity.

Figure 6: Implied Volatility Surface for Sample OMXS30 Call Options
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Figures 7, 8, and 9 in Appendix plot implied volatility surface of long-, medium-, and

short-term maturity options during the second half of 2008 and are representative of general

pattern observed. Based on the plots, short-term options are more volatile than medium- and

long-term options over comparable sub periods of the sample. The pattern is observed across



all sample periods. During market turbulences short-term options are also more sensitive to

changes in price of the underlying.

3 Hypotheses

Characteristics of the OMXS30 index returns and call options suggest that traditional
hedging models that assume normal distribution of index returns and/or constant volatility
might not be optimal for hedging OMXS30 call options. There is a need for hedging techniques
that account for non-normal return distribution and negative correlation between implied

volatility and the OMXS30 index.
Hence, we form three hypotheses regarding hedging model performance:

Hypothesis 1: Skewness and kurtosis adjusted hedge delivers lower hedging errors than

the BSM hedge;

Hypothesis 2: Hedging model accounting for negative correlation between implied

volatility and the underlying asset delivers lower hedging errors than the BSM hedge;

Hypothesis 3: On average, regression-based hedge delivers lower hedging errors than

the BSM hedge.

The third hypothesis stems from Jarrow (2011) who shows that theoretical estimation of
hedge parameters using historical estimation procedure is always correct. Thus, a regression
based hedge that uses market data as inputs would not account for any market characteristics
on a separate basis, but rather it would include various effects that are priced by the market.
We expect this approach to provide better results on average compared to the BSM model

(with performance being less superior in times of high volatility).

4 Literature Review

4.1 Black-Scholes-Merton Model
Despite the fact that Bachelier (1900) had documented several fundamental option pricing and

hedging concepts already in the beginning of the twentieth century, they were not united into



one comprehensive model until the beginning of the 1970’s. A revolutionary step in
formalization of option pricing and hedging was done by Black, Scholes (1973), and Merton

(1973) with the introduction of the BSM model. Assumptions behind the BSM model are:

— possibility to borrow and lend cash at a known and constant risk-free interest rate;

— price of the underlying asset follows geometric Brownian motion with constant drift and
volatility, returns of the underlying are lognormally distributed;

— no transaction costs, taxes or bid-ask spread, no dividend payments;

— itis possible to buy any fraction of a share;

— no restrictions on trading and no arbitrage opportunities.

Even though the practical applicability of the model has been questioned due to its
restrictive assumptions, the BSM model has served as one of the benchmark tools for pricing
and hedging options since its inception in 1973 thanks to its straightforward and simple
application. In order to fit the BSM model to option characteristics observed in the markets

several extensions of the model have been designed.

The need for dynamic hedging is one of the most controversial assumptions of the BSM
model. Black and Scholes (1973) conclude that "it is possible to create a hedged position,
consisting of a long position in the stock and a short position in calls on the same stock, whose
value will not depend on the price of the stock." They argued that in order to make the
portfolio riskless one has to perform a stream of dynamic hedges. Derman and Taleb (2005)
claim that in reality dynamic hedging is virtually impossible due to limits on continuous trading.
They also find that from an economic point of view it is difficult to maintain a zero cost position
due to high transaction costs. Additionally, if hedging is performed in discrete time, the
portfolio bares risk between rebalancing periods. However, Wilmott (2006) considers that high
frequency hedging is realistic in highly liquid markets where cost of buying and selling is close to
nil. However, in less liquid markets the trader would incur loss due to the bid-ask spread and

hence would be forced to hedge less frequently.



Similarly to Black and Scholes (1972), Boyle and Emanuel (1980) use the BSM framework
to analyze the distribution of returns on a hedged portfolio that is rebalanced at discrete time
intervals and consists of a European call option and its underlying stock. They find that
increasing hedging frequency reduces the variability of excess hedge returns. Galai (1983) finds
that hedging at discrete time intervals does not significantly affect mean returns from a hedging
position but it increases its variance. The issue of hedging derivative risks in a similar way has
also been addressed by Leland (1985) and Bhattacharaya (1980). Boyle and Vorst (1992)
developed a perfect hedging strategy with transaction costs using binomial tree that was based
on Cox, Ross, and Rubinstein (1979). Whereas Zhao and Ziemba (2007) use simulations to prove

that an exact hedge at the limit cannot be achieved even if rebalancing intervals approach zero.

As to the BSM assumption regarding volatility, Melino and Turnbull (1995) find that the
BSM hedging framework with constant volatility assumption produces relatively small errors for
short- and medium-term options, but it performs worse for hedging long-term options. Bron
(2005) tests hedging with constant and non-constant volatilities on the Dutch AEX and S&P 500
index and finds that hedging performance using non-constant volatility is not superior to that of
constant volatility. Meanwhile, Lam, Chang, and Lee (2002) report that hedging performance of
a more advanced asymmetric variance gamma option pricing model is poor compared to the

traditional BSM model.

4.2 The Optimal Delta
Realizing that volatility is not constant over the life span of an option, a trader using the BSM

model has to continuously change the volatility assumption in order to match the market price.
Crépey (2004) shows that this leads to hedge ratios that are effectively out of the trader’s
control. Thus, it is often observed that trader’s positions are affected even if they are perfectly
hedged according to the BSM N(d;) hedge ratio. Hull and Suo (2002) show that delta-neutral
hedge does not immunize position because of misspecification in the BSM model. Derman
(1999) proposes that the size of delta should depend on market conditions. He claims that
under highly volatile market conditions when index and volatility are likely to move in opposite
directions, the optimal hedge ratio should be smaller than the BSM delta. The opposite holds in

trending markets when volatility and index are likely to move in the same direction — the



optimal hedge ratio should be larger than the BSM delta. Based on empirical evidence, Mixon
(2002) suggests that the optimal delta should be lower than the BSM delta. Evidence that
optimal deltas are different from the BSM delta is provided also by Bakshi, Cao, and Chen
(2000a), Coleman et al. (2001), and Lam, Chang, Lee (2002). Vahdamaa (2003) uses data on the
FTSE 100 index to show that adjustments to the BSM delta to account for the inverse
relationship between volatility and price of the underlying can significantly improve
performance of delta hedging. Moreover, he finds that the optimal delta is smaller than the one

based on the BSM model.

Based on the BSM theory, volatility of an option should be independent of its strike and
expiration. Thus, plotted as a surface, it should be flat. Rubinstein (1994) shows that this
assumption performed reasonably well up to the stock market crash in 1987. However, since
the crash, the volatility surface of index options has become skewed, reflecting higher
probability of extreme events and pricing in these events. The volatility surface varies over time
and across different strike levels. Derman (2003) claims that the volatility smile phenomenon
has become even more important over time, as it has spread to stock options, interest-rate
options, currency options, and almost every other volatility market. Since the BSM model can
match neither the volatility structure, nor stock return distributions observed in the market,

trading desks have come up with more complex models to hedge their positions.

4.3 Skewness and Krutosis Adjustments to the BSM Delta and Local Volatility
Models
To match the non-normal distribution of returns on the underlying asset observed in the

market, academia and practitioners have come up with alternative models that adjust the BSM
delta to match non-normal skewness and kurtosis. One of the approaches in doing that is to
expand the lognormal and normal density function in terms of its moments; hence, Jarrow and
Rudd (1982) defined option price as a function of the third and fourth moments of the terminal
price distribution. Based on the same idea, Corrado and Su (1996) and Brown and Robinson
(2002) propose a model using the Gram-Charlier expansion of the normal density function.
These adjustments have proven to be of significant value in pricing options that are deeply out

of the money.
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Breeden and Litzenberger (1978) figured that the risk-neutral partial differential
function can be derived from European option market prices. Afterwards, Dupire (1994) and
Derman and Kani (1994) found that conditional on risk neutrality there was a unique diffusion
process consistent with these distributions. The coefficient that is consistent with current
European option prices is known as the local volatility coefficient with the functional form of
0.(S,t). This implies that in local volatility models realized volatility of the stock varies

deterministically as a function of future time t and the future stock price S.

Vahamaa (2004) shows that the local delta must control not only for the direct impact of
the underlying’s price change on the option price, but also for the indirect impact of the
volatility change which is correlated with the underlying’s price change. A relatively simple

adjustment of implied delta can correct for this:

dc Ocdo

ALOC= _
s T30 0s

Most of the time one can observe negative correlation between stock returns and
volatility changes. Thus, the local delta should be smaller than the BSM delta. Local delta
utilizes the volatility skew of an equity index together with the vega of the option to account for

the volatility changes with respect to changes in the underlying instrument.

