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Abstract 

The aim of this thesis is to examine if the implied volatility of OMXS30 index options 

represented by the SIX volatility index can produce accurate and unbiased forecasts of 

the future volatility on the Stockholm Stock Exchange. In addition we also examine if 

the implied volatility contains any additional information about the future volatility that 

cannot be captured by various time-series forecasting models. The forecasts made by 

the SIX volatility index and the time-series models are evaluated by their accuracy, 

predictive power and informational content. Lastly GMM-estimations are performed to 

test whether implied volatility contains any incremental information. By analyzing our 

results we find that the SIX volatility index is a good predictor of the future realized 

volatility on the OMXS30, however the results also indicate a bias in the forecasts. The 

GMM-estimations indicates that the SIX volatility index contains no additional 

information when forecasting beyond the horizon of one day.   
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1 Introduction 

In this part we will present the background to the area of volatility and review some of 

the previous research on the topic of volatility forecasting. We will also highlight the 

problem statement, purpose and limitations of our thesis.  

1.1 Background 

In recent years much of the financial research has been aimed at studying volatility 

modeling. This is due to the fact that volatility is the most common determinant of risk 

in the financial markets. Volatility is a measure of deviation from the mean value and 

high volatility means high risk (Figlewski 1997). Volatility is often used as input in 

asset pricing models such as the Capital Asset Pricing Model and is also important in 

the pricing of various derivatives.  

The options market grew heavily after Black & Scholes (1973) introduced a new 

method of pricing options. The Black-Scholes model provided investors with a 

simplified way for the pricing of European options. The inputs for applying the model 

are all easily observable except one which is the volatility of the options underlying 

asset. Since volatility is unobservable it has to be estimated and it is not straightforward 

how to do that. But the crucial role of volatility in the financial markets makes it 

important that reliable future estimates can be constructed. 

Much research has been focused on how to estimate future volatility and many different 

ways of forecasting has been developed. Model based forecasting such as 

Autoregressive Conditional Heteroskedasticity (ARCH) models are a common 

forecasting technique but the use of implied volatility is also widely researched.  

Implied volatility draws on the relationship between the price of an option and the 

volatility of the underlying asset that the Black-Scholes model implies. Since the 

volatility is the only unobservable input in the pricing of options it is possible to go 

backwards through the formula to retrieve the volatility from the option price. Implied 

volatility is therefore believed to be the markets future assessment of the volatility (Hull 

2012). The belief is that implied volatility may possibly contain more information about 

future volatility than what might be contained by forecasting models that are based on 

historical data (Knight & Satchell 1998).   
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1.2 Previous Research 

How to estimate future volatility has been a very hot topic of research for quite some 

time. Many papers regarding both models based forecasting and forecasting using 

implied volatility has been published.  

The earlier studies of Latane & Rendelman (1976), Chiras & Manaster (1978) and 

Beckers (1981) all came to the conclusion that implied volatility did have informational 

content on future volatility. However the authors at this time did not have access to 

relevant time series data so these papers focused more on cross-sectional tests with a 

certain sample of stocks. 

Regarding research on the forecasting performance provided by different forecasting 

models the paper of Akgiray (1989) achieves results that are indicating that forecasting 

with a GARCH model outperforms historical volatility and the Exponential Weighting 

Moving Average (EWMA) Model. Andersen & Bollerslev (1998) also reach the same 

conclusion that the GARCH model performs relatively well with their model explaining 

around 50 % of the informational content of future volatility. Cumby et al. (1993) 

researches the out of sample forecasting ability of an Exponential GARCH model 

(EGARCH). They reach the conclusion that the EGARCH outperforms the forecasting 

ability of historical volatility but that the overall explanatory power is not excellent. 

Different types of ARMA-models can also be used to forecast volatility. The research of 

Pong et al. (2004) concludes that an ARMA (2,1) model can be useful when forecasting 

volatility over shorter time horizons.  

