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Abstract: In this study, three GARCH-type models are compared for the purpose of 

modeling and forecasting volatility in Nordic equity markets. The models assessed are 

the GARCH, the GJR-GARCH, and the EGARCH. Based on the forecasted volatility, a 

trading strategy is applied to test the practical applications of volatility forecasting. 

The models are run with logarithmic returns of four major Nordic equity indices: 

OMXC20, OMXS30, OMXH25, and OSE OBX. The period ranges from 2015 through 

2019.  

The EGARCH is superior in terms of model fit. The GJR-GARCH breaches non-

negativity constraints and the symmetric GARCH is unable to account for the 

asymmetric properties of financial returns under the assumption of normally 

distributed errors. Under the Student’s t distribution, symmetry for Denmark and 

Finland is marginally not rejected, although the news impact curve suggests that 

shocks have an asymmetrical impact on volatility. Furthermore, the EGARCH(1,1) is 

well suited for all markets except for Norway, for which the ARMA(1,0)-EGARCH(1,2) 

is the best fit. 

The GARCH model performs best in terms of forecasting accuracy, while the GJR-

GARCH performs best for Value-at-Risk-limit applications. The trading strategy 

indicates that arbitrage in the Finnish option market is not feasible based on volatility 

forecasts, most likely due to illiquidity of OMXH25 options and a non-synchronous 

relationship between the options and the underlying asset. The trading strategy 

produces positive returns when no hedging is involved. However, when option 

positions are hedged with the underlying index, the strategy produces substantial 

losses. 
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Sammandrag: I denna studie jämförs tre olika GARCH-modeller i syfte att 

modellera och prognostisera volatilitet på den nordiska aktiemarknaden. Modellerna 

som utvärderas är GARCH-modellen, GJR-GARCH-modellen samt EGARCH-

modellen. En handelsstrategi körs utifrån den prognostiserade volatiliteten, i syfte att 

testa modellernas praktiska tillämpning. Som input för modellerna används 

logaritmiska avkastningar från 2015 till 2019 för fyra nordiska aktieindex: OMXC20, 

OMXS30, OMXH25 och OSE OBX. 
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1 INTRODUCTION 

Volatility is a measure of variation in financial returns and is heavily utilized for several 

purposes in finance. For instance, volatility is one of the main components in options 

pricing according to the Black-Scholes option pricing model. Consequently, volatility is 

a central component in option trading strategies, if the Black-Scholes option pricing 

model is used. In addition to option strategies, there has been extensive securitization of 

volatility and several derivatives have been constructed from volatility. The Chicago 

Board Options Exchange (CBOE) created the VIX-index back in 1993, which measured 

the 30-day expected volatility of call and put options of constituents of the S&P 100-

index (CBOE 2019a). As the calculation methodology of the VIX-index later was changed 

in 2003, the underlying index changed from the S&P-100 to the S&P-500 and futures 

based on the VIX-index were introduced. In addition to VIX-futures, other volatility-

based securities have been developed, for example VIX ETFs (exchange traded funds), 

inverse VIX ETFs, VIX options, et cetera. In addition to the previously mentioned S&P 

500-based volatility instruments, there are several other volatility-based products, i.a. 

the oil volatility index (OVX) and the Euro Stoxx 50 Volatility Index (VSTOXX). In the 

Nordics there is the SVIX, which is a volatility index of the OMXS30. Given the large 

securitization of volatility in the past two decades, volatility investing has been made 

available to an increasing number of market participants, both institutional and retail 

investors. Consequently, modelling and forecasting volatility is of interest to investors 

considering investments into volatility-based investment products. 

There are usually two types of volatility when referring to volatility, namely historical 

and implied volatility. Historical volatility refers to past volatility, that is, volatility 

calculated from historical asset data. Historical volatility can e.g. be measured as the 

standard deviation of a particular asset. For returns, it is often stated that historical 

returns are not necessarily indicative of future returns. This also applies to historical 

volatility, making it is less indicative of future volatility than forward-looking volatility 

measures. In contrast to historical volatility, implied volatility is the volatility that can be 

derived from the prices of European call options using the Black-Scholes formula, given 

that the remaining variables of the call option are known, i.e. the price of the underlying 

stock, the exercise price of the option, the time to maturity and the risk-free rate interest 

rate most closely associated with the option’s time to maturity (Bluhm & Yu 2001). 

Consequently, the implied volatility is the financial markets’ estimate of volatility in the 

near term. As with most measures in finance, forward-looking measures are often 

considered more reliable than historical measures. 
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1.1 Research problem 

Under the premise of efficient markets, implied volatility should arguably be a reliable 

estimate of future volatility, implying that only new information should impact implied 

volatility. However, fully efficient markets are not entirely realistic, as market anomalies 

have shown. Volatility clustering is a great illustration of this, as large (small) changes 

usually are followed by large (small) changes. If markets were efficient, a plot of the 

volatility would resemble white noise. It is arguably a market inefficiency, as the 

autocorrelation implies that volatility could be predicted based on historical values, 

contradicting the efficient market hypothesis (EMH).  

Several models have been developed for the purpose of modelling volatility. Examples 

include the autoregressive conditionally heteroskedasticity (ARCH) model by Engle 

(1982), which became a popular model for volatility modelling when it was proposed in 

the early 1980s. The ARCH-model can account for the heteroskedastic properties of 

financial returns, which has been shown to exhibit time varying variance (Engle 1982). 

Since the ARCH-model became a popular model for modelling financial data, several 

extensions to the model have been developed. The generalized ARCH (GARCH) model 

was independently developed by Bollerslev (1986) and Taylor (1986) to overcome 

limitations of the ARCH-model. The GARCH-model is more parsimonious than the 

ARCH-model, as it can be estimated with very few parameters and the non-negativity 

constraints are less likely to be violated (Brooks 2014). However, the traditional GARCH-

model is symmetric and thus cannot distinguish between positive and negative shocks. 

Since there is evidence of asymmetric response to positive and negative shocks (see 

Nelson, 1991; Rabemanjara & Zakoian, 1993; Bae & Karolyi, 1994; Zakoian, 1994; 

Koutmos & Booth, 1995; Koutmos, 1998), several asymmetric extensions to the GARCH-

type models have been developed, including the exponential GARCH-model by Nelson 

(1991) and the GJR-GARCH-model, named by its authors, Glosten, Jagannathan and 

Runkle (1993). 

In the case that markets are not as efficient as the EMH states, market actors could, in 

theory, profit from the discrepancy between implied volatility and the actual volatility. If 

implied volatility is estimated incorrectly, options valued with the Black-Scholes options 

pricing model are no longer correctly priced. In theory, investors could potentially gain 

excess returns by employing trading strategies that exploit this mispricing in option 

prices, e.g. through a delta-hedge strategy. 
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1.2 Purpose of the study 

The purpose of this study is to model and forecast volatility in Nordic equity markets. To 

assess the feasibility of profiting from mispriced options in Nordic equity markets, a 

trading strategy is applied to Finnish equity index derivatives. ARCH-type models are 

utilized in this study, as they are well-suited for financial time series due to leptokurtosis 

and volatility clustering in financial data. Due to the asymmetric properties of financial 

data, asymmetric GARCH-models, such as the EGARCH-model or the GJR-GARCH-

model, are utilized in this study, given that these models have better model fit than the 

symmetrical GARCH. All three models are evaluated for forecasting purposes as well as 

for the trading strategy. 

1.3 Delimitations of the study 

The study is geographically delimited to the following Nordic countries: Finland, 

Sweden, Norway and Denmark. Iceland has been excluded as the Icelandic stock 

exchange, ICEX, lacks equity derivatives that utilizes volatility as a component for asset 

pricing, meaning that volatility trading strategies are of little to no use on the ICEX. 

Furthermore, the market capitalization of ICEX is very small compared to the other 

Nordic countries. As for asset classes, only equity markets are examined. Since ARCH-

type models work best with high-frequency data, the data is of daily frequency. 

1.4 Contribution 

This study contributes to existing literature as there have been very few studies on 

volatility modelling in the Nordics during the past three decades. To the author’s 

knowledge, there’s only a total of three published studies modelling volatility in the 

Nordic equity markets. There have been previous theses on individual Nordic stock 

markets, but these are not discussed in this study as they have not been peer-reviewed 

to same extent as published articles. No study has, to the author’s knowledge, examined 

whether a volatility-based option trading strategy would be feasible in the Finnish 

derivatives market. 

Most of the published studies are from the late 90s (see Booth, Martikainen & Tse 1997; 

Hyytinen 1999) and are potentially outdated, as the market has changed drastically since 

then. For example, the average daily trading volume on the Nordic stock exchanges have 

increased by 188% from 1997 to 2018 (Nasdaq 2019). Increased trading volume has been 

shown to result in asymmetric herding behaviour (Jlassi & Bensaïda 2014), which could 

result in higher asymmetry between negative and positive shocks of the same magnitude. 
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It could also be the case that leverage effects have become more pronounced during 

recent years, as both the ECB and the Swedish Riksbank ventured into negative interest 

rate territory in 2014 and 2015 respectively. Of all the Nordic countries, Norway is the 

only country that yet has not cut its interest rates below zero. 

In addition to the above, some of the previous studies could be inconclusive due to 

misspecifications and failed diagnostics. For example, the most recent study, by Dritsakis 

and Savvas (2017), is potentially flawed due to misspecification, as the authors utilize the 

GARCH-in-mean model, which is unable to account for asymmetry, which have been 

shown to exist in financial time series (Bae & Karolyi, 1994; Koutmos & Booth, 1995; 

Nelson, 1991; Rabemanjara & Zakoian, 1993; Zakoian, 1994; Koutmos, 1998). If leverage 

effects are present, the asymmetric extensions to the GARCH-model are better suited for 

modelling stock returns, for example the EGARCH-model by Nelson (1991) or the GJR-

GARCH-model by Glosten, Jagannathan and Runkle (1993). Furthermore, Dritsakis and 

Savvas (2017) apply diagnostics incorrectly, which questions the reliability of their 

results. As for one of the other studies, Hyytinen’s (1999) sample contains very few 

observations, which could interfere with the conclusions based on maximum likelihood 

(ML), including ML-based information criteria, on which the author forms his 

conclusions. 

1.5 Structure of the study 

The structure of the study is the following: in chapter 2 the theoretical framework of 

volatility modelling and the properties of financial data is examined. Furthermore, the 

methodology for the study is presented. In chapter 3, relevant literature is examined on 

the topic of volatility modelling in the Nordics, volatility forecasting, and theoretical 

applications of trading strategies. Chapter 4 describes the data and descriptive statistics. 

In chapter 5, the results are presented and discussed. In addition, the results of the 

trading strategy are presented. Chapter 6 is a summary of the study and suggestions for 

further research is given. 
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2 THEORETICAL FRAMEWORK 

In the following chapter, the theoretical framework and the methodology for the study 

are presented. The chapter starts with an introduction to implied volatility and ARCH-

type models as well as the properties that make ARCH-type models attractive for 

modelling financial time series. Furthermore, diagnostic tests for ARCH-type models are 

discussed as they are important for assessing model fit. The augmented Dickey-Fuller 

test and the ARCH LM test are described briefly as they are important for the application 

of ARCH-type models. 