Crépey (2004) suggests that local delta provides a better hedge on average, as well as
on average conditionally on the fact that the market is in a fast regime, or on average
conditionally on the fact that the market is in a slow regime. Overall, he recommends using the
local delta rather than the implied delta hedge. The same recommendation in a persistently
positively skewed market is made. Derman (1999) also observes that in negatively skewed
markets local delta should be better on average conditionally on the fact that the market is in a
fast regime. Further research by Coleman et al (2001) and Vahamaa (2003) also conclude that,
on average, local delta provides better hedge than the implied delta, especially in jumpy
markets. In addition, Alexander and Kaeck (2010) find that the sticky-strike deltas outperform

locally- calibrated deltas only for options with low strike prices.
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4.4 Stochastic Volatility Models
Volatility smile and the peaked, fat-tail distribution of returns gave rise to a group of models

that, in contrast to the BSM model, treat volatility as a stochastic variable. This characteristic
allows stochastic volatility models to provide a self-consistent way of explaining why options
with different strikes and maturities have different implied volatilities compared to the BSM
model. Cox and Ross (1976) developed the constant elasticity of variance (CEV) model in the

form of
dS = (r — q)Sdt + 0S%dz.

The model allows the stock price volatility to fluctuate if « # 1. If & = 1, the model
takes the form of the geometric Brownian motion model that was used in derivation of the BSM
model. Using the stochastic volatility model by Cox, Ingersoll, Ross (1985), Bakshi, Cao, and
Chen (2000b) show that allowing for stochastically varying volatility is important for pricing
options but further accounting for stochastic interest rates does not improve pricing

performance.
Heston (1993) created a model
do = —yodt + 6dX,

incorporating arbitrary correlation between the underlying asset and its volatility. Kim and Kim
(2004) show that Heston’s model outperforms other stochastic volatility models in terms of
hedging effectiveness. Evidence of solid hedging performance of the Heston model in
comparison to other hedging alternatives is also found by Alexander, Kaeck and Nogueira

(2010).

A considerable part of research related to hedging effectiveness has focused on
determining regression-based hedge ratios. Thus, generalized autoregressive conditional
heteroskedasticity (GARCH) - an econometric model for an asset and its volatility — was first
used by Duan (1995) to model stochastic volatility, and he also shows that the BSM model can
be treated as a specific form of the GARCH model. It is found that the pricing impact of

stochastic volatility is rather small for options with maturity of less than a year. Hull (2002)

12



claims that the effect of stochastic volatility on delta hedging is quite significant. However, Yung
and Zhang (2003) show that an Exponential GARCH model performs well in terms of pricing
options but its hedging performance is not superior commpared to more traditional models

(including the BSM).

5 Methodology

The methodology of the paper is based on hedging error calculations as a benchmark for
hedging effectiveness. Five hedging approaches are tested in the report out of which four are
based on the BSM delta and the fifth is based on regression adjusted BSM Greeks. All
calculations are done using average implied volatility which is backed out from each option
price in the sample and then equally weighted for call options on a given maturity-moneyness

level.

5.1 The Dividend Adjusted BSM Model

A call price in the BSM model incorporating continuous dividend yield is given by
c=Se 1T-ON(d,) — Ke TT-ON(d,)

where S is the stock price, K is the strike price, g is the dividend yield, (T-t) is time to maturity,

and ris the risk free interest rate and

d, = (ln(%>+ (r—q+%2))/a,/(T— t)yandd, =d; —o./(T —t)

Hedging according to the BSM model implies holding ABS of shares where
ABS= 2% = N(dy).

The hedged portfolio includes a short position in a European call option and a long

position in shares of the underlying stock

ol dc as dc 0S
ST e A= =0 (1)

13



Equation 1 shows that the price of the portfolio is not sensitive to variations in price of
the underlying, so the portfolio is riskless as long as the number of shares held is adjusted to A.
If continuous hedging was realistic, it would be possible to eliminate all the risk from the

portfolio making it riskless.

Additionally, we also test gamma hedging. The BSM gamma is given by

[ = 9%c _ N'(d1)
T 852 SoVT'
Delta-gamma hedge ratio equals
ABSS + T'S2.

5.2 Local Delta
Crépey (2004) shows that gains and losses on a portfolio in the BSM world can be approximated

using Taylor expansion to
1 0S
81 = —811 + A8S = 2 52T (3%t - (?)2) + 0(0)

where II represents the option’s price, I' = agzn and A = 0Il is the option’s gamma and delta,
respectively. Thus, P&L = ), 6P&L represents the distribution of profit and loss on the
portfolio, which is asymptotically symmetric and centred as T tends to 0. European vanilla call

or put option P&L volatility of is dominated by V7.

With fixed local volatility
l 1 1 21l 2 65 2
OP&L¢ = —6I1 + A'°°8S = ES [*¢(a(t,S)°t — <?) ) + o(7)

where IT is the option’s price, Al°¢ and T'¢ are the option’s local delta and gamma,
respectively. Crépey (2004) shows that I''*°°>0 because both vanilla call and put options are
convex in the spot price of the underlying asset. Hence, up to the order o(7) the profit or loss

on the portfolio depends on the following:

14



— If (55/5)2 is larger or smaller than o (t, S)?;

— On the relative position of the realized volatility |6S|/S+v/T with respect to the local volatility
o(t,S).

Up to the order o(7), the expectation of the realized volatility squared is equal to the
square of the local variance a(t,S)2. Hence, in a local volatility model the distribution of

SP&LY¢ is asymptotically centred as T — 0.

Crépey (2004) shows that §P&L¢, in contrast to SP&LES, is not directional and driven

by factors in 65 since
SP&LES — SP&LIC = (APS — AMOC)§S.

Crépey (2004) concludes that “the fluctuations (such as measured by the standard

deviation) of §P&L5?® are one order of magnitude greater than those of §P&LM0¢”.
AsTlyx(t,S;0) = H?,‘?{(t, S;Zr k), then
ALOC— ABS 4 9BSj 5,
98BS = 05/0S.

If changes in stock price at some point are negatively correlated with changes in
volatility, then the local delta is smaller than the BSM delta because the option’s vega is always

positive.

Due to the complexity of expressing da/dS numerically, we use the proof by Derman,
Kani, and Zou (1995) who show that implied volatility can be expressed as an average of the
local volatilities on the most probabilistic paths between (t, S) and (T, K). Moreover, if the value
of local volatility is independent of time and changes linearly with the underlying asset, the

implied skew gives a proxy for d5%, i.e.,

05X =~ OgZ.
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Effectively, this implies that z—z can be approximated by the slope of the volatility smile,

do
—. Hen
o Hence,

dc Jc do do
Loc— - 4“7 _ ABS BS "~
A =staear =4 Tk

This approximation assumes that a unit change in S is associated with a parallel shift of

d . . .
a—; units in volatility smile.

5.3 Kurtosis and Skewness-Adjusted Model

Jarrow and Rudd (1982) developed an option pricing model which assumes that at expiration
the underlying asset follows distribution F that is known only by its moments. The pricing
formula was derived from an Edgeworth series expansion® of the distribution F about an

approximating distribution, A. A call price c(F) based on the unknown distribution F is given by

_ __—rt ks(F)—k3(4) da(K) —rt ka(F)—k4(4) d?a(K)
c(F)=c(4)—e 5 as, +e " 257 + &(K) (2)

where c(A) is a call price based on a known distribution, A; it is followed by adjustment terms

for distributions F and A that are based on the cumulants? ki(F) and k;(A), respectively. dZESK) and
t

2
dda_S(ZIO are derivatives of the density function of A that are calculated at the strike price K. The
t
density function of A is given by a(S:), where S; is a random stock price at expiration. £(K)
continues the series with terms based on higher order cumulants, which are negligible if the

known distribution, A, is a good choice.

In this setting, the cumulants resemble distribution moments, and they are independent

of translation in description of the shape of the function. Hence, the first and second cumulants

' The Edgeworth series are series that approximate a probability distribution in terms of its cumulants. The
Edgeworth series are used to write the characteristic function of the distribution (with probability density function
F) in terms of the characteristic function of a known distribution with suitable properties (A). Afterwards, F is
recovered through the inverse Fourier transform. Source: http://en.wikipedia.org/wiki/Edgeworth_series

2 Cumulants of a probability distribution are a set of quantities that provide an alternative to the moments of the
distribution. The moments determine the cumulants in the sense that any two probability distributions whose
moments are identical will have identical cumulants as well, and similarly the cumulants determine the moments.
Source: http://en.wikipedia.org/wiki/Cumulant#Cumulants_and_moments
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are equal to the mean and variance of a distribution, respectively, and k,(F) = u,(F). The
third moment measures the lopsidedness of the function (skewness), which, if defined, is set to
be zero if the function is symmetric, and k3(F) = u;(F). The fourth moment measures the
kurtosis of the function; thus, k,(F) = u,(F) — 3u3(F). u3, u3, 1, are the squared variance,
third, and fourth moments, respectively. If the known distribution (A) is set to be lognormal,
then the formula becomes the BSM pricing formula. In application of the risk neutral valuation,
Jarrow and Rudd (1982) set the means (that are the same as first cumulants) of F and A equal,

i.e.,
kl(F) = kl(A) = Soert.