Regarding papers concerning implied volatility where extensive time-series data has 

been used Canina & Figlewski (1993) investigated the predictive power of implied 

volatility derived from options on the S&P 100 index. Their results showed that implied 

volatility was a poor forecast of realized volatility. Contrarily the study of Lamoureux 

& Lastrapes (1993) finds that implied volatility were in fact a good predictor of realized 

volatility and outperformed model based forecasting. Their study focused on 10 stocks 

with options traded on the Chicago Board of Option Exchange (CBOE). Day & Lewis 

(1992) examines implied volatility from options on S&P 100 and concludes that implied 

volatility has significant forecasting power. Although their research also concludes that 

implied volatility necessarily does not contain more information than models such as 

GARCH/EGARCH. Fleming (1998) also examines if implied volatility from S&P 100 
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options is an efficient forecasting technique. In contrast to Day & Lewis (1992) Fleming 

(1998) concludes that implied volatility in addition to outperforming historical volatility 

also outperforms ARCH type models. 

Most recent studies focus on the informational content of so called volatility indices. 

Blair et al. (2001) investigate the explanatory power of the S&P 100 volatility index 

(VXO), which is an index of implied volatility on the S&P 100. Blair reaches the same 

conclusion as the articles of Lamoureux & Lastrapes (1993) and Fleming (1998) that the 

implied volatility performs better than model based forecasting. A similar study 

performed by Becker et al. (2006) on the S&P 500 volatility index (VIX) shows a 

positive correlation between the VIX and future volatility. Their research does not 

contradict that implied volatility can be a better forecaster than using time series 

models. A year later in 2007 Becker et al. published a follow up on their initial research 

and investigate whether implied volatility contains any additional information that is not 

covered by any model-based forecasts. Their results indicate that implied volatility does 

not contain any additional information of the future volatility.  

However even if implied volatility is found to be the best forecaster in many papers it 

does tend to produce biased forecast. Both Lamoureux & Lastrapes (1993) and Blair et 

al. (2001) find evidence of a downward bias, hence implied volatility underestimates the 

future volatility. Fleming (1998) also detects that the forecast made by the implied 

volatility might be biased.  

The Meta-analysis of Granger & Poon (2003) looks at a total of 93 articles concerning 

volatility forecasting. They find that the forecasting models that perform the best are the 

models that take the asymmetry of volatility in account such as an EGARCH or GJR-

GARCH model. But they also conclude that implied volatility outperforms forecasting 

models in general. To them the question is not whether volatility is possible to forecast 

or not, it is how far in the future we can accurately forecast it. EGARCH and GJR-

GARCH are asymmetric models that were developed by Nelson (1991) and Glosten et 

al. (1993) respectively.   
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1.3 Problem Description 

As mentioned in section 1.1 volatility plays a big role in financial markets. Volatility is 

used in decision-making processes and risk management but is also important in 

derivative pricing. Hence it is imperative that reliable future estimates can be produced. 

This thesis will be aimed at comparing different volatility forecasting methods on the 

Stockholm Stock Exchange. Our main focus will be on implied volatility that is 

represented by an index called SIX Volatility index (SIXVX) and how well future 

volatility can be forecasted in the Swedish market. We want to examine and evaluate 

which forecasting method that produces the better forecasts of the future realized 

volatility.  

Most of the previous research in the area is performed for the US market. The results of 

these studies are not unanimously but there is more weight on research articles that 

conclude that implied volatility is the best predictor. Due to the lack of studies on 

implied volatility on the Swedish market the authors of this thesis see an opportunity in 

potentially providing valuable insights on the topic of volatility forecasting. To 

accomplish this task we will focus on the OMX Stockholm 30 index and test the 

forecasting ability of its volatility index (SIXVX) on future realized volatility. 