2.1 Implied volatility 

Implied volatility is one of the ways of measuring volatility in financial markets. One way 

of deriving implied volatility is by e.g. using the Black-Scholes formula for European call 

options, which is specified as 

𝐶 = 𝑆𝑡𝑁(𝑑1) − 𝑋𝑒−𝑟𝑡𝑁(𝑑2)    (1) 

𝑑1 =
𝑙𝑛(

𝑠𝑡
𝑋

)+(𝑟+
𝜎2

2
)𝑡

𝜎√𝑡
    (2) 

𝑑2 = 𝑑1 − 𝜎√𝑡     (3) 

in which C is the price of the call option, 𝑆𝑡  is the price of the underlying asset at time t, 

X is the strike price of the option, t is the time to maturity for the option measured in 

years, r is the risk free rate, and the 𝜎 is the volatility of the underlying asset (Black & 

Scholes 1973). The price of put options can be derived if C is known, through put-call 

parity stated as 

𝐶 − 𝑃 = 𝑆 −
𝑋

(1+𝑟)𝑡    (4) 

with P being a put option with the same strike price and the same underlying asset as call 

option C. 

Another common measure of implied volatility are volatility indices. The VIX is one of 

the most common volatility indices and was introduced by CBOE in 1993, as a measure 

of expected 30-day volatility implied by option prices of the S&P 100 index (CBOE 

2019b). Both in-the-money (ITM) calls and in-the-money puts were used for calculating 

the VIX. The VIX is often mentioned in financial news as a gauge of stock market 
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uncertainty, often referred to as the “fear index”. In 2003, the CBOE changed the method 

of calculation for the VIX to include calls and puts of the S&P 500 instead (CBOE 2019b). 

The VIX is an average based on a range of weighted prices with different strike prices. 

Interested readers are referred to the VIX white paper for the calculation of the VIX (see 

CBOE 2019b). Since the VIX is a measure of implied volatility, forecasted volatility from 

GARCH-type models could in theory, given reliable estimates, be used to profit from 

asset mispricing by buying undervalued, and writing overvalued, options. However, 

since there are no readily available volatility indices for each Nordic country, the Black-

Scholes formula is used in this study to assess the price of options, based on potential 

mispricing suggested by the volatility models. 

2.2 Autoregressive volatility models 

There are several models available for modelling volatility. Traditional linear models, i.a. 

the classic ordinary least squares (OLS) model, are unable to model several distinct 

features of financial data, including volatility clustering, leptokurtosis, and leverage 

effects (Brooks 2014). Volatility clustering means that volatility appears in clusters when 

plotting variance through time in time series data. With volatility clustering, large 

changes are followed by large changes and likewise, small changes are followed by small 

changes, regardless of sign. Leptokurtosis refers to the shape of the data distribution and 

indicates fat tails and higher peaks around the mean. For comparison, the traditional 

Gaussian distribution has a kurtosis of three while leptokurtic distributions exhibit 

kurtosis in excess of three. Leverage effects have also been shown to be present in 

financial data, meaning that negative shocks have greater impact than positive shocks of 

the same size (Brooks 2014). These three characteristics of financial data are what makes 

ARCH-type models well-suited for modelling financial returns. 

2.2.1 The ARCH-model 

The autoregressive conditionally heteroscedastic (ARCH) model, introduced by Engle 

(1982), was proposed as an alternative to a previously common assumption of constant 

one-period variance, specified as 

𝑣𝑎𝑟(𝑢𝑡) = 𝜎2     (5) 

𝑣𝑎𝑟(𝑢𝑡) =  𝑣𝑎𝑟(𝑢𝑡−1) = 𝑣𝑎𝑟(𝑢𝑡−𝑛)   (6) 

Formulas (5) and (6) make up one of the assumptions of the classical linear regression 

model (CLRM) (Brooks 2014). Engle (1982) considered this to be an implausible 
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assumption given volatility clustering, which shows that variance is heteroskedastic and 

autocorrelated. Consequently, the ARCH-model was proposed, which allows for the 

conditional variance to be dependent on its past values and allowing it to be time varying. 

The mean equation of the ARCH-model is specified as 

𝑦𝑡 = 𝛽0 + ∑ 𝛽𝑘𝑥𝑡
𝑘
𝑖=1 + 𝑢𝑡    (7) 

𝑢𝑡~𝑁(0, 𝜎𝑡
2)     (8) 

where 𝑢𝑡  is the error term (Brooks 2014). However, while it is common to assume that 

the error term is normally distributed with a mean of zero and a variance of  𝜎𝑡
2, other 

distributions sometimes better describe the distribution of the error term, like e.g. 

Student’s t distribution. The variance equation of an ARCH(1)-model is specified as 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝑢𝑡−1

2     (9) 

in which the conditional variance only depends on one lagged squared error (Brooks 

2014). The conditional variance is likely to depend on more than one lagged squared 

error and the model can therefore be extended as ARCH(q)-model, where 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝑢𝑡−1

2 + 𝛼2𝑢𝑡−2
2 + ⋯ + 𝛼𝑞𝑢𝑡−𝑞

2    (10) 

where q is the number of lags of squared errors (Brooks 2014). Engle (1982) shows that 

the ARCH-model produces a more realistic forecast than the traditional OLS. By 

examining the autocorrelation of squared OLS residuals, Engle (1982) finds that after 

standardizing the conditional distributions, the residuals were closer to truly random 

than under the OLS specification. However, the ARCH-model has several shortcomings, 

limiting its practical application. First, there is no consensus on the best way of 

determining the appropriate number of lags q in the squared residuals (Brooks 2014). 

Second, in order to capture all the dependence of the conditional variance, a huge 

number of lags q would be needed. Finally, since the variance must be positive and 

negative coefficients in the conditional variance could result in negative variance, a non-

negativity constraint is sometimes placed on the coefficients, which is undesirable. As q 

would likely be quite large in the ARCH-model specification, the non-negativity 

constraints are more likely to be violated, limiting the ARCH-model’s usefulness. 
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2.2.2 The GARCH-model 

As a means of overcoming some of the ARCH-model’s limitations, the generalized 

autoregressive conditional heteroscedasticity (GARCH) model was developed, 

independently by Bollerslev (1986) and Taylor (1986). The GARCH-model is usually 

preferred over the traditional ARCH-model, as the GARCH-model is more parsimonious, 

as it allows for the conditional variance to be influenced by an infinite number of past 

squared errors (Brooks 2014). For the ARCH-model to account for an infinite number of 

past squared errors, q would tend to infinity, which is impossible in a finite order ARCH-

model. In the GARCH-model, the conditional variance is influenced by an infinite 

number of past squared errors by only including three parameters in the equation. 

Consequently, the GARCH-model is less likely to breach non-negativity constraints as it 

includes fewer parameters in the variance equation than the ARCH-model (Brooks 

2014). The GARCH(1,1)-model variance equation is specified as 

𝜎𝑡
2 = 𝛼𝑜 + 𝛼1𝑢𝑡−1

2 + 𝛽𝜎𝑡−1
2 ,    (11) 

where σt
2 is the conditional variance at time t and 𝑢2 is the squared residuals. As the 

GARCH-model requires mean reversion, the condition 

𝛼1 + 𝛽 < 1     (12) 

must be satisfied. If 𝛼1 and 𝛽  sum to less than unity, the model indicates mean reversion, 

which is required for the model to perform adequately. Mean reversion gets stronger 

when the sum of 𝛼1 and 𝛽 moves closer to zero. The closer to unity the parameters are, 

the slower the decay. If 𝛼1 and 𝛽 sum to unity, the process is integrated, meaning that it 

potentially could move far from the mean as time passes (Brooks 2014). With integrated 

data, traditional GARCH-models would no longer be deemed adequate as they require 

stationary data. An integrated GARCH-model would then be more suited, unless the data 

is differenced to induce stationarity. 

Because the GARCH-model is non-linear, maximum likelihood is usually employed to 

estimate the model. Under the maximum likelihood function, equation parameters are 

estimated by finding parameter coefficients that could produce the underlying data. This 

is usually done through the log-likelihood function (LLF). (Brooks 2014) 

As mentioned previously, the GARCH-model is a better alternative to the ARCH-model. 

However, the GARCH-model has several shortcomings as well. While the GARCH-model 
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is less likely to breach the non-negativity constraints, it is still possible that it breaches 

these constraints. According to Brooks (2014), the only way of ensuring that the 

coefficients satisfy the non-negativity constraint is to impose artificial constraints on the 

coefficients, which is undesirable. Another shortcoming of the GARCH-model is that it 

fails to account for the asymmetric properties of shocks in financial data (Nelson 1991). 

Furthermore, Nelson (1991) argues that the interpretation regarding shock persistence 

is difficult due to differing norms in persistence measurement. Finally, the specification 

does not allow for any interaction between the conditional mean and the conditional 

variance (Brooks 2014). 

2.2.3 The EGARCH-model 

As a response to limitations of the GARCH-model, Nelson (1991) proposed the 

exponential generalized autoregressive conditional heteroscedasticity (EGARCH) 

model. Nelson (1991) models the variance as 𝑙𝑛(𝜎𝑡
2), which has the advantage that the 

variance naturally always will be positive even though the individual parameters might 

be negative, thus eliminating the need for artificial non-negativity constraints of the 

individual parameters in the model (Brooks 2014). The EGARCH-model also solves the 

GARCH-model’s limitation regarding asymmetry in shocks by adding an asymmetry 

term 𝛿. Nelson’s (1991) EGARCH-model can be specified as 

𝑙𝑛(𝜎𝑡
2) = 𝛼0 + 𝛼1(|𝑧𝑡−1| − 𝐸|𝑧𝑡−1| + 𝛿𝑧𝑡−1) + 𝛽 𝑙𝑛(𝜎𝑡−1

2 )  (13) 

𝑧𝑡−1 = 𝑡−1

𝜎𝑡−1
     (14) 

where 𝛼1 is the ARCH parameter, 𝛿 is the asymmetry term, and 𝛽 is the GARCH 

parameter. A large GARCH parameter 𝛽 indicates high volatility persistence, meaning 

that the conditional variance during the t-1 has some predictive power over the 

conditional variance at time t. The way the variance is modelled allows for asymmetric 

responses between positive and negative innovations. An asymmetry term 𝛿 below zero 

indicates that the impact of negative shocks is larger than positive shocks of the same 

magnitude. The persistence of shocks in the EGARCH-model specification can be 

measured with its half-life, which is specified as 

𝑙𝑛(0.5)

𝑙𝑛(𝛽)
      (15) 
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2.2.4 The GJR-GARCH-model 

The GJR-GARCH-model is an asymmetric GARCH-model and is named after the 

authors, Glosten, Jagannathan and Runkle (1993). The GJR-GARCH-model is derived 

by adding an asymmetry term δ to the traditional GARCH-model and is specified as 

σt
2 = α0 + α1εt−1

2 + δDt−1εt−1
2 + βσt−1

2     (16) 

Dt−1 = 1 if 휀𝑡−1 < 0     (17) 

Dt−1 = 0 if 휀𝑡−1 ≥ 0     (18) 

where δ is the asymmetry term. Shocks have an asymmetric effect on the conditional 

variance if δ > 0. It is noteworthy that the non-negativity constraints can be satisfied 

even while δ is negative if α1 + δ ≥ 0, but in general, all other parameters must be larger 

than zero (Brooks 2014). Shock persistence for the GJR-GARCH-model can also be 

measured by its half-life, which is specified as 

𝑙𝑛(0.5)

𝑙𝑛(𝛼1+𝛽)
     (19) 

and the degree om asymmetry is specified as  

(𝛼1+𝛿)

𝛼1
      (20) 

2.3 Jarque-Bera test 

The Jarque-Bera test is a test for normality of observations proposed by Jarque and Bera 

(1987). The Jarque-Bera test is a popular test for normality due to its simplicity. In case 

the models are estimated under the assumption of normally distributed errors and 

maximum likelihood-based information criteria suggest that the normal distribution is 

a good fit, the JB-test is applied to test whether the distribution of the standardized 

residuals follow a Gaussian distribution. The formula for the Jarque-Bera test is given by 

JB =
n

6
[s2 +

1

4
(K − 3)2]    (21) 

where JB is the value for the Jarque-Bera test, n is the total number of observations, s is 

skewness and K is kurtosis. The higher the JB-value, the lower the likelihood that the 

data follows a normal distribution. The hypotheses for the Jarque-Bera test are stated as 
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H0: JB = 0     (22) 

H1: JB ≠ 0     (23) 

2.4 Augmented Dickey-Fuller test 

Stationarity of the series is important when using ARCH-type models. Non-stationary 

data has different properties than stationary data and can cause spurious regressions and 

behaves differently than stationary data (Brooks 2014). In stationary data, shocks 

gradually fade away, in other words limiting the shock’s impact through time. In 

contrast, shocks to non-stationary series are permanent, meaning that the persistence of 

the shock has an infinite impact. The definition of a stationary series is that the mean, 

variance and the autocovariance are constant for each given lag (Brooks 2014). 