They express call price as in Equation (2) by setting the variances of the distributions F
and A equal, which in effect implies that the second cumulants are equal, i.e., k,(F) = k,(A).

With A set as lognormal distribution, the parameter for volatility is expressed as
ky(F) = k2(A) (et — 1).

Corrado and Su (1996) show that when the (K) term in Equation (2) is dropped, the

option price can be expressed in a more compact form as
c(F) =c(4) + 2,05 + 1,Q,4

where the terms A;and Q;are defined as

e "t da(K
A = @1 (F) — @,(4), Q3 = —(Soert)s(eazt - 1)3/2 EYE (k)
31 dS,
e " d?a(K)
Ay = @, (F) — ¢,(4), Q4 = (Soert)4(302t —1)? 4! dS}?

Qs;and Q, measure the deviations of skewness and kurtosis from the lognormal
distribution. The terms ¢,(F) and ¢,(A) are coefficients of skewness for the F and A
distributions, respectively, while the terms ¢, (F) and ¢,(A) are coefficients of excess kurtosis.

Skewness and excess kurtosis coefficients are defined in the following way:
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_ k3(F) _ ky(F)
¢,(F) = —— and @, (F) = —k%(F)

k2(F)

Brown and Robinson (2002) published a correction of the Corrado and Su (1996) model,

so that the correct skewness and kurtosis adjusted price of a call option is
¢ =SN(d;) —Ke ""N(d,) + p3Q3 + (1ta — 3)Q4

where

Qs = %Saﬁ[(meT —dy)n(dy) + a*TN(d,)]

1 3
The skewness and kurtosis adjusted delta is expressed as

AT = N(dy) + p3qs + (g — 3)q,

where
1 3 ¢1d1 ) ]
= — 3T2 2T —
qs T o3T N(d1)+<aﬁ+a T—-1-¢,|n(d,)
1 3 n(d,) S ¢odin(d,)
_ 42 3 9.2 e e Sl S
qs =7 Ia T*N(dy) + 0T2n(d,) + T (¢z 20°T + 2rT + 21n (K)) ST
with

¢, =71T (3> 2T +1 >
1=T 5)° n(K)

_ 272 212 4 (7 4472 2 S 2 S
¢, =1°T*—2ro0°T* + (4)0 T -0 T+ln(K)(2rT 20 T+ln(K))

Hence, the skewness and kurtosis adjusted delta above consists of the BSM delta and

two additional terms which measure the effects of non-normal skewness and kurtosis.
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5.4 Regression-Based Hedge Ratio

Jarrow (2011) distinguishes between theoretical and statistical models. One can create a
theoretical model by developing economic reasoning that is applied in estimation of the model
by using historical data. Statistical models try to identify patterns in historical data hoping that
they will persist in the future. In order to fit parameters of a theoretical model to market prices
one has to use calibration, which means that the respective theoretical model is transformed
into a statistical model. As calibration is applied to fit the theoretical model to market prices, it
means that the theoretical model has been rejected in the first place. Jarrow (2011) argues that
the new (statistical) model serves as a tool for pricing only, since it has been validated for this
purpose using market prices. Hence, this calibrated model should not be used for anything else

besides pricing.

However, one can still use a statistical model for hedging purposes. For instance, in

regard to a calibrated BSM model, Jarrow (2011) suggests running a regression in the form
de, = Bo + B1(AdS,) + B, (TdSE) + Bs(9doy,) + &,

where Sy, b1, B2, and 3 are constants, c is the market price of a call option, S is the stock price,
o is the volatility, and € is the estimation error. The constants returned by regression analysis
are then used as adjustment factors for the original BSM Greeks. This hedging method is solely
a statistical one, which uses partial derivatives from the BSM model as inputs. As it is based on
patterns observed in market data, there is no need for separate adjustments that would fit the

data patterns (e.g. adjustments for excess kurtosis or non-normal skewness).

We test the Jarrow’s (2011) suggested BSM Greeks’ adjustment running the regression
specified above and use the first 120 observations in our sample as historic data. To our best

knowledge, regression ratios of such a specification have not been tested before.

5.5 Measurement of Hedging Performance
To measure hedging performance, we assume that hedging is done without any long or short

positions in other option contracts. Thus, a self-financed delta-hedged portfolio in the form of

Ht = AtSt +Bt—Ct
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is created, where A represents the number of units of the underlying asset, B represents the

number of units of a risk-free bond, and — ¢ stands for one short unit in an option.
Initially,
HO = 0 as BO = CO - 6050.

Whenever the position is rebalanced, the self-financing portfolio is recalculated, and the

hedging error from time t-1 to t is reckoned as
Et = 6t—15t - Ct + ertBt_l.

Hence, the cumulative hedging error is given by I1, the value of the portfolio at the end

of the hedging horizon
& = Z?=1 & = .

To assess the hedging performance of different models, we use the mean absolute

hedging error (MAHE) and the root mean squared hedging error (RMSHE).

n
1
MAHE = Ez e RMSHE =
i=1

MAHE measures the average magnitude of the errors without considering their
direction. MAHE returns the average over the sample of the absolute values of the differences
between observations and all the individual differences are weighted equally in the average.
RMSHE measures the average magnitude of the error. The hedging error first is squared, then
averaged over the sample and afterwards the square root of the average is taken. RMSHE gives
a relatively high weight to large errors. This means RMSHE is most suitable if large errors are
particularly undesirable. The greater difference between MAHE and RMSHE, the greater the
variance in the individual errors in the sample. As risk minimization is the primary goal of

hedging process, we consider RMSHE to be the primary evaluation criterion.
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6 Data Description
In the paper, we analyze call options on the OMXS30 index, which is the leading and most

comprehensive OMX Nordic Exchange Stockholm's share index. The index includes 30
companies with the highest trading volume on the NASDAQ OMX Stockholm. This ensures that
all the stocks OMXS30 consists of are highly liquid.

The composition of the OMXS30 index is revised twice a year. The OMXS30 index is a
market weighted price index. The index was introduced in September 30, 1986, with a base
value of 125 (NASDAQ OMXa). The primary objective of OMXS30 is to create an index based on
a limited number of stocks which develops in close correlation with the stocks listed on the
Exchange thus reflecting the development of the portfolio of stocks included (NASDAQ OMXb).

The index is calculated as follows:

n
Zi=1 Qit * Dit* Tit

n ;
Zi=1 it * (pi,t—l - di,t) * Tie—1* Jie

I = ol

where

It is the index level at time t, g;: is the number of shares of company i applied in the index at
time t, p;: is the price in quote currency of a share in company i at time t, d;; is the dividend for
company i at time t (only used for total return indexes and special dividend in price indexes), r;:
is the foreign exchange rate of index quote currency to quote currency of company i at time t,
jit is the adjustment factor for adjusting the share price of a constituent security due to

corporate actions by the issuing company at time t.

As the OMXS30 is a price-weighted index, no cash dividends are reinvested. Thus, the
OMXS30 index only reflects the performance of stock prices. To account for the dividend yield,
we extracted the difference in growth between the total return and the price-weighted version
of the index. NASDAQ OMX (2010) reports that the difference between the two types of
indexes is attributable to the dividend yield of the OMXS30 index. Brenner, Courtadon, and
Subrahmanyam (1987) report that dividend adjustment can have a significant impact on option

value calculations. We obtained time series of the total return index SIX30RX with reinvested
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dividends from SIX Telekurs®. Hence, the difference in implied growth between the two indexes

was used to account for the dividend yield.

Investors can trade European call and put option contracts with cash settlement on the
OMXS30 index. Our analysis specifically focuses only on plain vanilla call options. We do not
find this a fundamental limitation of our study, as Jiang and Oomen (2002) report that using
only European call options can provide insights into general risks of derivatives because of the
following reasons. First, risks of put options are similar to those of call options based on put—
call parity and put-call symmetry (see Carr, Ellis and Gupta (1998)). Second, adjusting for early
exercise premium, American option prices can be reckoned from European option prices. Third,

numerous exotic derivatives can be created from portfolios of plain vanilla call and put options.