Furthermore since most previous research concludes that implied volatility is the best 

predictor of future volatility we want to put our main focus on implied volatility. The 

outcome that implied volatility is the best is usually obtained by comparing the forecast 

results from each model-based forecast and the implied volatility.  What is not often 

investigated is if implied volatility can outperform a combination of model-based 

forecasts as studied in Becker et al. (2007).  

More specifically these are the questions that we want to answer:  

 Does implied volatility produce a better forecast of the future realized volatility 

than what is produced by forecasting using time-series models?  

 Does implied volatility produce an unbiased forecast of the future realized 

volatility? 

 Does implied volatility contain any additional information about the future 

realized volatility that is not captured by the model-based forecasts?  
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1.4 Purpose 

The purpose of this thesis is to determine if implied volatility is a good method to use 

when forecasting the volatility on the Stockholm stock exchange. More specifically we 

want to examine if implied volatility produces an unbiased and better out-of-sample 

forecast of the realized volatility on the Stockholm stock exchange than model-based 

forecasts. To fulfill our purpose and provide answers to our research questions we will 

evaluate the forecasting accuracy, predictive power and informational content of each 

forecasting technique. We will also investigate if implied volatility contains any 

additional info than what is captured by a combination of the various time-series 

models.  

1.5 Delimitations 

The data used for the thesis consists of roughly 10 years of daily data since the volatility 

index has only existed since 2004. There is no possibility to cover all the forecasting 

models that exists so we have limited ourselves to those that fit the characteristics of our 

data. The same goes for the quality evaluation methods that are used to compare the 

forecasting accuracy of the different forecasting methods. OMX Stockholm 30 Index 

will be used as the representative for the entire Swedish equity market. 

1.6 Thesis Outline 

Here we will present a brief overview of the overall outline of the thesis. Chapter 1 has 

introduced the reader to the subject of volatility, previous research, and our purpose and 

research questions. Chapter 2 will continue to explain what volatility is, the different 

types of it and the characteristics that are observable in volatility. These characteristics 

are the foundation for the 3rd chapter where we will describe our chosen forecasting 

methods and how we will forecast using these methods. In the same chapter we will 

also go over how the forecasts will be evaluated and the different tests that we will 

conduct such as predictive power, informational content and the test for additional 

information. Chapter 4 is a chapter about the data used in the thesis. The chapter will 

explain how the SIX volatility index of implied volatility is composed and how it can be 

used to forecast with. Some basic descriptive statistics will also be examined. In chapter 

5 the different results from the forecasting accuracy and the different tests mentioned in 

chapter 3 will be presented. To finalize our thesis there will be a chapter concerning our 

conclusions and suggestions for future research that could be conducted.
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2 Theoretical Background 

In this chapter of the thesis we intend to give the readers an overview of the theoretical 

background to the concepts of volatility, implied volatility and its common features.   

2.1 Different Types of Volatility  

2.1.1 Historical Volatility 

Volatility has many different meanings in the financial world, the most usual is the 

historical volatility. The historical volatility is usually denominated as the standard 

deviation of previously observed daily returns. The volatility is used as a measure of 

risk of the underlying asset, usually a stock. The standard deviation of a sample �̂� is 

calculated using the following formula, where rt is the observed return and 𝑟 is the mean 

return.  

�̂� =  √
1

𝑛 − 1
∑(𝑟𝑡 −  𝑟

𝑛

𝑡=1

)2                                                        (1) 

The returns between the price P at time t and the price in the previous period are 

continuously compounded, which implies 

𝑟𝑡 =  ln (
𝑃𝑡

𝑃𝑡−1
).                                                                 (2) 

 

2.1.2 Realized Volatility 

When evaluating different forecasting methods it is important to have a good measure 

of the ex post volatility to evaluate the forecasts against. Since historical volatility is 

usually computed using daily closing prices a lot of the information is lost (Andersen & 

Benzoni 2008). Therefore another way of computing the ex post volatility is to estimate 

the so-called realized volatility. When estimating the historical volatility daily data or 

less-frequent data is often used, while realized volatility is estimated using intraday data 

(Gregoriou 2008). The usual way to compute realized volatility is to take the square root 

of the sum of the squared intraday returns to get the daily volatility.  But it is also 

possible to use the daily range of the high and low prices to catch the intraday 

movements (Martens & Van Dijk 2007). The realized volatility is calculated to 
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represent the true out of sample volatility and for the OMX Stockholm 30 index it will 

be calculated in the following way. 