Some financial time series have been shown to contain a unit root, indicating that the 

data is non-stationary. For example, asset prices usually contain a unit root under the 

premise of the EMH and rational expectations, as they follow either a random walk 

process or a random walk process with drift (Brooks 2014). The presence of one unit root 

would make the data integrated of order one, denoted as I(1). Some time series have also 

been shown to contain as much as two unit roots. Differencing the series d times for a 

I(d) integrated process would render the series stationary. 

Tests that detect the presence of a unit root will tell if the time series is stationary or not. 

The augmented Dickey-Fuller test by Dickey and Fuller (1979) is utilized to detect if a 

unit root is present after the asset prices have been differenced. The formula for the 

Dickey-Fuller test can be stated as 

𝑦𝑡 = 𝛼 + 𝜙𝑦𝑡−1 + 휀𝑡     (24) 

where 𝛼 is the constant, 𝜙 is the autoregressive coefficient, and 휀𝑡  is the stationary 

random disturbance term. However, according to Brooks (2014), it’s more common to 

use 

𝛥𝑦𝑡
= 𝛼 + 𝛹𝑦𝑡−1 + 휀𝑡     (25) 

in practice, as it is more intuitive and easier to compute. In (25), 𝛹 is (𝜙 − 1). The test is 

only valid assuming 휀𝑡  is white noise. Autocorrelation in 𝛥𝑦𝑡
 would make the true size of 

the test higher than the nominal, meaning that the correct null hypothesis would be 

incorrectly rejected more often than it usually would (Brooks 2014). To correct for this, 
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the Dickey-Fuller test is augmented, meaning that q lags of the dependent variable are 

added to the equation. This gives 

𝛥𝑦𝑡
= 𝛹𝑦𝑡−1 + ∑ 𝛼𝑖𝛥𝑦𝑡−1+ 𝑡

𝑞

𝑖=1
   (26) 

in which the lags of 𝛥𝑦𝑡
 capture misspecification, ensuring that the error term 휀𝑡  is free 

from autocorrelation (Brooks 2014). A common way of determining the number of lags 

of q required to capture all autocorrelation is to determine q based on an information 

criterion. This final specification (26) is the augmented Dickey-Fuller test. The null and 

alternative hypotheses are stated as 

H0: 𝛹 = 0     (27) 

H1: 𝛹 < 0     (28) 

and under the null hypothesis a unit root is present in the data and would therefore be 

non-stationary. The t-statistic for the ADF-test is usually negative and the null 

hypothesis is rejected if the t-statistic is lower than the critical values; the lower the t-

statistic, the more likely the null hypothesis is to be rejected. 

2.5 News impact curve test 

The news impact curve test is a test for determining whether an asymmetric GARCH-

model is required for modelling the data, or whether a symmetrical GARCH-model could 

be considered adequate (Brooks 2014). The test is applied to the standardized residuals 

of financial returns, after being run through a GARCH-type model. The standardized 

squared residuals should not be predictable if the model is correctly specified. This study 

utilizes volatility diagnostic tests proposed by Engle and Ng (1993) and these are the sign 

bias test (29), negative size bias test (30) and the positive size bias test (31). The three 

tests are also tested with a joint test (32). 

𝑧𝑡
2 = 𝛼 + 𝛽𝑆𝑡−1

− + 𝑒𝑡     (29) 

𝑧𝑡
2 = 𝛼 + 𝛽𝑆𝑡−1

− 휀𝑡−1 + 𝑒𝑡    (30) 

𝑧𝑡
2 = 𝛼 + 𝛽(1 − 𝑆𝑡−1

− )휀𝑡−1 + 𝑒𝑡    (31) 

𝑧𝑡
2 = 𝛼 + 𝛽1𝑆𝑡−1

− + 𝛽2𝑆𝑡−1
− 휀𝑡−1 + 𝛽3(1 − 𝑆𝑡−1

− )휀𝑡−1 + 𝑒𝑡  (32) 
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where 𝑧𝑡 = 𝑡

𝜎𝑡
 are the standardized residuals, 휀𝑡  is an independent and identically 

distributed error term, 𝜎𝑡 is the standard deviation and 𝑆𝑡−1
−  is a dummy variable with 

the value of 𝑆𝑡−1
− = 1 if 휀𝑡−1 < 0, otherwise zero. Significant t-values for the beta 

parameters 𝛽 implies that the model is failing the test. The sign test (29) examines impact 

of positive and negative innovations outside the model’s volatility prediction, while the 

negative (30) and positive (31) size test examines if the model can capture the size of both 

negative and positive innovations (Engle & Ng 1993). 

2.6 Ljung-Box test 

The Ljung-Box test is a test for testing the data for autocorrelation, i.e. if the data points 

in time series are correlated to their previous values. Ljung and Box (1978) built upon 

the Box-Pierce test, which performed poorly for small sample sizes, to derive the 

specification for the Ljung-Box test, which is mathematically expressed as 

𝑄∗ = 𝑇(𝑇 + 2) ∑
�̂�𝑘

2

𝑇−𝑘

𝑚

𝑘=1
~𝜒𝑚

2     (33) 

where m is the maximum lag length, T is the sample size, �̂�𝑘 is the autocorrelation 

coefficient and k is the number lags being tested (Brooks 2014). The null hypothesis of 

the Ljung-Box test states that no autocorrelation is present. The Ljung-Box test is 

basically equivalent to the Box-Pierce test as T tends to infinity. For ARCH-type models, 

the Ljung-Box test is applied to the standardized residuals and the standardized squared 

residuals to test for autocorrelation and remaining ARCH effects in the residuals, since 

it is desirable for model fit to capture all ARCH effects. 

2.7 Maximum likelihood 

GARCH-type models are non-linear, meaning their model fit cannot be evaluated with 

e.g. the residual sum of squares as the OLS does (Brooks 2014). Consequently, GARCH-

type model fit is most often evaluated based on maximum likelihood. Under this method, 

the parameter values of the model that maximizes the log-likelihood function, i.e. finding 

parameter values that appears to be most likely given the data. Assuming the simple 

model  

𝑦𝑡 = 𝜇 + 𝜙𝑦𝑡−1 + 𝑢𝑡 , 𝑢𝑡~𝑁(0, 𝜎𝑡
2)    (34) 

both  
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∑ 𝑙𝑜𝑔 𝜎𝑡
2𝑇

𝑡=1
      (35) 

and 

∑
(𝑦𝑡−𝜇−𝜙𝑦𝑡−1)2

𝜎𝑡
2

𝑇

𝑡=1
     (36) 

should be minimized to maximize the log-likelihood function (Brooks 2014). There are 

several information criteria based on maximum likelihood, i.a. the Bayesian information 

criterion (BIC), Akaike information criterion (AIC), Hannan-Quinn information 

criterion (HQIC), et cetera. Nested GARCH models can intuitively be compared against 

each other by comparing ML based information criteria, which can facilitate model 

selection. The BIC and the AIC are specified as 

𝐵𝐼𝐶 = 𝑙𝑛(�̂�2) +
𝑘

𝑇
𝑙𝑛 𝑇    (37) 

𝐴𝐼𝐶 = 𝑙𝑛(�̂�2) +
2𝑘

𝑇
     (38) 

where T is the sample size, �̂�2 is the residual variance, and k is given by 

𝑘 = 𝑝 + 𝑞 + 1      (39) 

with p and q from the ARMA(p,q)-specification (Brooks 2014). Both information criteria 

are utilized in this study, since the BIC penalizes additional parameters more than the 

AIC, which will help avoid overfitting during model selection. 

2.8 ARCH Lagrange multiplier test 

The ARCH Lagrange multiplier test was proposed by Engle (1982) in order to test the 

residuals for ARCH effects. As mentioned in chapter 2.2.1, Engle (1982) shows that if the 

series are conditionally heteroskedastic, the squared residuals are autocorrelated. 

Recent residuals therefore have some predictive power over future values, which can be 

accounted for with ARCH-type models. Under Engle’s (1982) test, the regression 

휀𝑡
2 = 𝛽0 + (∑ 𝛽0휀𝑡−𝑠

2𝑞

𝑠=1
) + 𝑣𝑡     (40) 

is run, where 휀 is the residual. The 𝑅2 of regression (40) is then multiplied with the 

number of observations of the series. Under the null hypothesis, the residuals are 

homoscedastic, i.e. representing white noise (Engle 1982). 
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2.9 Forecast error measurement 

To assess the accuracy of the forecasts produced by the volatility models, two error 

measures are utilized, namely the mean absolute error (MAE) and the mean squared 

error (MSE). The forecast measurement errors are calculated on the entire out-of-sample 

observations by comparing the forecasts against realized values. The MSE is specified as 

𝑀𝑆𝐸 =
1

𝑇−(𝑇1−1)
∑ (𝑦𝑡+𝑠 − 𝑓𝑡,𝑠)

2
𝑇

𝑡=𝑇1

    (41) 

where T is the sample size, 𝑇1 is the first out-of-sample observation and 𝑓𝑡,𝑠 denotes the 

forecast at time t for s-steps ahead (Brooks 2014). Due to the quadratic property of the 

MSE, it penalizes larger forecast errors more than the MAE, in which case the forecast 

errors would be strictly penalized if there are outliers in the data. It could therefore be 

beneficial to complement the MSE with the MAE, which can be specified as 

𝑀𝐴𝐸 =
1

𝑇−(𝑇1−1)
∑ |𝑦𝑡+𝑠 − 𝑓𝑡,𝑠|

𝑇

𝑡=𝑇1
    (42) 
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3 PREVIOUS LITERATURE 

There have been few volatility studies focusing on Nordic equity markets. There are two 

older studies by Hyytinen (1999) and Booth, Martikainen and Tse (1997), as well as a 

newer study by Dritsakis and Savvas (2017). Hyytinen (1999) examines volatility 

spillovers between the Finnish, Norwegian and Swedish equity markets and find 

evidence for cross-border spillovers during the banking crisis in the 1990s. Hyytinen 

(1999) examines model fit in addition to comparing Finnish banking returns with equity 

index returns, and finds that the TGARCH-model fit Sweden best, while his findings of 

the Finnish and the Norwegian stock markets suggested that the simple GARCH(1,1) was 

the best fit, which is an interesting finding given extensive evidence of asymmetry in 

financial literature. Booth et al. (1997) examine volatility spillovers in the same markets 

as Hyytinen (1999), with the addition of Denmark. Booth et al. (1997) find that the 

EGARCH-model describes each market well and find that there are some spillover effects 

between the Nordic stock markets. In addition to the two older studies, there’s a recent 

study by Dritsakis and Savvas (2017), examining the same markets as Booth et al. (1997) 

but utilizing the GARCH-M-model. Dritsakis and Savvas (2017) argue that the 

ARMA(0,1)-GARCH-M(1,1) is a better fit than both the EGARCH-model and the 

TGARCH-model, which is interesting given that the GARCH-M-model neglects the 

asymmetric impact between positive and negative shocks, which has been argued to exist 

in financial data (Nelson, 1991; Rabemanjara & Zakoian, 1993; Zakoian, 1994; Koutmos, 

1998). 