Options contracts on the OMXS30 index with terms of three, twelve and thirty six
months are listed with the third Friday of the expiration month as the day of option maturity.
The trading ends on the expiration day at the close of the electronic trading system. The sample
was organized in three maturity categories: short-term options with maturity less than 60 days;
medium-term options with maturity between 60 and 180 days; long-term options with maturity

more than 180 days.

The sample period extends from June 2007 through March 2011. Index data was
obtained from the NASDAQ OMX Stockholm, and data on option contracts was obtained from
the Thomson Reuters Datastream database. Trading on the NASDAQ OMX Stockholm ceases at
5:25 pm CET for derivative instruments and at 5:30 pm CET for equities. Closing prices of both
the index and option contracts were used in the analysis to minimize nonsynchronous price

issue in the data.

The three-month Stockholm Interbank Offered Rate (STIBOR) is used as a proxy for the
risk-free interest rate. The STIBOR data is obtained from the Central Bank of Sweden — the

Riksbank.

* SIX Telekurs is the third largest provider of financial information in Europe.
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To avoid liquidity-related and close-to-expiration issues, contracts with less than 10

observations as well as the last 5 observations for each option were deleted from the sample.

Further, each observation was classified according to its moneyness (defined as spot
price at time t divided by option’s strike - Si/K) in five categories: deep out-of-the-money
options with moneyness less than 0.9; out-of-the-money options with moneyness between 0.9
and 0.97; at-the-money options with moneyness from 0.97 to 1.03; in-the-money options
moneyness range from 1.03 up to 1.1; and deep in-the-money options are defined with

moneyness greater than 1.1.

Similarly to Bakshi and Kapadia (2003), to avoid errors in calculation, we deleted days
with missing observations and with implied volatility less than 1% or greater than 100%. After
adjustments the total number of observations in our data set is 75,401, which is 56% of the

initial number (135,122 initial observations).

Table 4 describes sample properties of the OMXS30 call prices used in the study.
Summary statistics are reported for the closing price and the total number of observations for
each moneyness and maturity category. Out of 75,401 call option observations, OTM options
constitute 58%. The average call price ranges from 2.58 SEK for short-term deep OTM options

to 169.66 SEK for long-term deep ITM calls.

Table 4: Average Price and Number of Observations for Sample Options

Moneyness Days-to-Expiration
S/K <60 60-180 >180 | Subtotal
xOTM <0.9 2.58 7.41 20.73

5285 9102 10347 24734
o™ 0.9-0.97 9.86 18.6 39.42
3625 10496 4465 18586

ATM 0.97-1.03 32.04 41.78 66.98
2183 9308 3350 14841

I™ 1.03-1.1 69.11 80 101.69
1928 6858 2500 11286

xITM >1.1 156.85  130.68  169.66
1789 2322 1843 5954
Subtotal 14810 38086 22505 75401
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We define market regimes in terms of volatility of the OMXS30 (see Table 5). Period
from June 2007 to June 2009 is defined as high volatility market and period from July 2009 to
March 2011 as low volatility market because the daily volatility is above and below historic

realized volatility, respectively.

Table 5: OMXS30 Average Daily Volatility
Oct 1986 - June 2007 1.4%
June 2007 - June 2009 2.2%
July 2009 - March 2011 1.2%

7 Empirical Findings
Based on theory and empirical research related to vanilla call option hedging, we form

expectations on possible patterns in hedging performance in the Swedish market.
Expectations:

1) Hedging errors are inversely correlated with rebalancing frequency across all
maturities and moneyness levels;

2) Hedging errors vary across different market regimes and are higher in periods of
high volatility;

3) Gamma hedge improves delta hedge performance:
a. in periods of high volatility;
b. asrebalancing frequency decreases;

4) Long-term options have higher hedging errors;

5) The optimal hedge ratio is smaller than the one implied by the BSM model.

Table 6 reports the average BSM, skewness and kurtosis adjusted, and local delta values
across different moneyness levels. As expected, delta value is increasing with moneyness of the
options. The S-shape of delta is most evident for short-term contracts. The results show that,
compared to the BSM delta, the adjusted delta returns smaller hedge ratio for deep OTM, OTM,
and ATM options across all maturity levels. On the other hand, ITM and deep ITM options

return a marginally higher hedge ratio. While the BSM delta and adjusted delta values closely
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follow each other, local delta provides significantly different and smaller hedge ratio. The last
column of Table 6 shows the difference between the BSM delta and local delta. Long-term
options are adjusted downwards the most, with the average differences in delta values of 0.18
for long-, 0.17 for medium-, and 0.07 for short-term options. Based on the magnitude of the
change, deep OTM option delta is the most affected across all maturities. Option vega peaks for
ATM options, because value of ATM options can be most adversely affected by fluctuations in
price of the underlying (i.e. higher risk of ending OTM). The difference between the two deltas

is the highest for ATM and ITM options in most cases.

Table 6: Average BSM Delta, Kurtosis and Skewness Adjusted Delta, Local Delta

Maturity | Moneyness DELTA ADJ LOC DELTA-LOC
LT xOTM 0.16 0.15 0.04 0.12
OoTM 0.34 0.32 0.13 0.21
ATM 0.55 0.54 0.35 0.20
I™ 0.74 0.75 0.54 0.19
xITM 0.87 0.88 0.71 0.16
MT xOTM 0.12 0.10 0.05 0.06
OoTM 0.27 0.24 0.15 0.11
ATM 0.53 0.52 0.33 0.20
I™ 0.75 0.77 0.53 0.22
xITM 0.90 0.91 0.73 0.16
ST xOTM 0.05 0.05 0.03 0.02
OoTM 0.17 0.16 0.17 0.01
ATM 0.52 0.51 0.40 0.12
I™ 0.79 0.81 0.66 0.14
xITM 0.93 0.94 0.86 0.07

Table 7 reports BSM delta, gamma, and vega adjustment factors based on regression
analysis. A similar pattern to local delta is observed with largest adjustment needed for long-
term deep OTM options. Irrespective of moneyness or maturity level, the BSM delta is adjusted
downwards indicating that it exceeds the optimal hedge ratio. Except in 3 cases, both gamma
and vega hedge ratios are also reduced according to regression results. Overall, regression
analyses indicate that the BSM hedge values are overstated and should be adjusted
downwards. Similarly to results with local delta, regression results indicate that deep OTM and

OTM options’ delta needs the highest level of adjustment compared to the BSM delta.
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Table 7: Average BSM Delta, Gamma, Vega, and Respective Regression-Based Adjustment

Factors
Maturity Moneyness DELTA BETA1l GAMMA BETA2 VEGA BETA3
LT xOTM 0.16 -0.01 0.0013 0.25 160 0.09
OoTM 0.34 -0.03 0.0028 0.15 230 0.91
ATM 0.55 0.20 0.0035 -0.28 240 1.07
IT™ 0.74 0.06 0.0027 1.22 177 0.69
xITM 0.87 0.12 0.0013 1.32 123 0.41
MT xOTM 0.12 -0.15 0.0016 0.05 80 0.41
OoTM 0.27 -0.07 0.0034 -0.06 123 0.79
ATM 0.53 0.13 0.0050 0.03 146 0.95
IT™ 0.75 0.16 0.0033 -0.27 115 0.99
xITM 0.90 -0.07 0.0013 -0.76 54 0.90
ST xOTM 0.05 -0.39 0.0011 -0.01 27 -0.14
OoTM 0.18 -0.06 0.0033 0.39 64 0.60
ATM 0.52 0.15 0.0063 0.27 100 0.98
IT™ 0.79 0.13 0.0036 0.82 72 0.93
xITM 0.93 0.18 0.0010 0.30 34 0.48

Figures 10, 11, and 12 in the Appendix graphically depict Table 6 delta values for ATM
options. All three modeled delta values move in parallel, with the BSM delta having the highest
values. Local delta is trailing below and, because of an additional volatility term, it
demonstrates higher fluctuation amplitude. Local delta is dependent on correlation between
volatility and index level and, in line with Derman’‘s (1999) observation, in most cases it is

smaller than the BSM delta.

Hedging performance using 1 day rebalancing period is reported in Table 8. First,
gamma hedge does not improve hedging efficiency and is redundant in combination with the
BSM delta, as the latter provides lower hedging errors on its own. Adjusting the BSM delta for
skewness and kurtosis reduces hedging errors for deep OTM, OTM, and ATM options; however,
adjusted delta hedge ratio delivers worse results than the BSM delta hedging ITM and deep ITM
options. Thus, we find Hypothesis 1 only partly satisfied in the sample analysis. In line with
Hypothesis 2, local delta provides the lowest hedging errors across all maturities and
moneyness levels compared to the previous three hedge ratios. Still, the local delta hedge is
outperformed by the regression-based hedge strategy. The results confirm Hypothesis 3.