𝑅𝑉𝑡 = ln (
𝑂𝑀𝑋𝑆30ℎ𝑖𝑔ℎ,𝑡

𝑂𝑀𝑋𝑆30𝑙𝑜𝑤,𝑡
)                                                      (3) 

Where 𝑂𝑀𝑋𝑆30ℎ𝑖𝑔ℎ,𝑡 stands for the highest intraday price of the OMXS30 on that 

particular day and 𝑂𝑀𝑋𝑆30𝑙𝑜𝑤,𝑡 is the lowest intraday price on the same day. RVt is 

then a proxy for the realized daily volatility on day t.  

The reason for applying a range-based estimate for realized volatility is that a range-

based estimation catches more of the intraday movements of the volatility than the 

method of using the closing prices (Alizadeh 2002). Andersen et al. (2003) recommends 

that observations should be collected within 5-minute intervals of the squared intraday 

returns in order to compute the realized volatility. But without access to costly intraday 

data range-based calculations are preferred. Parkinson (1980) conclude that a logged 

daily high-low price range is an unbiased estimator of the daily volatility that is five 

times more efficient than computing daily volatility using only the closing prices.  

2.1.3 Implied Volatility & Black-Scholes 

The Black-Scholes option-pricing model is the result from the pioneering article by 

Black & Scholes (1973). The model revolutionized the way for traders on how to hedge 

and price derivatives. To determine the price of a European call or put option only a few 

inputs are needed. These inputs are the risk free rate, time to maturity, stock price, strike 

price and the volatility. As we mentioned in section 1.1 the only unobservable input is 

the volatility. However for the pricing formula to work a number of assumptions has to 

be made.  

1. Lognormally distributed returns, which means that the returns on the underlying 

stocks are normally distributed. 

2. No dividends are paid out on the stocks. 

3. Markets are efficient so future market movements cannot consistently be 

predicted. Hence stock prices are assumed to follow a geometric Brownian 

motion with a constant drift and volatility. Denoting St as the stock price at time 

t, μ as the drift parameter, σ as volatility and Wt as the Brownian motion, the 

Brownian motion can be written as  
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dSt = μStdt + σStdWt .                                                    (4) 

The formula of a geometric Brownian motion is then used to calculate the Black-

Scholes differential equation. The solution to the differential equation is the actual 

pricing formula. Let S0 denote the initial stock price at the start of the options maturity, 

r the risk free rate, K the denotation for the strike price of the option and T the maturity 

of the option. The pricing equation can be written as: 

Pricing equation for a call option: 𝑐 =  𝑆0𝑁(𝑑1)–  𝐾𝑒−𝑟𝑇𝑁(𝑑2)                                      (5) 

Pricing equation for a put option: 𝑝 =  𝐾𝑒−𝑟𝑇𝑁(−𝑑2) − 𝑆0𝑁(−𝑑1)                              (6) 

N(dx) is the function for the cumulative probability distribution function for a 

standardized normal distribution and is expressed in the following way where σ is the 

volatility.  

𝑑1  =  
𝑙𝑛 (

𝑆0

𝐾  ) + (𝑟 +  
𝜎2

2 ) 𝑇

𝜎√𝑇
                                                (7) 

𝑑2  =  
𝑙𝑛 (

𝑆0

𝐾
 ) + (𝑟 −  

𝜎2

2
) 𝑇

𝜎√𝑇
= 𝑑1 − 𝜎√𝑇                                  (8) 

 

Implied volatility can then be calculated by rearranging the Black-Scholes pricing 

formula to extract the volatility from observed option prices. While historical volatility 

is only based on past movements of an asset it is not an optimal measure for forecasting 

since we then want to look into the future. Implied volatility is a more forward-looking 

measure that can be seen as what the market implies about the future volatility of an 

asset (Hull 2012). 