This chapter is divided into two parts. The first part describes and compares previous 

volatility studies focusing on Nordic equity markets. In the second part, studies focusing 

on the practical applications of volatility forecasting are described and examined to 

assess whether volatility forecasting models can be utilized in the Nordic equity markets. 

3.1 Booth, Martikainen and Tse (1997) 

Booth, Martikainen and Tse (1997) examine volatility spillovers in Nordic equity 

markets, namely Denmark, Sweden, Norway, and Finland. They utilize a multivariate 

extension to the traditional EGARCH-model and run it with data from 1988 through 

1994. Data for Denmark is proxied through the KFX-index, Norway through the OBX-

index, Sweden through the OMX-index and Finland through the FOX-index. The data 

consists of 1574 closing prices of each index, transformed to logarithmic returns. The 

authors examine the Nordic stock markets due to the strong cooperation between them, 

which potentially could contribute to volatility spillovers between the stock markets. The 
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authors refer to a study by Roll (1992), in which reasons for low correlation between 

international equity indices are examined. Roll (1992) finds that several possible reasons 

for this, including very different index components, and differences in exchange rate 

policies and exchange rate behaviour. According to Booth et al. (1997), the differences 

between the Nordic countries taxing systems are small due to the Nordic multilateral tax 

treaty. In addition, the Nordic countries largely follow the same exchange rate policies 

and they all have strong economic ties to each other. In addition, the countries have 

strong ties to both Germany, UK and the US and the Nordic countries base their 

accounting laws and company acts on German law (Booth et al. 1997). These strong 

similarities could indicate the presence of volatility spillovers between the countries’ 

equity markets. 

Booth et al. (1997) argue that an asymmetric volatility model is necessary, quoting Bae 

and Karolyi (1994), and Koutmos and Booth (1995), who collectively find that volatility 

transmission between the stock markets of UK, the US, and Japan have asymmetric 

properties. Therefore, the EGARCH-model meets the requirements, as it can model the 

asymmetric properties of financial returns. In order to adjust for possible excess kurtosis 

in the residuals, after accounting for ARCH effects, the authors apply the Student t-

distribution (Booth et al. 1997). For financial returns, the authors find spillovers between 

Nordic markets. However, none of the spillovers are bi-directional, indicating that there 

is no feedback effect. Booth et al. (1997) find that returns in Sweden spill over to Finland 

and returns in Norway spills over to both Denmark and Sweden. For conditional 

variance, they find that variance in all markets are correlated with their past innovations. 

The authors find volatility spillovers from Sweden to Norway and Finland, and spillovers 

from Finland to Sweden, causing a bi-directional relationship between Finland and 

Sweden. Persistence was measured as the half-life of shocks and the strongest volatility 

persistence was found in Finland, while the lowest volatility persistence was found in 

Denmark. Half-life for shocks in each country were the following: Denmark 3.3 days, 

Norway 9.9 days, Sweden 11.4 days, Finland 18.2 days (Booth et al. 1997). The authors 

conclude that the EGARCH-model is very well suited for volatility modelling in the 

Nordic stock markets, as they find evidence of asymmetric volatility in all markets except 

for Denmark. Furthermore, their results indicate that there is, at best, a very weak 

relationship between the Nordic countries in terms of volatility transmission. 
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3.2 Hyytinen (1999) 

Hyytinen (1999) examines the conditional variance of stock returns in Finland, Sweden 

and Norway. The time series data used in the study range from 1983 for Norway and 

Sweden, and from 1987 for Finland. The shorter timeframe was due to constrained data 

availability prior to 1987 for Finland. Sample data ends in 1997 for all countries. Two 

indices per country is used: one is a benchmark index for each market, and one is a 

banking index. The indices examined by Hyytinen (1999) are the following: the HEX 

General Price Index (GPI) and the HEX Bank & Finance indices for Finland; Veckans 

Affärer (VA) Weighted All share price index and the VA Banks price index for Sweden; 

the Oslo Stock Exchange (OSE) GPI and the OSE Banking price index for Norway 

(Hyytinen 1999). All indices are value-weighted, with weekly observation frequency. 

Hyytinen (1999) transforms price indices to stock returns through 

𝑅𝑡 = 100 ∗ 𝑙𝑛(𝑃𝑡 ∕ 𝑃𝑡−1).   (43) 

Hyytinen (1999) tests both the traditional GARCH(q,p)-model as well as an extension to 

the model. Both q and p are set to unity, as has been proved successful in other 

implementations of the model (Hyytinen 1999). The extension to the traditional 

GARCH-model is added to allow for asymmetry in the volatility, transforming the 

GARCH-model specification to the threshold GARCH-model by Zakoian (1994). The 

TGARCH-model specification as specified by Hyytinen (1999) is 

ℎ𝑡 = 𝜔 + ∑ 𝛼𝑖휀𝑡−𝑖
2𝑞

𝑖=1
+ 𝛾휀𝑡−1

2 𝑑𝑡−1 + ∑ 𝛽𝑗ℎ𝑡−𝑗

𝑝

𝑗=1
  (44) 

where 𝑑𝑡−1 is a dummy variable, that takes the value of zero if 휀𝑡−1 > 0 and takes the 

value of unity otherwise (Hyytinen 1999). If 𝛾 > 0, there is a presence of leverage effects. 

If 𝛾 is non-zero, there’s asymmetry in the volatility. As can be observed from the formula, 

the TGARCH-model by Zakoian (1994) is very similar to the GJR-GARCH-model. 

To find out which model is better suited, Hyytinen (1999) utilizes three types of 

diagnostics. First, Ljung-Box statistics are used to test whether the standardized 

residuals are independent and identically distributed (i.i.d.). Second, a nested version of 

the models is compared to the general model with a log-likelihood ratio test. Finally, the 

Bayesian information criterion (BIC) is compared between the models to determine fit 

versus parsimoniousness. Surprisingly, Hyytinen (1999) find that the GARCH(1,1) was a 

better fit for all the Nordic stock markets. In addition, the author finds that the 
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GARCH(1,1) describes both the Finnish and Norwegian banking returns, but that the 

TGARCH(1,1) is better suited for banking returns in Sweden. Given this interesting 

finding, Hyytinen (1999) checks the robustness of the asymmetry by applying the 

EGARCH-model by Nelson (1991). The results were very similar; the null of symmetry in 

the Swedish banking returns was “marginally not rejected” (Hyytinen 1999). 

In response to these interesting findings, Hyytinen (1999) discusses that asymmetry in 

stock returns has shown different results for different stock exchanges, depending on 

whether the examined markets have been developed or not. He quotes four different 

studies where leverage effects have been present in developed markets (see Nelson, 1991; 

Rabemanjara & Zakoian, 1993; Zakoian, 1994; Koutmos, 1998). Hyytinen (1999) also 

refer to studies by Shields (1997) and Song et al. (1998), who collectively find evidence 

of no asymmetry in the volatilities in two emerging East-European countries. In contrast, 

a study by Henry (1998) find evidence of volatility asymmetry in Hong Kong, 

contradicting the notion that only developed markets show signs of volatility asymmetry. 

In response to these findings, Hyytinen (1999) could have applied the sign and size bias 

tests by Engle and Ng (1993) or the news impact curve test as an additional diagnostic 

test, to check whether symmetric models could be deemed appropriate for the purpose 

of modelling volatility. In addition, Hyytinen’s (1999) data is of weekly frequency, 

resulting in only 532 observations for Finland and 741 observations for Sweden and 

Norway, which is a very limited sample of observations. Ng and Lam (2006) examine 

how sample size affects the reliability of GARCH-models and find that in samples with 

fewer than 700 observations, the maximum likelihood function can produce more than 

one optimal solution. Hyytinen (1999) does not mention whether the possibility of more 

than one solution has been examined. It could very well be the case that the maximum 

likelihood solution is correct, but this cannot be established from the study. The 

recommendation by Ng and Lam (2006) is that a minimum of 1000 observations is 

recommended for traditional GARCH-models, while Hyytinen (1999), at most, has 741 

observations for each market. 

In addition to the previously mentioned concerns, the Finnish banking returns did not 

pass the Ljung-Box autocorrelation tests at a 5% significance level, which show 

autocorrelation in the standardized residuals. Hyytinen (1999) argues that the GARCH-

model still was the most parsimonious model, as the SIC criterion was minimized with 

this model, and the autocorrelation was removed when applying a more complex filtering 

process for the data. However, since the SIC criterion is based on the likelihood function, 
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which as previously mentioned potentially could contain more than one optimal 

solution, the SIC-criterion could be distorted. Furthermore, comparison between the 

EGARCH and the GARCH is not possible as the models are not nested. In light of this, it 

could be that the GARCH-model is not the best model for Hyytinen’s (1999) purposes. 

3.3 Dritsakis and Savvas (2017) 

Dritsakis and Savvas (2017) examine daily return series of stock indices in the Nordics, 

including OMX Helsinki 25, OMX Copenhagen 20, OMX Stockholm 30, and Oslo Børs’ 

AXLT index. The Norwegian index consists of returns from 1983 through 2016, the 

Swedish index from 1986 through 2016, the Finnish index from 2001 through 2016, and 

the Danish index from 1996 through 2016. Dritsakis and Savvas (2017) examine stock 

market returns in Nordic for largely the same reasons as Booth et al. (1997), including 

strong financial cooperation, similar tax systems, et cetera. Dritsakis and Savvas (2017) 

utilize the GARCH-M(1,1). Dritsakis and Savvas (2017) specify the mean equation for the 

GARCH-M-model as 

𝑅𝑡 = 𝜇 + 𝑜𝑡ℎ𝑒𝑟 𝑡𝑒𝑟𝑚𝑠 + 𝛿𝜎𝑡−1
2 + 휀𝑡   (45) 

where 𝜎2 is the conditional variance (incorrectly referred to as the “conditional 

covariance”), reflecting the risk premium. The variance (also incorrectly referred to as 

the “conditional covariance”) equation is specified as  

𝜎2 = 𝜔 + ∑ 𝛼𝑖휀𝑡−𝑖
2𝑞

𝑖=1
+ ∑ 𝛽𝑗𝜎𝑡−𝑗

2
𝑝

𝑗=1
   (46) 

which is the same as the traditional GARCH-model variance equation.  

Dritsakis and Savvas (2017) start by examining the data; they show that the raw data 

appears to follow a random walk process and that the return series appear to be 

stationary. To test for ARCH effects, the authors run the Ljung-Box test. However, they 

run the test on the daily returns and the squared returns, not the standardized residuals. 