Additionally, the regression-based hedging errors are comparatively smaller for ITM and deep
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ITM options, outperforming the local delta by a higher margin. Considering regression-based
hedge ratio, hedging errors are larger for long-term options across all moneyness levels, except

deep ITM options - as predicted by Expectation #4.

Table 8: Hedging Errors for the 1-Day Hedging Horizon

1 DAY MAHE RMSHE
Moneyness Maturity | DELTA D+G ADJ LOC REG DELTA D+G ADJ LOC REG

xOTM ST 1.10 111 1.09 0.84 2.22 2.22 2.12
mMT 2.02 2.02 1.92 1.55 3.36 3.36 3.19
LT 2.92 2.93 2.75 5.00 5.00 4.80
OTMm ST 3.34 3.35 3.13 6.18 6.20 5.82
mMT 4.59 4.60 4.32 7.28 7.30 6.93

LT 6.77 6.78 6.56 12.48 12.49 12.25

ATM ST 8.50 8.53 8.45 13.89 13.96 13.82

MT 7.82 7.84 7.75 11.18 11.22 11.10

LT 8.23 8.24 8.19 15.08 15.09 15.04

1™ ST 10.97 10.98 11.17 16.74 16.76 16.98

mMT 10.47 10.48 10.63 16.70 16.72 16.88

LT 9.98 9.99 10.11 16.32 16.33 16.50

xITM ST 11.96 11.95 12.07 18.24 18.25 18.40

MT 14.07 14.07 14.20 23.16 23.16 23.30

LT 10.03 10.03 10.16 16.01 16.02 16.18

Darker shading indicates lower hedging error.

Results in Table 8 indicate that the variance in individual errors (in money terms)
increases with moneyness of the options for all hedging approaches, as observed by the
increasing difference between MAHE and RMSHE. The distribution of error variance also grows
with option maturity in most cases, with long-term options having the highest variance in

individual errors.

Based on the results, we confirm Expectation #5 that the BSM delta is overstated and
lower hedge ratios deliver considerably lower hedging errors. F-test analyses (see Appendix
Table 9) show that the regression-based hedge ratio is significantly different from the BSM
delta at 1% level across all maturity and moneyness levels. Local delta is also different at 1%
level across all maturity and moneyness levels, exception for being significant at 10% level for
short-term OTM options and not significantly different for long-term deep OTM and short-term
ATM options. The adjusted delta is significantly different from the BSM delta at 10% level for
medium-term OTM and long-term ITM options; at 5% level for long-term and medium-term
deep ITM options; not different for long-term OTM and ITM options, medium- and short-term

ITM options and different at 1% level for all the rest observations. The results show that ITM
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options hedge ratios are not statistically different using these two hedge ratios. Further analysis
showed that adding vega to the BSM delta-gamma hedge does not alter hedging performance

and the difference is insignificant; thus, we do not report the BSM delta-gamma-vega hedge.

The distribution of hedging errors is leptokurtic and asymmetric (see Table 10). Errors
on long-term options have high excess kurtosis with the BSM delta, delta-gamma, and adjusted
delta hedging strategies. Medium- and short-term option hedging errors have the highest
excess kurtosis using the regression-based hedge ratio indicating that errors are concentrated
around the mean and variation in hedging errors is relatively low. Negative skewness in errors is
primarily observed under the delta, delta-gamma, adjusted delta, and regression-based hedging
strategies across different maturities indicating higher possibility of extreme hedging errors

using these methods.

Table 10: Distribution of Hedging Errors

EXCESS KURTOSIS DELTA GAMMA  ADJ LOC REG SKEWNESS DELTA GAMMA  ADJ LOC REG
LT x0TM 5.21 5.17 6.31 19.40 21.25 LT x0OTM 0.04 0.01 0.04 0.17 0.02
o™ 26.04 25.98 27.45 9.69 6.20 o™ -0.34 -0.36 -0.32 -1.06 -0.46

ATM 17.56 17.53 17.74 12.32 19.86 ATM -0.07 -0.07 -0.06 0.96 1.60

IT™ 12.98 13.00 13.10 2.93 4.36 ™ -1.02 -1.03 -1.05 0.50 0.74

xITM 23.06 23.12 22.71 4.67 0.94 xIT™M -1.74 =175 -1.73 1.14 0.35
MT xOT™M 4.03 4.01 4.13 6.93 15.81 MT x0TM 0.45 0.45 0.43 0.38 -0.68
oT™ 4.14 4.13 4.58 7.21 3.06 o™ 0.43 0.42 0.45 0.58 -0.14
ATM 115 113 1.20 4.21 5.39 ATM -0.27 -0.27 -0.28 -0.33 -0.73

IT™ 6.86 6.84 6.56 11.77 22.53 I™ -0.07 -0.06 -0.08 0.03 0.24

xITM 8.40 8.40 8.18 4.59 10.23 xIT™M -0.59 -0.59 -0.59 0.41 0.82
ST x0TM 16.21 16.05 15.45 21.11 26.90 ST x0TM 0.55 0.48 0.39 0.42 -1.46
o™ 8.06 8.07 7.94 9.85 16.94 o™ -1.12 =il,115) -1.08 -0.99 =1l.75)
ATM 10.13 10.26 10.36 17.31 18.26 ATM -0.48 -0.49 -0.48 -0.93 -2.23
IT™ 3.18 3.19 3.03 6.85 7.46 I™ -0.64 -0.65 -0.63 -0.67 -0.07
xITM 6.95 6.96 6.84 9.21 25.55 xIT™M -1.18 -1.18 =1L1IE) -1.14 -0.29

Darker shading indicates highest excess kurtosis and lowest skewness.

Tables 11, 12, and 13 report hedging errors as rebalancing frequency is decreased to a 5,
10, and 20 trading day interval, respectively. We observe that the general pattern does not
change compared to the previous results. The adjusted delta hedge performs marginally better
than the delta and delta-gamma hedge for deep OTM, OTM, and ATM options. As the
rebalancing frequency is further reduced, we see that the skewness and kurtosis adjustment
gains its significance also for ITM and deep ITM options. Interestingly, the gamma hedge does
not prove to deliver better results, which contradicts Expectation #3. Local delta proves to be a
better hedge compared to the previous three ratios but still considerably lags behind

performance of the regression-based hedge ratio. With decreasing rebalancing frequency, the
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regression-based hedge delivers better results, and the difference increases significantly also

for ATM, OTM, and deep OTM options.

We also find proof that supports Expectation #1, namely, hedging errors are inversely

related to the frequency of portfolio rebalancing.

Comparing hedging errors and rebalancing frequency of short- and long-term options
we find that error growth is slower for long-term options. Thus, the rebalancing is less
frequently required for long-term options because the delta of the options is more static due to

lower gamma risk.

Table 11: Hedging Errors for the 5-Day Hedging Horizon

5 DAY MAHE RMSHE

Moneyness Maturity | DELTA D+G ADJ LOC REG DELTA D+G ADJ
xOTM ST 2.33 2.33 2.30 4.19 4.23 4.05
mMT 3.45 3.48 3.26 5.20 5.26 4.95

LT 5.64 5.68 5.29 8.31 8.40 7.86

OoTMm ST 6.84 6.83 6.40 11.71 12.00 11.01

mMT 8.39 8.53 7.86 12.32 12.55 11.63

LT 13.39 13.36 12.98 22.95 23.10 22.45

ATM ST 16.76 17.08 16.62 26.54 27.31 26.43

mMT 14.32 14.47 14.20 18.93 19.32 18.80

20.51 20.70 20.48
31.39 31.73 31.94
27.37 27.58 27.79
28.80 28.97 29.17
39.22 39.30 39.54
38.50 38.56 38.78
31.87 31.94 32.17

LT 13.35 13.38 13.28

I™ ST 23.10 23.29 23.55
MT 18.99 19.07 19.30

LT 18.25 18.30 18.49

xITM ST 26.63 26.64 26.86
MT 26.07 26.05 26.33

LT 20.98 21.00 21.21

Darker shading indicates lower hedging error.
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Table 12: Hedging Errors for the 10-Day Hedging Horizon