2.2 Characteristics of Volatility  

Granger & Poon (2003) point out that volatility has many characteristics that have been 

empirically observed and which all can have an effect when forecasting future volatility. 

Since the purpose of our thesis is to model and analyze different methods of volatility 

forecasting certain features and common characteristics that are typical for volatility 

needs to be identified. To get reliable future estimates it is important that we implement 

forecasting methods that take these characteristics of volatility into consideration. 
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Therefore before we choose which models to apply we want to point out these common 

features of financial market volatility mentioned by Granger & Poon (2003). These 

characteristics are: volatility clustering, leptokurtosis, persistence of volatility and 

asymmetric responses from negative/positive price shocks.  

2.2.1 Volatility Clustering  

Volatility clustering is a phenomenon that describes the tendency for large (low) returns 

in absolute value to be followed by large (low) returns. Hence one can argue that 

volatility is not constant over time but instead tends to vary over time and this is 

something that is observed empirically. Mandelbrot (1963) was the first to describe this 

pattern and it can be found in most financial return series. One explanation for this 

observed phenomenon is according to Brooks (2008) that information that affects the 

return of an asset does not come at an evenly spaced interval but it rather occurs in 

clusters. This is very logical since one would expect that stock returns would be more 

volatile if new information about the firm, their business field and their competitors 

arrives and this is usually available for investors when firms release their financial 

reports. It is likely that our return series will experience volatility clustering and 

therefore it is important to use volatility models that take this characteristic into 

account. We will return to this in section 3.2.1 when discussing ARCH type models.  

2.2.2 Asymmetric Responses to Shocks  

Another common empirically observable feature for the volatility of stock returns 

mentioned by Brooks (2008) is its tendency for it to increase more following a negative 

shock than a positive shock of the same magnitude. In other words this means that past 

returns and volatility are negatively correlated. This is also known as the leverage effect 

if equity returns are considered and was first found by Black (1976) and is linked to the 

hypothesis that negative shocks to stock returns will increase its debt-to equity ratio. 

Hence it will increase the risk of default if the price of a stock falls. Christie (1982) is 

another paper regarding the leverage effect, with the conclusion that volatility is an 

increasing function of a firm’s level of leverage. Therefore volatility is more affected by 

a negative shock than a positive shock. Brooks (2008) acknowledges another 

explanation for asymmetric responses to shocks that is the volatility feedback 

hypothesis. The volatility feedback hypothesis is according to Bekaert et al. (2000) 

linked to time-varying risk premiums. This means that if volatility is being priced then 
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an increase in volatility would require higher expected returns in order to compensate 

for the additional risk and as a consequence of this the stock price would decline 

immediately. Hence the causality of these two hypotheses is opposite each other. While 

it is hard to determine exactly why this asymmetry exists we will still examine if it is 

present in our dataset, if so an asymmetric GARCH model could be preferable. 

2.2.3 Persistence of Volatility 

Granger & Poon (2003) mention that volatility seems to be very persistent and that price 

shocks tend to maintain its effect on volatility. Since volatility is mean reverting the 

level of persistency indicates how long it takes for the volatility to return to its long-run 

average following a price shock. The persistency is also studied by Engle & Patton 

(2001) and their results indicate high persistency. This characteristic is something that is 

important to take into account when estimating ARMA models. If the volatility is non-

stationary this would mean that it is infinitely persistent and the autocorrelation would 

never decline as time progresses, in reality this is unlikely. However if the volatility is 

stationary as it most often should be it could still have a persistent nature. We will 

return to this more explicitly is section 3.1.3. 