The authors conclude that there are ARCH effects present, indicating that ARCH-type 

models are appropriate, which is incorrect since it appears as the standardized residuals 

have not been examined. As nothing can be said regarding the Ljung-Box test, it could 

be that the models are misspecified. However, it is more likely that ARCH-type models 

are suitable, as other studies have shown the presence of ARCH effects in the residuals 

of similar data. The authors then continue by examining model fit for the Nordic stock 

indices, evaluating the ARCH-model, the GARCH-model and the GARCH-M-model. 
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They find that the ARMA(0,1)-GARCH-M(1,1)-model best describes all the indices, 

except for Sweden, as they argue that the ARMA(0,3)-GARCH-M(1,1)-model is better 

suited for Sweden. 

In light of the previously mentioned concerns, the results of Dritsakis and Savvas (2017) 

might not be entirely reliable, as the authors only test symmetrical ARCH-type models. 

Several studies have shown that negative shocks to stock prices have larger impact than 

positive shocks of the same size (Nelson, 1991; Rabemanjara & Zakoian, 1993; Zakoian, 

1994; Koutmos, 1998). Therefore, it could be warranted to use models that capture this 

asymmetric effect, like the EGARCH-model or the TGARCH-model. The authors argue 

that the GARCH-M-model can capture asymmetry through the heteroskedastic term 𝜎𝑡
2 

in the equation mean, but as Al Refai, Abdelaziz Eissa and Zeitun (2017) state, the 

GARCH-M-model is “inherently symmetric” and unable to capture the asymmetric effect 

in stock returns. Dritsakis and Savvas (2017) state that their results show that volatility 

in each market responds stronger to negative shocks than positive shocks, but this 

conclusion does not appear to have any basis in the model estimations. The risk premium 

coefficient is statistically significant for all markets, indicating the presence of a risk 

premium. However, no conclusion regarding the volatility asymmetry is drawn from the 

coefficient, indicating that Dritsakis and Savvas (2017) statement regarding volatility 

asymmetry appear to be misleading, as nothing can be said about the volatility 

asymmetry from just the risk premium coefficient. 

However, it is worth pointing out that while some studies find shocks to have an 

asymmetrical impact depending on the sign, some studies have also shown that 

symmetrical GARCH-models could be deemed appropriate in cases where asymmetry is 

not present. Therefore, it would have been appropriate for Dritsakis and Savvas (2017) 

to utilize the news impact curve test by Engle and Ng (1993) to find out whether the 

symmetrical GARCH-M-model could be deemed suitable for their purposes, or whether 

an asymmetrical GARCH-model would have been better suited. To conclude, while 

applying diagnostics could’ve strengthened the authors’ findings, and maybe even 

justified the use of a symmetric GARCH-model, the study still appears to contain several 

other shortcomings for it to be considered reliable. 

3.4 Bluhm and Yu (2001) 

Bluhm and Yu (2001) examine several techniques for estimating and forecasting 

volatility of German equities. Four of these are ARCH-type models and the fifth is the 
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stochastic volatility (SV) model. The models are evaluated based on their forecasting 

errors and the best performing model is then used for forecasting volatility. The 

forecasted volatility is then used as the basis of a trading strategy, to test the practical 

application of the volatility forecasting. The authors state that the SV-model rarely is 

used for forecasting in literature, which they seem to find surprising as they argue that 

the model is superior to traditional ARCH-type models (Bluhm & Yu 2001). The authors 

argue that volatility forecasting models could have useful practical applications, quoting 

Brailsford and Faff (1996), who state that volatility generally is agreed to be predictable, 

in contrast to market returns, implying that the market isn’t fully efficient in estimating 

volatility (Bluhm & Yu 2001). 

In theory, deriving the volatility implied by options prices should be rather 

straightforward, given the values of the remaining variables constituting the Black-

Scholes options pricing model. In practice, deriving implied volatility is a little more 

difficult, due to several market imperfections, such as e.g. large bid-ask spreads on 

illiquid options. Bluhm and Yu (2001) list three problems for deriving the implied 

volatility in practice. First, for most options prices, the current price of the underlying 

asset used for calculating the price of the option is often not synchronous with the closing 

price of the underlying asset, as option prices lag the price of the underlying asset. Small 

errors could therefore arise if the closing price of the underlying asset is used as an input 

for the closing price of the option. Second, the bid-ask spread can sometimes be huge for 

out-of-the-money options and in-the-money options, which makes it more difficult to 

derive the “correct” price (Bluhm & Yu 2001). Finally, lack of liquidity in the options 

market can distort option forecasts. 

Bluhm and Yu’s (2001) data consist of daily observations of the DAX-index, which is 

Germany’s primary stock index. The sample period runs from 1988 through 1999, 

totalling 2,876 observations. Closing prices of the index are converted into logarithmic 

returns and the first 2,126 observations are used for forecasting, while the remaining 750 

observations are used as the out-of-sample period to measure errors between forecasted 

values are realized values. The authors point out that the out-of-sample period contains 

both high and low volatility environments, which potentially could interfere with 

forecasting accuracy. The authors use the VDAX-index to derive the implied volatility, 

which is a measure of anticipated volatility of options on the DAX derivatives market, 

similar to the VIX-index for the S&P 500 in the US. The authors state that the VDAX “is 

based on linear interpolation of the volatilities of the two sub-indices that are nearest to 
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a remaining lifetime of 45 calendar days” (Bluhm & Yu 2001). It is worth pointing out 

that the newer version of the VDAX-index, the VDAX-NEW, uses a lifetime of 30 

calendar days, instead of the 45 calendar days as the old VDAX (Deutsche Börse Group 

2019). The reasoning for using the VDAX is that the VDAX doesn’t expire, as the 45-day 

maturity remains constant and is therefore lifetime-independent, eliminating the large 

price movements that usually are present near expiry of an option. Furthermore, the 

authors state several reasons for why the VDAX is suited for deriving implied volatility 

of options and how the VDAX overcomes some of the previously mentioned problems. 

First, the VDAX neglects illiquid out-of-the-money and in-the-money options. Second, 

the VDAX fetches prices in ten second intervals, ensuring up-to-date data. The index is 

only recalculated when the prices of the underlying assets have changed. Third, only 

options with bid-ask spreads of less than 15% are considered in the index, which reduces 

measurement errors. Finally, as the German stock exchange is the world’s second largest 

options and futures exchange, the underlying assets are arguably reasonably liquid 

(Bluhm & Yu 2001). 

Bluhm and Yu (2001) employ four different forecast horizons: 45 calendar days, 180 

trading days, 1 trading day and 10 trading days. The forecast horizon of 45 calendar days 

was chosen since options with time to maturity between one to three months have been 

shown to be the most liquid options. Therefore, the 45-calendar day forecast horizon is 

a natural choice. In addition, the authors employ a 180-trading day forecast horizon, 

since there are options with maturities of up to 2 years and forecasting volatility for these 

maturities is also of interest. Furthermore, the authors employ two shorter forecast 

horizons, 1 and 10 trading days, for the purpose of Value-at-Risk calculations. The 10-

day forecast horizon was chosen due to the fact that some financial institutions are 

required to compute a 10-day forward Value-at-Risk under the Basle Capital Accord from 

1998 (Bluhm & Yu 2001). Mean absolute percentage errors (MAPE) are used to measure 

forecast errors, as the authors argue that the relative deviation between forecasted and 

actual volatility should be of most interest to a practitioner. Bayesian information 

criterion (BIC) is used to determine the appropriate lags of q and p for the ARCH-type 

models. The lags of q and p are the following for the models: GARCH(1,3), GJR-

GARCH(1,3), GARCH-M(1,3) and EGARCH(2,1). Furthermore, the EGARCH-model 

appeared to be the best fit for the data, as it minimized the BIC and performed very well 

in the news impact curve test by Engle and Ng (1993). However, the authors do not 

provide estimation outputs for the models, hence nothing can be said regarding 

diagnostics and the model fit. 
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Bluhm and Yu (2001) find that the EGARCH-model and the GJR-GARCH-model, with a 

forecast horizon of 1 trading day, produced rather accurate forecasts for the purpose of 

Value-at-Risk calculations. However, a general finding for the ARCH-type models was 

that the forecasts gets worse as the forecast horizon is extended, due to low volatility 

persistence parameters in the models. For the GJR-GARCH-model, the mean squared 

prediction error (MSPE) increased to 34.38% from 29.39% when extending the forecast 

horizon from 45 calendar days to 180 trading days. In fact, all the time-series volatility 

models underpredict future volatility according to Bluhm and Yu (2001), primarily based 

on the number of Value-at-Risk boundary violations. However, the authors point out that 

the boundary violations could be caused by caused by the leptokurtic properties of 

financial data, while the Value-at-Risk boundaries rely on normally distributed data 

(Bluhm & Yu 2001). 

To test the practical applications of volatility forecasting, the authors employ a trading 

strategy based on the forecasts. The strategy involves buying and writing European call 

options on the DAX-index, based on option mispricing due to too high or too low implied 

volatility. The corresponding underlying asset is then bought or sold short, depending 

on whether the option is bought or written. The Black-Scholes options pricing model is 

used to determine the true value of the options. The trading strategy will result in profits 

if the forecasted volatility is closer to the realized volatility than the implied volatility 

suggests at the time of trading. Buying the undervalued option and consequently 

shorting the underlying asset will result in a profit if the true volatility is less than the 

implied volatility. The same logic applies to the opposite case: if the actual volatility is 

larger than the implied volatility the overvalued option is written, and the underlying 

asset is bought. (Bluhm & Yu 2001) 

Bluhm and Yu (2001) use MAPE values to determine which model has the best 

forecasting properties and find that the EGARCH(2,1) had the best fit, as it minimized 

forecasting errors. Closing prices of the DAX-index are used to derive the implied 

volatility. The implied volatility is then compared to the forecasted volatility; if the 

forecasted volatility is 20% higher than the implied volatility, the option is bought, and 

if the forecasted volatility is 20% lower, the option is written. The trading strategy takes 

place from July 2, 1999 through October 15, 1999. The strategy works with two options, 

each with a different time to maturity. Option 1 is an at-the-money call option with the 

shortest time to maturity, although at least 7 days to maturity. Option 2 largely have the 

same characteristics as option 1, but the time to maturity is 37 to 67 days. DAX-futures 
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are used as the underlying asset instead of the DAX-index, due to high costs associated 

with trading the index itself. Costs of trading are estimated as a bid-ask spread of ± 0.5 

index points plus a €1.00 fee per traded future, which the EUREX charges. The authors 

argue that these assumptions are valid for institutional investors. (Bluhm & Yu 2001) 

As for the results of the trading strategy, the low persistence parameters of the EGARCH-

model cause the model to underperform drastically in the 45-day forecast horizon, as 

volatility is underestimated for all trading days (Bluhm & Yu 2001). Returns for the 45-

calendar day horizon were on average -18.9%, as the EGARCH-model forecasted 20% 

lower volatility of 45 of 51 trading days and never higher than the implied volatility, most 

likely attributable to the low persistence. For option 1, the performance was much better, 

as it averaged 0.89%. The volatility was forecasted 20% lower on 28 of 71 days and only 

20% higher than the implied volatility on one of 71 days. The authors conclude that 

volatility time series models aren’t that great at forecasting volatility for use in a trading 

strategy, referring to similar findings by Blair, Poon and Taylor (2001) and Jorion (1995). 
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4 DATA 

The data used in this study consist of closing prices of the following Nordic equity 

indices: the OMXH25 for Finland, the OMXS30 for Sweden, the OMXC20 for Denmark, 

and the Oslo OBX for Norway. The data is of daily frequency and extend for a period of 

roughly 4 years, from 1 January 2015 through 10 December 2019. This period is 

examined as it covers a period of negative interest rates in Europe, which could 

contribute to more pronounced shock asymmetry. 