10 DAY MAHE RMSHE
Moneyness Maturity DELTA D+G ADJ LOC REG DELTA D+G ADJ LOC REG
xOTM ST 3.36 3.43 3.32 5.78 5.89 5.52
MT 4.43 4.60 4.19 6.06 6.27 5.71
LT 7.39 7.58 6.88 10.88 11.14 10.30
OTM ST 10.67 10.97 9.97 17.13 18.05 16.12
MT 10.69 11.30 10.00 15.62 16.30 14.72
LT 18.35 18.60 17.86 30.91 31.35 30.29
ATM ST 25.44 26.76 25.25 37.12 39.16 36.99
MT 19.84 20.67 19.68 26.58 27.66 26.40
LT 18.00 18.24 17.93 25.33 25.87 25.31
I™ ST 34.65 35.17 35.40 43.37 44.31 44.31
MT 28.93 29.48 29.47 37.45 38.02 38.06
LT 21.94 31.92 22.29 31.20 89.98 31.65
xITM ST 39.38 39.44 39.72 53.08 53.26 53.44
MT 37.94 37.99 38.31 53.53 53.67 53.92
LT 28.85 30.16 29.20 42.77 46.20 43.19
Darker shading indicates lower hedging error.
Table 13: Hedging Errors for the 20-Day Hedging Horizon
20 DAY MAHE RMSHE
Moneyness Maturity | DELTA D+G ADJ LOC REG DELTA D+G ADJ LOC REG
xOTM ST 4.04 4.52 4.03 6.94 7.76 6.61
MT 5.21 5.62 4.99 7.17 7.96 6.72
LT 9.95 10.20 9.41 14.51 15.26 13.78
oT™M ST 12.90 14.30 11.95 18.30 21.06 16.96
MT 13.56 14.36 12.36 18.99 21.08 17.57
LT 22.12 22.38 21.50 33.28 34.59 32.54
ATM ST 35.17 37.88 34.80 47.71 51.83 47.28
MT 26.78 27.47 26.70 36.07 39.01 35.71
LT 24.94 25.81 24.81 32.42 34.00 32.43
I™ ST 45.52 45.87 46.53 59.98 62.57 61.42
MT 38.11 38.63 38.83 56.49 57.92 57.31
LT 28.20 28.30 28.71 36.50 37.62 37.24
xITM ST 63.32 63.77 63.32 91.55 91.83 91.55
MT 38.69 38.57 39.19 63.01 63.52 63.45
LT 42.71 39.21 43.62 127.93 132.10

Darker shading indicates lower hedging error.

Further data examination of four sub-periods (see Table 14 in Appendix) reveals that

hedging errors are significantly larger in the first and second sub periods which are explained by

market turbulence in the respective periods. During the first two periods of the sample (June

2007 - June 2009) the market experienced large fluctuations and an increase in volatility. We

observe that gamma hedge gains strength as the rebalancing frequency is decreased and it

outperforms pure delta hedge on some occasions. Gamma hedge improves hedging

performance for ITM options in highly volatile market conditions, as it delivers lower hedging

errors than the BSM hedge ratio. Still, its performance is considerably poorer in comparison to
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local delta or the regression-based hedge ratio. On separate occasions, the BSM delta proves to
be a better hedge for long-term options; however, in most cases it is outperformed by the
skewness and kurtosis adjusted delta, local delta, and the regression-based hedge ratio. The
regression-based RMSHE errors are considerably lower than those of other hedge ratios,

particularly in high volatility conditions.

In most cases Expectation #2 is fulfilled, as hedging errors change along with market

conditions and are higher in periods of high volatility.

7.1 Summary of Results
To finalize, the analysis proves that hedging errors are inversely related to rebalancing

frequency across all maturities and moneyness levels but is less pronounced for long-term
options. We find evidence that hedging errors are positively correlated with volatility and are
higher in turbulent markets. Delta-gamma hedge did not prove to reduce hedging errors and
only on separate occasions improved the delta hedge performance in turbulent markets with
lower rebalancing frequency. The results of the study demonstrate that hedging errors increase
with maturity and moneyness of the options. The skewness and kurtosis adjusted delta hedge
marginally outperforms the BSM delta hedge only for deep OTM, OTM, and ATM options, while
the local delta hedge proved to deliver significantly lower hedging errors compared to the BSM
delta hedge across all options. Hedge constructed using the regression-adjusted BSM Greeks

returned the lowest hedging errors across all maturity and moneyness levels.

8 Conclusions
Our study is based on empirical evidence that fundamental differences in markets dictate that

there is no uniform hedging technique that would be equally efficient across all regions and
option markets. The choice of hedging technique is especially important in markets that possess
characteristics that are not in line with assumptions of the classical option pricing models. Five
different models were tested to find the most appropriate hedge ratio for the Swedish stock
market using OMXS30 index, options based on the index, and money market account. The
hedge ratios tested were the BSM delta, the BSM delta-gamma, skewness and kurtosis adjusted

BSM delta, local volatility adjusted BSM delta, and regression-based adjusted BSM Greeks.
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Empirical analysis shows that accounting for negative relationship between implied volatility
and index returns can improve hedging performance significantly. While adjustment for non-
normal skewness and kurtosis does not provide considerable enhancement of hedging

performance compared to the BSM model.

Benchmarking root mean squared hedging error values, the regression-based hedge
ratio delivered significantly lower hedging errors across all maturities and moneyness levels.
This approach also suggests that the optimal delta and gamma levels are considerably lower
than those suggested by the BSM model. While the regression-based model delivered lowest
errors overall, hedging error decrease was higher for ITM options compared to other hedging
strategies. Consistent with previous research, hedging frequency is inversely related to hedging

errors for all models tested.

9 Limitations and Further Research
The limitations of the study are mainly related to data availability. Using index bid-ask price

midpoints could yield more precise results and eliminate the non-synchronous price risk. Our
results are subject to bias arising from empirical evidence that trading volume increases at

market close, creating significant fluctuations in volatility and price of the underlying.

We encourage further research on the topic by using the regression-based hedge ratios
on stock indexes other than the OMXS30 in order to test if the results are persistent across
different markets. Additionally, one could test several regression methods including the use of
Weighted Least Squares regressions in periods of high volatility. Further tests could also be
done using a hedge portfolio that includes not only the underlying asset and money market
account, but also other option contracts. This would allow for enhanced gamma and possibly
also vega hedge. Additionally, if the midpoint of bid-ask prices is obtained, one could create and
test a stochastic volatility model and compare its hedging performance to the constant volatility
models. Previous research indicates that stochastic volatility models provide considerable
improvements in option pricing, while evidence on hedging performance is contradictory.

Additionally, regression-based hedge ratios using e.g. GARCH models could be calculated and
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compared to the more traditional approaches. This would also allow testing hedging

predictability power of these models that could be of significant usefulness for practitioners.

33



References

Alexander, Carol, and Andreas Kaeck, 2010, Does model fit matter for hedging? Evidence from
FTSE 100 options, ICMA Centre discussion papers in finance, University of Reading

Bachelier, Louis. (1900): Theory of speculation in: P. Cootner, ed., 1964, The random character
of stockmarket prices, MIT Press, Cambridge, Mass.

Bakshi, S. Gurdip, Charles Cao, and Zhiwu Chen, 1997, Empirical Performance of Alternative
Option Pricing Models, Journal of Finance, 52, 2003—2049.

Bakshi, S. Gurdip, Charles Cao, and Zhiwu Chen, 2000a, How Often Does the Call Move in the
Opposite Direction to the Underlying?, Review of Financial Studies, 13, 549-584.

Bakshi, S. Gurdip, Charles Cao, and Zhiwu Chen, 2000b, Pricing and hedging long-term options,
Journal of econometrics, 94, 314.

Bakshi, S. Gurdip, and Nikunj Kapadia, 2003, Delta-Hedged Gains and the Negative Market
Volatility Risk Premium, Review of Financial Studies, 16, 527-566.

Bank for International Settlements, Triennial and semiannual surveys, Positions in global over-
the-counter (OTC) derivatives markets at end-June 2010, November 2010.

Bhattacharya, Mita, 1980, “Empirical Properties of the Black-Scholes Formula under Ideal
Conditions, Journal of Financial and Quantitative Analysis, 15, 1081-1105.

Black, Fischer, and Myron Scholes, 1972, The Valuation of Option Contracts and a Test of
Market Efficiency, Journal of Finance, 27, 399-417.

Black, Fischer, and Myron Scholes, 1973, The Pricing of Options and Corporate Liabilities,
Journal of Political Economy, 81, 637-654.

Boyle, Phelim P., and David Emanuel, 1980, Discretely Adjusted Option hedges, Journal of
Financial Economics, 8, 259-282.

Boyle, Phelim P., and T. Vorst, 1992, Option replication in discrete time with transaction costs,
Journal of Finance, 47, 271-293.

Breeden, Douglas T., and Robert H. Litzenberger, 1978, Prices of State Contingent Claims
Implicit in Options Prices, Journal of Business 51, 621-651.

Brenner, Menachem, Georges Courtadon, and Marti Subrahmanyam, 1987, The Valuation of

Stock Index Options, Salomon Brothers Center for the Study of Financial Institutions, Graduate
School of Business Administration, New York University, p5.