2.2.4 Volatility Smile 

Volatility smile is a pattern in implied volatility that has been observed through the 

pricing of options. This pattern in the implied volatilities has been studied by Rubinstein 

(1985, 1994) and later by Jackwerth & Rubinstein (1996). What these papers conclude 

is that the implied volatility for equity options decreases as the strike price increases. 

This contradicts the assumptions of the Black-Scholes model because if the assumptions 

of the model were fulfilled we would expect options on the same underlying stock to 

have the same implied volatility across different strike prices. Hence a horizontal line 

should appear instead of a smile like curve. One assumption of the Black-Scholes model 

is that volatility is constant, but the presence of the volatility smile contradicts that 

assumption since it shows that the volatility varies with the strike price and is not 

constant. The reason for this is that the lognormality assumption does not hold since 

stock returns have been proven to have a more fat-tailed and skewed distribution than 

the lognormal distribution implies. A more fat-tailed distribution means that extreme 

outcomes in the prices of stocks are more likely to occur than what is suggested by a 

lognormal distribution. The volatility smile did not occur in the US market until after 
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the stock market crash in 1987. Rubinstein suggests that the pattern was created due to 

increased “crashophobia” among traders and that they after the crash incorporated the 

possibility of another crash when evaluating options. This is also supported empirically 

since declines in the S&P 500 index is usually accompanied by a steeper volatility 

skew. Hull (2012) also mentions another possibility of the volatility smile that concerns 

the previously discussed leverage effect. Here is a graphical representation of the 

volatility smile for equity options. 

   

Figure 1: Volatility Smile (Source: Hull 2012) 

Another pattern observed in implied volatility is that is that it also varies with the time 

to maturity of an option in addition to the strike price. When short-dated volatility is at a 

historically low value the term structure of the implied volatility tends to be an 

increasing function with the time to maturity. The story is the other way around when 

the current volatility is at a high value, then the implied volatility is usually an 

decreasing function with the time to maturity (Hull 2012).  

2.2.5 Implied Distribution 

Brooks (2008) explains some of the distributional characteristics for financial time 

series and that is leptokurtosis and skewness. Leptokurtosis is the tendency for financial 

asset returns to exhibit fat tail distributions and a thinner but higher peak at the mean. It 

is often assumed that the residuals from a financial time series are normally distributed, 

but in practice the leptokurtic distribution is most likely to characterize a financial time 
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series and its residuals. Skewness indicates that the tails of a distribution are not of the 

same length. As mentioned in the preceding section the fact that the volatility smile 

exists implies that the underlying returns do not follow a lognormal distribution. The 

smile for equity options corresponds to the implied distribution that has the 

characteristics of leptokurtosis and skewness. Here is a comparison of the implied 

distribution for equities and the lognormal distribution.  

            

  

Figure 2: Implied Distribution (Source: Hull 2012) 
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3 Method: 

In this part of the thesis we are going to present different types of volatility forecasting 

models that will be used to conduct our research. We will also present ways to evaluate 

the different methods.  

3.1 Forecasting Using Models 

In order to calculate the future realized volatility on the OMXS30 we will estimate 

some models that can be used for volatility forecasting. The models that will be applied 

are those that can capture the different characteristics of volatility such as clustering, 

leverage effect, volatility persistence and other characteristics mentioned in chapter 2.2.  

3.1.1 Forecasting Principle 

An important part of forecasting is to determine the amount of observations that the 

forecasts will be based on. We have chosen to follow the methodology of Becker et al. 

(2007) where 1000 observations are used to compute forecasts of the average 22-day 

ahead volatility. After the realized volatility has been computed the goal is to forecast 

the average volatility for the upcoming 22 days and to find out what forecasting model 

that performs the best. All model based forecasting will be conducted in the same way. 