Data is acquired from Thomson Reuters. Closing prices are converted to logarithmic 

returns with the same procedure as Koutmos and Knif (2002) and Hyytinen (1999), 

which is specified as 

Rt = 100 ∗ ln (
Pt

Pt−1
)    (47) 

where Pt is the closing price of the index at time t. As the raw returns have a zero mean, 

the assumption of a zero mean for the log transformation is therefore valid. The number 

of observations amount to 1289, although one observation is dropped when transforming 

the prices to log returns. Furthermore, the final 100 observations are dropped from the 

sample for estimation purposes, as the final 100 observations are used to measure 

forecast errors. The number of observations used for the estimations should be enough 

for reliable maximum likelihood estimates. 

Table 1 Descriptive statistics of log returns for each market 2015-2019 

  OMXC20 OMXS30 OMXH25 OSE OBX 

Mean 0.03 0.01 0.02 0.02 

Median 0.01 0.02 0.02 0.00 

Standard Deviation 1.07 1.03 1.04 1.04 

Variance 1.14 1.06 1.09 1.08 

Kurtosis 2.98 5.24 4.92 2.10 

Skewness -0.37 -0.61 -0.61 -0.16 

Minimum -5.46 -8.80 -8.75 -5.34 

Maximum 5.14 3.80 4.23 4.41 

Sum 40.73 16.98 30.06 24.48 

Number of observations 1288 1288 1288 1288 

Jarque Bera 29.1 349.9 279.5 48.7 

 

Descriptive statistics of the log returns are presented in table 1. The returns for Sweden 

and Finland are left skewed, indicating that negative observations are more common. 

Furthermore, the returns exhibit rather high excess kurtosis, meaning they have 
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leptokurtic distributions, which is not atypical for distributions of stock market returns 

(Albuquerque 2012). Furthermore, both left skew and excess kurtosis are quite common 

characteristics for financial returns (Brooks 2014). 

It is not surprising that the kurtosis is higher for Finland and Sweden than for Norway 

and Denmark, given the largest negative returns of –8.75% and –8.80% respectively. 

Both values occurred on the 27th of June 2016, the day after the results of the Brexit 

referendum was announced. Because the results of the referendum were announced on 

the Midsummer Friday, both stock markets were closed for the holidays. As for Norway 

and Denmark, the negative stock market effect of the Brexit referendum was spread out 

on two different business days, resulting in a smoother decline than for Finland and 

Sweden. 

The kurtosis of the Danish returns is very close to the kurtosis of a normal distribution, 

but it’s left skew shows some departure from normality. For Norway, the returns appear 

to be following a platykurtic distribution, as Norway shows negative excess kurtosis. The 

Jarque-Bera (JB) clearly rejects the null hypothesis of normal distributed returns as the 

JB-test values are far from zero and statistically significant on a 1% level. The risk-return 

relationship holds for all the indices, as higher returns also are followed by higher 

variance. 

Since ARCH-type models require stationary data, the returns are tested for the presence 

of a unit root test by utilizing the Augmented Dickey-Fuller test. The results of the 

Augmented Dickey-Fuller test are presented in table 2. To set the appropriate lag length, 

two common approaches are tested independently. The first approach determines a lag 

length k that minimizes the Bayesian information criterion (BIC). According to the BIC, 

lag length should be set to 0. However, setting the lag length k to zero could fail to detect 

the presence of a unit root at higher lags. Therefore, to test the validity of the results, the 

lag length k is set according to the number of observations in the time series, as 

𝑘 = [(𝑗 − 1)
1

3]
0

1

     (48) 

where j is the number of observations. For each stock index, the null hypothesis of a unit 

root is rejected; the data is stationary. 
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Table 2 Results of the Augmented Dickey-Fuller test 

Variable k = 0 k = 10 

OMXC20 -36.68* -11.92* 
OMXS30 -37.54* -11.83* 
OMXH25 -35.33* -12.11* 

OSE OBX -38.51* -11.52* 
Critical value for significance on a 1%-level is -3,43. * 
denotes significance on a 1%-level 

 

Finally, the residuals should show evidence of ARCH effects to justify utilization of an 

ARCH-type model. To test for ARCH effects, a constant is regressed against each of the 

stock indices. Engle’s (1982) Lagrange multiplier test is then run on the residuals to 

check for ARCH effects. The results of the test are presented in table 3. The null is 

rejected for each market, indicating presence of ARCH effects in the residuals of the 

series; ARCH-type models are therefore applicable. 

Table 3 Results of Engle’s (1982) ARCH LM test 

Variable Obs*𝑅2 

OMXC20 161.95* 
OMXS30 64.22* 
OMXH25 65.58* 

OSE OBX 111.93* 
* denotes significance on a 1%-level 
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5 RESULTS 

This chapter starts with assessing model fit for the models for each stock market. The 

models being assessed are the GARCH, EGARCH, and the GJR-GARCH. The GARCH-

in-mean is tested briefly for comparison purposes with the study by Dritsakis and Savvas 

(2017). After assessing model fit, the models are used for forecasting volatility. 

Forecasted volatility is then used as an input to the Black-Scholes option pricing formula 

in order to assess the feasibility of trading options based on forecasted volatility. 

5.1 Model fit 

For each index, at least four estimations are run. The first two estimations utilize the 

traditional GARCH(1,1), one assuming normally distributed errors and the other one 

assuming the errors follow a Student’s t distribution. It is usually the case that the 

standardized disturbances do not allow for sufficiently fat tails if normality is assumed, 

especially for financial return series (Brooks 2014). Therefore, depending on which one 

of the distributions is better suited for the data, the EGARCH(1,1) and the GJR-

GARCH(1,1) are run under the better suited distribution assumption. 

Table 4 Results of GARCH(1,1) under normality and Student’s t distribution 

  Normal distribution Student's t distribution 

  OMXC20 OMXS30 OMXH25 OSE OBX OMXC20 OMXS30 OMXH25 OSE OBX 

𝑦𝑡 0.05 0.04 0.04 0.03 0.06 0.05 0.05 0.04 

  (1.73)* (-1.62) (-1.62) (-1.35) (2.51)** (2.07)** (2.08)** (-1.62) 

𝛼𝑜 0.09 0.02 0.03 0.03 0.05 0.03 0.04 0.04 

  (2.88)*** (2.97)*** (2.94)*** (2.59)*** (2.25)** (2.36)** (2.35)** (2.22)** 

𝛼1 0.10 0.10 0.12 0.07 0.10 0.10 0.12 0.09 

  (4.11)*** (6.15)*** (6.14)*** (5.14)*** (3.77)*** (4.67)*** (4.51)*** (3.92)*** 

𝛽 0.82 0.88 0.86 0.90 0.86 0.88 0.85 0.87 

  (17.62)*** (46.39)*** (39.06)*** (40.29)*** (20.95)*** (32.95)*** (24.31)*** (24.34)*** 

T         5.93 9.32 9.73 8.73 

          (6.21)*** (4.22)*** (4.18)*** (4.25)*** 

Values in parentheses are t-values. *, **, and *** denotes significance on 1%, 5%, and 10% level respectively. 

 

The results of the GARCH(1,1) estimations are presented in table 4 and the diagnostic 

test are presented in table 5. For all markets, there is significant model improvement 

when utilizing the Student’s t distribution over the normal distribution. There is some 

parameter improvement, but more importantly, maximum likelihood information 

criteria are minimized with the Student’s t distribution, indicating that the Student’s t 

distribution is better suited for the data. The GARCH(1,1) passes the Ljung-Box test on 



30 
 

both the standardized residuals as well as the standardized squared residuals, suggesting 

that there is no evidence of autocorrelation and no evidence of remaining ARCH effects 

in the residuals, regardless of distribution assumptions. Unfortunately, the symmetrical 

GARCH(1,1) performs poorly in Engle and Ng’s (1993) sign bias test. The null hypothesis 

of no joint effect is rejected on a 5%-significance level for every market under the 

assumption of normality. The same applies to the results based on the Student’s t 

distribution, except for OMXC20 and OMXH25, where the null hypothesis is marginally 

not rejected on a 5%-significance level. As the standard GARCH(1,1) fails to account for 

the asymmetrical properties of financial returns, an asymmetrical model appears to be 

better suited for the returns. However, a symmetrical GARCH-model could potentially 

be considered appropriate, given a 5%-significance level. 

Table 5 Results of GARCH(1,1) diagnostic tests for all markets 

  Normal distribution Student's t distribution 

  OMXC20 OMXS30 OMXH25 OSE OBX OMXC20 OMXS30 OMXH25 OSE OBX 

                  
Maximum likelihood-based information criteria         
AIC 2.84 2.72 2.76 2.78 2.78 2.70 2.74 2.76 
BIC 2.86 2.74 2.78 2.79 2.80 2.72 2.76 2.78 
                  
Ljung-Box test on the standardized residuals         
q = 1 0.31 0.06 1.10 3.26* 0.31 0.06 1.10 3.05* 
q = 2 0.47 0.07 1.35 3.71* 0.54 0.08 1.36 3.48 
q = 5 1.32 1.41 4.24 4.67 1.37 1.45 4.28 4.38 
                  
Ljung-Box test on the standardized squared residuals       
q = 1 0.19 0.06 0.47 1.72 0.24 0.10 0.41 0.86 
q = 5 1.30 0.75 1.59 5.10 1.21 0.74 1.57 4.61 
q = 9 2.36 2.21 3.08 6.71 2.42 2.28 3.20 6.34 
                  
Engle and Ng (1993) sign and size bias tests         
Sign Bias 0.83 0.49 1.45 1.95* 0.93 0.60 1.31 2.09** 
Negative Size Bias 1.15 0.77 0.58 1.43 0.84 0.81 0.45 0.90 
Positive Size Bias 0.60 2.12** 1.09 0.47 0.70 1.94* 1.01 0.27 
Joint Effect 7.82** 14.13*** 8.52** 14.64*** 7.40* 13.64*** 7.40* 13.18*** 

*, **, and *** denotes significance on 1%, 5%, and 10% level respectively. Ljung-Box test for the standardized 
residuals is calculated with degrees of freedom = 0. Ljung-Box test on the standardized squared residuals is 
calculated with degrees of freedom = 2. Ljung-Box test statistic is presented for Ljung-Box tests while t-values 
are presented for the Engle and Ng (1993) sign bias tests. 

 

Some of the results are similar to what previous studies have found. Dritsakis and Savvas 

(2017) also find the Student’s t distribution superior to the assumption of normality, 

based on the log likelihood values. However, the results suggest that a symmetrical 

GARCH-model is unable to account for the asymmetrical properties of financial returns. 

Dritsakis and Savvas (2017) utilize the GARCH-in-mean, which inherently is 
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symmetrical. Furthermore, they do not present any diagnostic tests that support the use 

of the GARCH-in-mean instead of the asymmetrical GARCH models. To test whether the 

GARCH-in-mean could be utilized for the returns in this study, the ARMA(0,3)-

GARCH(1,1)-M is applied to OMXS30, which is the same model and same stock market 

as Dritsakis and Savvas (2017) use in their study. The estimation is presented in table 6 

and the diagnostic tests in table 7. 