34



Bron, Dennis, 2005, Delta hedging using constant volatility, GARCH and neural nets to forecast
volatility, Thesis BSc Informatics & Economics, Erasmus University Rotterdam.

Brown, Christine A., and David M. Robinson, 2002, Skewness and kurtosis implied by option
prices: A correction, Journal of Financial Research, 25, 279-81.

Carr, Peter, Katrina Ellis, and Vishal Gupta, 1998, Static hedging of exotic options, Journal of
Finance, 53, 1165-1190.

Coleman, Thomas F., Yohan Kim, Yuying Li, and Arun VVerma, 2001, Dynamic Hedging with a
Deterministic Local Volatility Function Model, Journal of Risk, 4, 63-89.

Corrado, Charles, and Tie Su, 1996, Skewness and kurtosis in S&P 500 index returns implied by
option prices, Journal of Financial Research, 19, 175-92.

Cox, C. John, and Stephen A. Ross, 1976, The Valuation of Options for Alternative Stochastic
Processes, Journal of Financial Economics, 3, 145-166.

Cox, C. John, Stephen A. Ross, and Mark Rubinstein, 1979, Option pricing: a simplified
approach, Journal of Financial Economics, 7, 229-263.

Cox, C. John, Jonathan E. Ingersoll, and Stephen A. Ross, 1985, A theory of the term structure
of interest rates, Econometrica, 53, 385-407.

Crépey, Stephane, 2004, Delta-hedging vega risk?, Quantitative Finance, 4(5), 559-579.
Derman, Emanueal, 1999, Regimes of volatility, Risk Magazine, April, 55-59.

Derman, Emanuel, 2003, Laughter in the Dark - The Problem of the Volatility Smile, Lecture
Notes, Columbia University.

Derman, Emanueal, and Iraj Kani, 1994, Riding on a smile, Risk, 7(2), 29-32.
Derman, Emanuel, Iraj Kani, and Joseph Z. Zou, 1995, The local volatility surface—unlocking
the information in index option prices, Goldman Sachs Selected Quantitative Strategies Reports,

December.

Derman, Emanuel, and Nasim N. Taleb, 2005, The Illusions of Dynamic Replication,
Quantitative Finance, 6(5), 365-367.

Duan, Jin-Chuan, 1995, The GARCH Option Pricing Model, Mathematical Finance, 5, 13-32.
Dupire, Bruno, 1994, Pricing with a Smile, Risk, 7, 18-20.

Galai, Dan, 1983, The Components of the Return from Hedging Options Against Stocks, Journal
of Business, 56, 45-54.

35



Gelderblom, Oscar, and Joost Jonker, 2004, Completing a Financial Revolution: The Finance of
the Dutch East India Trade and the Rise of the Amsterdam Capital Market, 1595-1612, The
Journal of Economic History, 64-3, 641-671.

Heston, L. Steven, 1993, Closed-Form Solution for Options with Stochastic Volatility, with
Application to Bond and Currency Options, Review of Financial Studies, 6, 327-343.

Hull, C. John, and Wulin Suo, 2002, A methodology for assessing model risk and its application
to the implied volatility function model, Journal of Financial & Quantitative Analysis, 37(2),
297-318.

Hull, C. John, 2002, Options, Futures, and Other Derivatives 5th edn. (Prentice Hall).

Jarrow, A. Robert, and Andrew Rudd, 1982, Approximate option valuation for arbitrary
stochastic processes, Journal of Financial Economics, 10, 347—69.

Jarrow, A. Robert, 2011, Risk Management Models: Construction, Testing, Johnson School
Research Paper Series No. 38-2010, Cornell University.

Jiang, J. George, and Roel C.A. Oomen, 2002, Hedging derivatives risks: a simulation study,
Working paper, University of Warwick.

Kairys, P. Joseph Jr., and Nicholas Valerio 111, 1997, The market for equity options in the 1870s,
Journal of Finance, 52, 1707-1723.

Kim, In Joon, and Sol Kim, 2004, Empirical comparison of alternative stochastic volatility
option pricing models: Evidence from Korean KOSPI 200 index options market, Pacific-Basin
Finance Journal, 12(2), 117-142.

Lam, Kin, Eric Chang, and Matthew C. Lee, 2002, An empirical test of the variance gamma
option pricing model, Pacific-Basin Finance Journal, 10, 267-285.

Leland, E. Hayne, 1985, Option Pricing and Relation with Transaction Costs, Journal of Finance,
40, 1283-1301.

Melino, Angelo, and Stuart M. Turnbull, 1995, Misspecification and the pricing and hedging of
long term foreign currency options, Journal of International Money and Finance, 13(3), 373-
393.

Merton, C. Robert, 1973, Theory of rational option pricing, Bell Journal of Economics and
Management Science 4, 141-183.

Mixon, Scott, 2002, Factors Explaining Movements in the Implied Volatility Surface, Journal of
Futures Markets, 22(10), 915-937.

36



NASDAQ OMXa. (no date), OMX Stockholm 30. Available:
https://indexes.nasdagomx.com/data.aspx?IndexSymbol=OMXS30GlI. Last accessed 23rd May
2011.

NASDAQ OMXb, (no date), Rules for the Construction and Maintenance of the OMX
Stockholm 30 Index, Version 1.3, p3.

NASDAQ OMX, 2010, Rules for the Construction and Maintenance of the NASDAQ OMX and
Oslo Bars All-Share, Benchmark, Tradable and Sector Indexes, Version 1.9.2, p18.

Rao, Nageswara, and Sanjay Khumar Thakur, 2008, Optimal Hedge Ratio and Hedge Efficiency:
An Empirical Investigation of Hedging in Indian Derivatives Market, Society of Actuaries.

Rubinstein, Mark, 1994, Implied Binomial Trees, Journal of Finance, 69(3), 771-818.
Sim, Ah Boon, and Ralf Zurbruegg, 1999, Inter-temporal volatility and price interactions
between Australian and Japanese spot and futures stock index markets, Journal of Futures
Markets, 19(5), 523-540.

Stix, Gary, 1998, A Calculus of Risk, Scientific American, May 1998.

Vahamaa, Sami, 2003, Skewness and kurtosis adjusted Black—Scholes model: a note on hedging
performance, Finance Letter, 1, 6-12.

Vahamaa, Sami, 2004, Delta hedging with the smile, Financial Markets and Portfolio
Management, 18(3), 241-255.

Wilmott, Paul, 2006, Paul Wilmott on Quantitative Finance (New York: Wiley).

Yung, H.M. Haynes, and Hua Zhang, 2003, Empirical investigation of the GARCH pricing
model: hedging performance, The Journal of Futures Markets, Vol. 23, No. 12, 1191-1207.

Zhao, Yonggan, and William T. Ziemba, 2007, On Leland’s option hedging strategy with
transaction costs, Finance Research Letters, 4, 49-58.

37



Appendix

Table 3: Average Implied Volatilities for the Sample

Moneyness Days-to-Expiration
Sample Period S/K <60 60-180 >180
June 2007 - March 2011 <0.9 33.02 31.45 30.24
0.9-0.97 25.6 24.11 21.96
0.97-1.03 27.99 25.02 22.5
1.03-1.1 30.99 27.68 23.73
>1.1 39.72 29.29 22.3
June 2007 - June 2008 <0.9 30.96 28.07 27.25
0.9-0.97 22.51 22.06 20.43
0.97-1.03 23.23 23.01 21.29
1.03-1.1 26.77 25.51 22.8
>1.1 29.68 25.27 19.61
July 2008 - June 2009 <0.9 39.8 40.58 36.68
0.9-0.97 36.15 32.29 27.66
0.97-1.03 39.75 34.99 26.76
1.03-1.1 41.79 35.77 26.04
>1.1 37.93 29.24 20.19
July 2009 - June 2010 <0.9 29.36 22.47 20.36
0.9-0.97 20.91 21.39 20.51
0.97-1.03 19.07 22.7 21.54
1.03-1.1 24.9 26.48 22.13
>1.1 44.98 36.19 28.01
July 2010 - March 2011 <0.9 21.95 21.36 20.19
0.9-0.97 16.63 17.92 19.48
0.97-1.03 - 19.84 21.6
1.03-1.1 44.66 24.11 25.51
>1.1 41.6 25.4 26.6
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Figure 5: Implied Volatility Smirk July 2009 - June 2010
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Figure 8: Medium-term Options Implied Volatility Surface
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Figure 12: Short-term ATM BSM, Kurtosis and Skewness Adjusted, and Local Delta
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Table 9: Adjusted, Local, Regression-Based Delta F test (the two-tailed probability that the
variances are not significantly different)