Table 6 ARMA(0,3)-GARCH(1,1)-M estimation 

𝜇 -0.11   𝛿 0.18   
  (-1.15)     (1.73)*   
ma(1) -0.02   𝜔 0.03   

 (-0.69)     (2.37)**   

ma(2) 0.00   𝛼𝑖 0.10   
 (0.06)     (4.62)***   

ma(3) 0.03   𝛽𝑗 0.87   
  (0.97)     (32.28)***   
Values in parentheses are t-values. *, **, and *** denotes 
significance on 1%, 5%, and 10% level respectively. 

 

The results show that the model unfortunately fails to account for the asymmetrical 

properties of financial returns, as it fails the joint test on a 1%-significance level. 

However, this is not necessarily contradictory to Dritsakis and Savvas’ (2017) findings, 

as the data is different, but it shows that the GARCH-in-mean most likely is unable to 

account for asymmetry. 

Table 7 Diagnostic tests for ARMA(0,3)-GARCH(1,1)-M 

Maximum likelihood-based information criteria   
Akaike (AIC) 2.70         
Bayes (BIC) 2.73         
            
Ljung-Box test on the standardized residuals and standardized squared residuals 
  q = 1 0.23 q = 1 0.05   
  q = 2 1.44 q = 5 0.74   
  q = 5 3.11 q = 9 2.13   
            
Engle and Ng (1993) sign and size bias tests   
Sign Bias test 0.66         
Negative Sign Bias test 0.70         
Positive Sign Bias test 1.91*         
Joint Effect test 13.47***         
*, **, and *** denotes significance on 1%, 5%, and 10% level respectively. Ljung-Box test for the standardized residuals is 
calculated with degrees of freedom = 3. Ljung-Box test on the standardized squared residuals is calculated with degrees of 
freedom = 2. 
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In light of the shortcomings of the traditional GARCH, the EGARCH and the GJR-

GARCH are estimated under the assumption of standardized errors following a Student’s 

t distribution. The estimations are presented in table 8 and the diagnostic tests in table 

9. 

Table 8 GJR-GARCH(1,1) and EGARCH(1,1) outputs for all markets 

  GJR-GARCH EGARCH 

  OMXC20 OMXS30 OMXH25 OSE OBX OMXC20 OMXS30 OMXH25 OSE OBX 

𝑦𝑡 0.04 0.02 0.03 0.01 0.04 0.01 0.02 0.00 

  (1.83)* (0.90) (1.08) (0.34) (1.66)* (0.43) (0.79) (0.21) 

𝛼0 0.08 0.03 0.05 0.03 0.00 -0.01 -0.01 0.00 

  (2.36)** (2.85)*** (2.92)*** (2.37)** (-0.41) (-1.56) (-1.07) (-0.65) 

𝛼1 0.03 0.00 0.03 0.00 0.17 0.09 0.18 0.06 

  (1.35) (0.00) (1.27) (0.00) (4.31)*** (59.82)*** (4.83)*** (2.93)*** 

𝛽 0.82 0.88 0.84 0.90 0.95 0.97 0.95 0.98 

  (15.17)*** (32.43)*** (24.79)*** (28.31)*** (39.14)*** (21023.23)*** (58.07)*** (509.45)*** 

𝛿 0.14 0.18 0.17 0.14 -0.10 -0.14 -0.12 -0.12 

  (2.69)*** (5.11)*** (4.14)*** (4.37)*** (-3.56)*** (-9.16)*** (-5.14)*** (-8.20)*** 

T 6.30 10.67 10.17 10.17 6.52 11.14 10.05 12.32 

  (5.85)*** (4.10)*** (4.24)*** (3.73)*** (5.66)*** (4.08)*** (4.34)*** (3.17)*** 

Values in parentheses are t-values. *, **, and *** denotes significance on 1%, 5%, and 10% level respectively. 

 

For the Danish OMXC20, the EGARCH(1,1) appears to perform very well. On the other 

hand, the GJR-GARCH(1,1) appear to have some shortcomings. Both models pass the 

Ljung-Box test on the standardized residuals and the standardized squared residuals. 

Furthermore, both models pass Engle and Ng’s (1993) sign bias test, i.e. both models are 

capturing the asymmetry in the returns. The asymmetry parameter δ is statistically 

significant on a 5%-level for both models. Both models indicate that the impact of 

negative shocks is larger than the impact of positive shocks of similar magnitude. 

However, asymmetry under the GJR-GARCH(1,1) appears to be much larger than the 

EGARCH(1,1) estimate. It appears as this is caused by the insignificant ARCH parameter 

𝛼1, which combined with the asymmetry term 𝛿 suggests that the impact of negative 

shocks is 5.5 times larger than that for positive shocks. This is significantly higher than 

both the EGARCH(1,1) and the previous study by Booth et al. (1997), who did not find 

evidence of asymmetry in Denmark. A comparison between the impact of negative and 

positive shocks can be observed from figure 1. 
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Table 9 GJR-GARCH(1,1) and EGARCH(1,1) diagnostic tests for all markets 

  GJR-GARCH EGARCH 

  OMXC20 OMXS30 OMXH25 OSE OBX OMXC20 OMXS30 OMXH25 OSE OBX 

                  

Maximum likelihood-based information criteria         

AIC 2.78 2.66 2.72 2.73 2.78 2.65 2.72 2.73 

BIC 2.80 2.68 2.74 2.76 2.80 2.68 2.74 2.75 

                  

Ljung-Box test on the standardized residuals         

q = 1 0.27 0.01 1.59 3.10* 0.35 0.01 1.73 5.12** 

q = 2 0.37 0.03 1.84 3.74* 0.41 0.04 2.09 5.98** 

q = 5 1.04 1.39 4.77 4.95 1.31 1.34 5.30 7.61** 

                  

Ljung-Box test on the standardized squared residuals         

q = 1 0.58 0.94 0.76 0.07 0.20 0.13 0.26 2.29 

q = 5 1.31 2.78 1.77 7.73** 1.17 0.83 0.80 9.22** 

q = 9 2.78 3.84 2.66 10.40** 2.87 1.59 1.55 12.30** 

                  

Engle and Ng (1993) sign and size bias tests         

Sign Bias 0.99 0.74 1.78* 1.43 0.97 0.48 1.60 0.90 
Negative Size 
Bias 0.11 0.96 1.75* 0.05 0.15 0.35 1.39 0.98 

Positive Size Bias 0.29 1.79* 0.30 0.12 0.19 1.33 0.10 0.61 

Joint Effect 2.66 7.72* 5.97 4.19 2.86 4.28 4.16 3.63 

*, **, and *** denotes significance on 1%, 5%, and 10% level respectively. Ljung-Box test for the standardized 
residuals is calculated with degrees of freedom = 0. Ljung-Box test on the standardized squared residuals is 
calculated with degrees of freedom = 2. 

 

The GARCH parameter 𝛽 is significant and rather large for both the GJR-GARCH(1,1) 

and the EGARGH(1,1). Consequently, the persistence of shocks is quite high for the 

EGARCH(1,1), indicating a half-life of shocks of roughly 13 days. The GJR-GARCH(1,1), 

on the other hand, indicates a half-life of just 4 days, which is significantly lower than 

the EGARCH(1,1). This is caused by the insignificant ARCH parameter 𝛼1, which is not 

statistically different from zero given a 5%-significance level. For the EGARCH(1,1), all 

parameters in the variance equation are statistically significant on a 5%-level, except for 

the intercept 𝛼0 which is not statistically different from zero. While none of the 

parameters are negative in the GJR-GARCH(1,1), the ARCH parameter 𝛼1 is required to 

be larger than zero for the model to be valid (Brooks 2014). Since the models are not 

nested, they can’t be compared with the likelihood-based information criteria. However, 

since the GJR-GARCH(1,1) breaches the non-negativity constraints, the EGARCH(1,1) 
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appears to be superior over the GJR-GARCH(1,1) in estimating volatility for Denmark 

during the examined period. 

 

Figure 1 News impact curve for OMXC20 

For OMXS30, the results are quite similar to that for OMXC20. None of the models have 

remaining ARCH effects in the residuals and no autocorrelation, as they both pass the 

Ljung-Box test on the standardized residuals and the standardized squared residuals. 

Furthermore, both models pass the sign bias test, although the GJR-GARCH(1,1) is only 

marginally passing the joint test on a 5%-significance level. Like the Danish stock market, 

the EGARCH(1,1) performs very well both in terms of diagnostics and parameter 

significance, with all essential parameters being statistically significant on a 5%-level. 

The EGARCH(1,1) implies a half-life of 25 days, which is rather long compared to Booth 

et al. (1997), who found the half-life to be roughly 11 days. The asymmetry parameter 𝛿 

in the EGARCH(1,1) is statistically significant and implies that negative shocks have a 

larger impact on the conditional variance than positive shocks of the same magnitude, 

which also was true for Denmark. The results of the GJR-GARCH(1,1) are very similar to 

that of Denmark; the ARCH parameter 𝛼1 is estimated to be exactly zero, which implies 

that the previous day’s squared error term has no predictive power for estimating the 

conditional variance. The results of the GJR-GARCH appear somewhat implausible, as 

they are contradictory to both theory and the parameters of the estimated EGARCH(1,1), 

which implies that the previous periods squared error term is significant in estimating 

the conditional variance. Furthermore, as the test clearly showed presence of ARCH 
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effects in the residuals, the ARCH parameter 𝛼1 of the GJR-GARCH(1,1) should arguably 

be statistically significant. Again, this is most likely due to the GJR-GARCH(1,1) 

breaching the non-negativity constraints, thus limiting its usefulness, as the asymmetry 

tends to infinity when the denominator in formula 20 is zero. The asymmetric 

relationship for all three models for OMXS30 is presented in figure 2. 

 

Figure 2 News impact curve for OMXS30 

 

For OMXH25, the results are very similar to OMXS30. Both the EGARCH(1,1) and the 

GJR-GARCH(1,1) pass all the diagnostic tests. The ARCH parameter 𝛼1 in the GJR-

GARCH(1,1) is insignificant also for Finland, rendering the model invalid. The 

EGARCH(1,1) suggests a half-life of roughly 14 days, which is very similar to Denmark. 

There is asymmetry in Finland as well, with negative shocks having a larger impact than 

positive shocks of the same magnitude, as can be seen in figure 3. 
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Figure 3 News impact curve for OMXH25 

For Norway, both the EGARCH(1,1) and the GJR-GARCH(1,1) are unable to capture all 

autocorrelation and ARCH effects in the residuals. Both models are failing the Ljung-Box 

test on the standardized residuals and the standardized squared residuals. However, 

both models pass Engle and Ng’s (1993) sign bias test. To account for the remaining 

ARCH effects, several variance equation lags are tested for the squared error and the 

conditional variance, in addition to including autoregressive terms in the mean equation. 

The results of the model evaluation for Norway are presented in table 10. 

Table 10 Model evaluation for OSE OBX 

BIC Akaike GARCH(p) ARCH(q) AR MA Diagnostic tests 

2.7498 2.7257 1 1 0 0 Fail 

2.7568 2.7248 2 1 0 0 Fail 

2.7513 2.7232 1 2 0 0 Fail 

2.7526 2.7166 2 2 0 0 Fail 

2.7546 2.7146 2 2 1 0 Pass 

2.7519 2.7199 1 2 1 0 Pass 

2.758 2.722 2 1 1 0 Fail 
Passing diagnostic tests requires the model to pass the Ljung-Box test on both the standardized 
residuals and the standardized squared residuals in addition to passing Engle and Ng (1993) sign bias 
tests. 

 

Based on the Akaike information criterion (AIC), the ARMA(1,0)-EGARCH(2,2) is better 

suited for the OSE OBX than the EGARCH(1,1). Based on the Bayesian information 
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criterion, the ARMA(1,0)-EGARCH(1,2) is better suited. As the BIC penalizes the 

inclusion of additional parameters more than the AIC, the BIC should be more reliable 

in this case. Therefore, the ARMA(1,0)-EGARCH(1,2) appears to be the best fit for 

Norway. Even for Norway, negative shocks have a larger impact than positive shocks of 

the same magnitude, as can be seen from figure 4. 

 

Figure 4 News impact curve for OSE OBX 

5.2 Forecasting 

For forecasting purposes, the GARCH, GJR-GARCH, and the EGARCH are all evaluated. 

While the EGARCH has superior fit over the two other models, it could still be the case 

that another model has better forecasting performance than the EGARCH. Two methods 

for assessing forecast performance will be utilized, namely error measurements and 

Value-at-Risk (VaR) violations. The reason for including VaR violations as a forecasting 

error measurement is that GARCH-type models are used by some financial institutions, 

as some of them are required to calculate VaR for risk management purposes under the 

Basel accord (BIS 2019). Consequently, the number of VaR violations is an intuitive way 

of assessing forecasting accuracy. The GARCH parameter p and the ARCH parameter q 

is set to unity for all markets except Norway, for which p = 1 and q = 2. Forecast errors 

are measured on a sample of 100 out-of-sample observations. 
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Table 11 Model forecast error measurements for each market 

Market Measure GARCH GJR EGARCH 

OMXC20 MSE 0.8118 0.8137 0.8145 

  MAE 0.7127 0.7139 0.7145 

OMXS30 MSE 0.6548 0.6612 0.6646 

  MAE 0.6392 0.6410 0.6419 

OMXH25 MSE 0.6363 0.6378 0.6382 

  MAE 0.6424 0.6436 0.644 

OSE OBX MSE 0.8144 0.8165 0.8162 

  MAE 0.7243 0.7233 0.7237 
 

The forecast measurement errors are presented in table 11. Two measures for error 

measurement are used, namely the mean squared error (MSE) and the mean absolute 

error (MAE). The MSE is higher than the MAE for almost every index, as would be 

expected given the quadratic property of the MSE. In contrast, the MAE is higher than 

the MSE for Finland. The results indicate that the spread between the realized 𝑦𝑡+𝑠 and 

the forecasted values 𝑓𝑡,𝑠 are proportionally lower for Finland for the other Nordic 

countries. This could be an attractive property for utilizing the trading strategy. 

Surprisingly, the GARCH model performed best, both in terms of MSE and MAE, except 

for the Norwegian market, where the GJR-GARCH and the EGARCH appears to have 

performed better. The results are interesting in the sense that the forecasting accuracy 

was not better for models that can capture the asymmetric properties of financial returns. 

The errors for the mean equation are quite high, which is expected since financial returns 

do not show patterns of autocorrelation, compared to the variance of financial returns. 

For VaR forecasting, forecasts are made for one day ahead and repeated 100 times. The 

final 100 observations are omitted from the original sample as they will be used for 

evaluation between predictions and realized returns. A VaR violation is defined as the 

case when the realized return is lower than the VaR measure. 

Table 12 Percentage of VaR-violations for each model 

  OMXC20 OMXS30 OMXH25 OSE OBX 

GARCH 7% 6% 3% 5% 

GJR-GARCH 6% 5% 3% 5% 

EGARCH 7% 7% 3% 4% 
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The results of the VaR violation testing are presented in table 12. The percentage for each 

market and each model denotes the percentage of times the VaR limit was breached. 

Surprisingly, there does not appear to be any substantial difference in the models’ 

accuracy. The GJR-GARCH performed best, as it only failed marginally for the Danish 

stock market. The GARCH and the EGARCH performed worse, with both models only 

managing the VaR limit in two out of four markets. Overall, while none of the models 

performed great, the GJR-GARCH performed best. 

What is interesting is that the model fit and the error measurements all give different 

results. For model fit, the EGARCH was a clear winner, as the GARCH failed to account 

for the asymmetric properties of financial returns, while the GJR-GARCH breached non-

negativity constraints. However, the GARCH performed best in terms of MAE and MSE, 

and the GJR-GARCH performed best for VaR boundary limits. The results are similar to 

that of Bluhm and Yu (2001), as there was no clear winner in their study either. 

5.3 Trading strategy 

To assess the practical applications of volatility forecasting, a trading strategy is applied. 

The strategy is a long-short option strategy, meaning it also utilizes option writing, i.e. 

selling options short. The strategy involves buying and writing in-the-money European 

call options, based on whether the options are overvalued or undervalued according to 

the volatility forecasts. The underlying asset of the options is the OMXH25 index. The 

annualized volatility forecasts will be used as input for the Black-Scholes formula. If the 

price according to the Black-Scholes formula is below the close price of the option, the 

option is bought. If the price according to Black-Scholes is above the close price, the 

option is written. Options are held for one day and the positions are closed at the next 

day’s close price. Therefore, the return on each trade is the difference between the option 

price at time t and the option price at time t+1, with the sign based on whether the option 

has been written or bought. Transaction costs are estimated at 1 euro per traded option. 

This includes both exchange fees that EUREX charges as well as broker fees. Exchange 

fees are approximately 0.50 euro per option as of EUREX’s price list from 10 February 

2020 (EUREX 2020). Trading is done under the restriction that no position can exceed 

5% of the total capital, for risk management purposes. Therefore, since the strategy only 

allows for a single position, the trading capital is always restricted to max 5% of the total 

capital. The strategy is run from 24 July to 9 December 2019. 
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Table 13 Annualized returns of the trading strategy 

  GARCH GJR-GARCH EGARCH 

Excluding transaction costs       
Period return 11.4% 6.6% 9.2% 
Annualized return 28.7% 16.8% 23.2% 
Long trades 35 34 32 
Short trades 64 65 67 
Including transaction costs       
Period return 8.91% 4.3% 7.92% 
Annualized return 22.5% 10.9% 20.0% 
Long trades 35 34 32 
Short trades 64 65 67 
Return during 24 July 2019 through 9 December 2019 has been annualized as the 
number of trading days in the period divided by 250. 

 

The results of the trading strategy are presented in table 13. Based on the volatility 

forecasts from all models, it appears as the option series used for the trading strategy 

were overvalued, as the options were written roughly two out of three times. 

Equivalently, options were only bought on only 32-35% of the trading days. While the 

number of short trades and long trades are quite similar between the models, their 

performance differ greatly. Nevertheless, the annualized returns of all models are all 

positive and all strategies have risk-adjusted returns above one, in other words a positive 

Sharpe ratio. However, the positive returns could be a coincidence and might not yield a 

great risk-adjusted return in the long run. To test whether the volatility forecasts could 

yield arbitrage, the strategy will also buy or short sell the index based on the volatility 

forecasts, in a similar fashion as Bluhm and Yu (2001). The underlying index is bought 

if the options is sold short, and vice versa. The results of the “arbitrage” strategy are 

presented in table 14. 

Table 14 Results of an attempted arbitrage strategy based on volatility forecasts 

  GARCH GJR EGARCH 

Period return -29.18% -29.19% -29.19% 
Annualized return -73.69% -73.71% -73.71% 
Daily return: Average -0.35% -0.35% -0.35% 
Daily return: Minimum -0.88% -0.88% -0.88% 
Daily return: Maximum -0.19% -0.19% -0.19% 
Return during 24 July 2019 through 9 December 2019 has been annualized as the 
number of trading days in the period divided by 250. 
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As can be seen from the returns in table 14, the strategy quickly became infeasible when 

attempting arbitrage. The strategies yield a negative return every trading day, averaging 

a negative daily return of -0.35 percent. It should also be noted that the strategy ignores 

bid-ask spreads, which would yield even lower returns if applied. The negative returns 

suggest that the relationship between option prices and the prices of the underlying index 

are mismatched, as the strategy yields a negative return each trading day. The most likely 

case is that the options are more illiquid compared to the underlying index, causing 

option price distortion. Another contributing factor could be that the closing price of the 

index and the option are nonsynchronous, as hypothesized by Bluhm and Yu (2001), in 

which case the option could be valued with a previous value of the underlying index. 

However, if that were the only factor, the strategy would be exposed to the market, which 

arguably should produce positive returns once in a while. As this is not the case, it 

appears as the price distortion of OMXH25 options is too large to accommodate for any 

arbitrage strategies. 
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6 SUMMARY 

In this study, three GARCH-type models are compared for the purpose of modeling and 

forecasting volatility in Nordic equity markets. The models assessed are the GARCH, the 

GJR-GARCH, and the EGARCH. Based on the forecasted volatility, a trading strategy is 

applied to test the practical applications of volatility forecasting. The models are run with 

logarithmic returns of four major Nordic equity indices: OMXC20, OMXS30, OMXH25, 

and OSE OBX. The period ranges from January 2015 to December 2019, which covers a 

period of negative interest rates in the Nordics. 

The results indicate that no model is a clear winner. The EGARCH is superior in terms 

of model fit, as it passes all diagnostic tests and all essential parameters are significant 

on a 5%-level. The GJR-GARCH breaches non-negativity constraints and the symmetric 

GARCH is unable to account for the asymmetric properties of financial returns under the 

assumption of normally distributed errors. The error distribution is more closely 

resembled by the Student’s t distribution than the Gaussian distribution, which is in line 

with previous research. Under the Student’s t distribution, symmetry for Denmark and 

Finland is marginally not rejected on a 5%-significance level, although the news impact 

curve suggests that shocks have an asymmetrical impact on volatility. Furthermore, the 

EGARCH(1,1) describes each market best for all markets except for Norway, for which 

the ARMA(1,0)-EGARCH(1,2) is the best fit, as it minimizes the BIC. The GARCH model 

performs best in terms of forecasting accuracy, based on the mean squared error and the 

mean absolute error, while the GJR-GARCH performs best for VaR limit applications. 

The trading strategy indicates that arbitrage in the Finnish derivatives market is 

unfeasible based on volatility forecasts, most likely due to illiquidity of OMXH25 options 

and a non-synchronous relationship between the options and the underlying asset. The 

trading strategy produces positive returns when no hedging is involved. However, when 

option positions are hedged with the underlying index, the strategy produces substantial 

losses. 

Suggestions for further research would be to assess the forecasting accuracy of other 

volatility models in the Nordic equity markets, such as stochastic volatility models or 

multivariate GARCH-type models. Furthermore, the trading strategy could be applied to 

more liquid option markets to test whether arbitrage could be achieved in more efficient 

derivatives markets. Additionally, the trading strategy could be developed further, e.g. 

by focusing specifically on deep in-the-money options only, as this would reduce 

transaction costs substantially, as fewer contracts would be necessary to gain a sizeable 
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position. Furthermore, the methodology of the trading strategy could be evaluated by 

checking if the Black-Scholes formula is best practice in assessing option mispricing, as 

there could be other alternatives that are better at pricing publicly traded options. 
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