REG LOC AD)J

LT xOTM 0.00 * 0.26 0.00 *
OT™M 0.00 * 0.00 * 0.77
ATM 0.00 * 0.00 * 0.00 *
I™ 0.00 * 0.00 * 0.1Q ***
xITM 0.00 * 0.00 * 0.04 **

MT xOTM 0.00 * 0.00 * 0.00 *
OT™M 0.00 * 0.00 * 0.06 ***
ATM 0.00 * 0.00 * 0.00 *
I™ 0.00 * 0.00 * 0.19
xITM 0.00 * 0.00 * 0.03 **

ST xOTM 0.00 * 0.00 * 0.00 *
OTM 0.00 * 0.08 **x* 0.01 *
ATM 0.00 * 0.90 0.01 *
I™ 0.00 * 0.00 * 0.98
xITM 0.00 * 0.00 * 0.00 *

*significant at 1%

** significant at 5%

*** significant at 10%
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Table 14: Hedging Errors for Sample Sub Periods (1: June 2007 — June 2008; 2: July 2008 — June
2009; 3: July 2009 - June 2010; 4: July 2010 — March 2011)

1DAY MAHE RMSHE
Moneyness Maturity DELTA D+G ADJ LOC REG ADJ
xOTM ST 1 1.14 1.16 1.14 1.88
2 2.21 2.21 2.10 3.45
3 0.59 0.59 0.62 0.98
4 0.18 0.19 0.24 0.33 0.33 0.38
MT 1 2.20 2.22 2.09 3.12 3.13 2.98
2 3.09 3.09 2.92 4.86 4.87 4.61
3 1.70 1.70 1.62 2.59
4 0.64 0.64 0.63 1.01
LT 1 4.94 4.96 4.71
2 2.80 2.81 2.60
3 2.43 2.43 2.26
4 1.08 1.08 1.02
oT™™ ST 1 4.11 4.13 3.86
2 5.78 5.78 5.40
3 1.30 1.29 1.20
4 0.35 0.35 0.37
MT 1 5.09 5.14 4.81
2 7.38 7.39 7.00
3 3.16 3.16 2.92
4 1.97 1.97 1.85
LT 1 10.47 10.52 10.30
2 7.81 7.81 7.57
3 5.36 5.36 5.11
4 2.91 2.90 2.77
ATM ST 1 8.76 8.84 8.76
2 9.31 9.31 9.21
3 6.59 6.59 6.51
4 NA NA NA
mMT 1 8.98 9.02 8.97 12.62 12.69 12.60
2 10.21 10.23 10.09 14.32 14.34 14.18
3 5.52 5.51 5.44 7.42 7.42 7.32
4 6.12 6.14 6.07 8.06 8.08 8.00
LT 1 11.14 11.16 11.17 21.62 21.64 21.63
2 10.53 10.55 10.48 16.98 17.00 16.95
3 5.89 5.89 5.81 9.58 9.58 9.46
4 6.32 6.32 6.27 9.22 9.22 9.15
I™ ST 1 12.41 12.43 12.65 18.13 18.18 18.43
2 11.46 11.46 11.66 17.63 17.65 17.86
3 8.38 8.38 8.52 13.46 13.46 13.64
4 9.58 9.58 9.73 12.06 12.08 12.18
MT 1 10.80 10.82 11.02 15.72 15.77 16.00
2 11.95 11.95 12.10 17.57 17.59 17.75
3 9.95 9.95 10.09 17.49 17.49 17.62
4 8.87 8.87 9.00 15.56 15.56 15.69
LT 1 11.91 11.95 12.10 21.60 21.63 21.85
2 12.09 12.10 12.25 18.03 18.05 18.22
3 8.08 8.08 8.19 12.20 12.20 12.32
4 9.06 9.06 9.17 12.92 12.93 13.06
xITM ST 1 12.14 12.12 12.29 16.93 16.94 17.19
2 15.34 15.34 15.53 14.89 23.45 23.48 23.68
3 12.67 12.67 12.76 12.01 20.41 20.41 20.54
4 9.59 9.59 9.65 13.84 13.91
mMT 1 14.94 27.25 27.43
2 14.96 21.79 21.94
3 15.85 26.37 26.47
4 10.51 16.38 16.49
LT 1 10.91 18.56 18.74
2 11.50 16.80 17.03
3 9.18 15.03 15.15
4 8.84 12.13 12.25
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5 DAY
Moneyness

Maturity

MAHE

RMSHE

DELTA

xOTM

ST

2.62
4.31
1.35
0.46

MT

3.34
5.48
3.06
1.19

LT

9.02
5.51
4.74
2.65

OoTM

ST

8.42
12.23
2.19
0.74

MT

8.84
14.00
5.66
3.82

LT

23.27
13.12
9.81
6.10

ATM

ST

16.28

18.73

14.18
NA

MT

16.33
18.94
10.03
11.17

LT

16.67
20.81
9.04
10.11

™

ST

25.53
22.80
20.00
21.77

MT

22.10
22.10
18.19
12.32

LT

22.99
25.39
11.10
18.28

xITM

ST

23.09
38.19
27.75
23.84

MT

27.43
26.83
30.68
19.21

LT

B WNRIAEWNRIEWNRIAEWNRIEWNRIEWNREWNRIEWNREWNRIAEWNRIAEAEWNRIAEAWNRIAWNRIAWNRIAWNR

24.98
22.92
16.82
17.71
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10 DAY
Moneyness

Maturity

MAHE

RMSHE

DELTA

xOTM

ST

4.17
6.15
1.60
0.89

MT

4.44
5.92
4.86
1.78

LT

12.18
6.86
7.15
231

OoTM

ST

12.35
20.44
3.62
1.29

MT

12.59
14.74
9.38
4.58

LT

37.85
15.34
10.61
7.61

ATM

ST

21.83

29.26

25.04
NA

MT

23.48
27.43
13.14
13.90

LT

24.68
21.91
13.31
15.53

™

ST

41.17
35.98
24.19
34.43

MT

31.23
35.75
30.01
15.91

LT

27.12
22.73
17.04
22.48

xITM

ST

MT

37.79
56.19
42.52
30.00

37.75
40.02
30.55

LT

B WNRIAEWNRIEWNRIAEWNRIEWNRIEWNREWNRIEWNREWNRIAEWNRIAEAEWNRIAEAWNRIAWNRIAWNRIAWNR

43.29
11.58
26.39
17.83

45




20 DAY MAHE RMSHE
Moneyness Maturity DELTA D+G ADJ
xOTM ST 1 5.15 6.68 4.94
2 7.53 7.84 7.32
3 1.67 1.64 1.88
4 1.23 1.32 1.47
MT 1 5.14 6.61 4.60
2 6.32 6.85 5.85
3 5.90 5.73
4 2.21 2.41
LT 1 18.48 19.40
2 10.44 10.71
3 6.63 6.66 6.10
4 4.19 3.98 4.00
OTM ST 1 13.19 17.59 11.88
2 24.81 25.65 23.26
3 6.42 6.00 5.88
4 2.56 2.26 2.66
MT 1 14.86 17.71 13.85
2 20.76 21.96 19.47
3 10.48 10.21 9.48
4 5.27 5.43 4.78
LT 1 37.79 38.85 37.05
2 31.40 32.18 30.37
3 13.35 13.22 12.97
4 7.91 7.35 7.51
ATM ST 1 31.23 35.70 30.99
2 33.78 36.76 33.49
3 44.74 43.80 44.01
4 NA NA NA
MT 1 28.23 29.54 28.26
2 39.38 41.49 38.90
3 22.34 21.73 21.99
4 14.75 13.67 14.60
LT 1 32.05 34.35 32.30
2 32.85 33.94 32.82
3 15.98 15.89 15.68
4 23.83 24.33 23.43
I™ ST 1 43.35 42.84 44.56
2 50.30 51.87
3 48.39 48.41
4 10.31
MT 1 42.17 44.03 43.41
2 35.61 35.80 35.96
3 43.74 43.60 44.38
4 28.10 28.33 28.74
LT 1 36.80 38.38 37.71
2 31.12 30.48 31.51
3 27.65 27.35 28.14
4 19.37 19.07 19.62
xITM ST 1 40.95 43.14 40.95
2 | 129.82 129.19 129.82 128.90
3 58.01 57.88 58.01 54.83
4 63.26 63.24 63.26
MT 1 33.42 33.53
2 74.59 74.38 75.29 107.85
3 25.82 25.71 26.03 31.52 31.38
4 19.53 18.85 19.79 24.17 23.45
LT 1 63.79 64.46 64.41 88.06
2 7.10 6.74
3 40.82 39.95 47.52
4 38.15

Darker shading indicates lower hedging error.
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