Out of sample average forecasts for the upcoming 22 days will be performed using an in 

sample estimation period of 1000 days. We will apply a rolling window estimation 

methodology for our entire sample period so that the whole sample from 7th of May 

2004 until the 5th of March 2014 will be covered. This means that the same number of 

observations will be used for our in-sample estimations, which is then used to create 

out-of-sample forecasts. All forecasts are then evaluated against the realized volatility 

that has been estimated using the log-range of the intraday high/low prices. Here is an 

overview of our in-sample estimations and our out-of-sample forecasts.  
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Figure 3: Forecasting Methodology 

 

The reason for generating out-of-sample forecasts over a 22-day period is to match the 

time-horizon with the SIX Volatility Index, our measure of implied volatility. The index 

value observed at time t represents a forecast of the average volatility of OMXS30 for 

the following 22 trading days (30 calendar days). The values displayed in the index are 

scaled to yearly volatility so it will be transformed to daily volatility to make the 

comparison with realized volatility easier.   

3.1.2 Naïve Historical Model 

This is one of the most straightforward and simple ways of forecasting volatility. The 

procedure is just to take the historically realized volatility and use it as a forward 

estimate of volatility. The reason for using this forecasting method is that the recently 

observed volatility is assumed to continue for the upcoming period (Canina & Figlewski 

1993). Using the realized volatility to forecast uses the assumption that volatility is 

constant, evidence indicates that it is not (Figlewski 1997). We will not use this method 

solely as a forecasting tool as we will also use it as the benchmark model for the Theil-

U statistic to evaluate the forecasting that is done with other more sophisticated 

forecasting methods.  

The average daily realized volatility at time T can be calculated as  

�̂�𝑇 =
∑ 𝑅𝑉𝑡

𝑇
.                                                                     (9) 

In-sample Estimation 

1000 Obs. 

Out-of-sample Forecast 

22 Obs. 

t = 1,…, 1000 t = 1001,…, 1022 

 

t = 2,…, 1001 t = 1002,…, 1023 
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Where �̂�𝑇 denotes the forecast obtained from the naïve benchmark model that represents 

the average daily volatility from the previous T days, which in our case is 22. 

Information on how the realized volatility is calculated is available in section 2.1.2. 

3.1.3 Autoregressive Moving Average (ARMA) 

The Autoregressive moving average model ARMA (p, q) is an important type of time 

series model that is normally used for forecasting purposes since it should be able to 

capture the persistent nature of volatility. In a research paper by Pong et al. (2004) they 

suggest that ARMA type models should capture the stylized features of volatility 

observed in financial markets. In short an Autoregressive Moving Average (ARMA) 

model is constructed by combining a Moving Average (MA) process together with an 

Autoregressive (AR) process. The Autoregressive Moving Average (ARMA) model lets 

the current value of a time series σ to depend on its own previous values plus a 

combination of current and previous values of a white noise error term. Hence, a 

desirable variable σ, which is volatility in our case, will demonstrate characteristics 

from a Moving Average (MA) process and an Autoregressive (AR) process if it is 

modeled after an ARMA model (Brooks 2008). The general ARMA (p, q) model is 

defined as:  

 

𝜎𝑡 =  𝜇 +  ∑ ∅𝑖

𝑝

𝑖=1

𝜎𝑡−1 +  ∑ 𝜃𝑖

𝑞

𝑖=1

𝑢𝑡−1 +  𝑢𝑡                                          (10) 

 

 

The MA (q) part of the ARMA (p, q) model is a linear combination of white noise error 

terms whose dependent variable σ only depends on current and past values of a white 

noise error term. A white noise process is defined in equation (11) and a MA (q) process 

for volatility is defined by equation (12). 

 

𝐸(𝑢𝑡) =  𝜇                             

𝑣𝑎𝑟(𝑢𝑡) =  𝜎𝑢
2                                                                         (11) 

𝑢𝑡−𝑟 =  { 𝜎𝑢
2 𝑖𝑓 𝑡 = 𝑟

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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𝜎𝑡 =  𝜇 + ∑ 𝜃𝑖

𝑞

𝑖=1

𝑢𝑡−1 +  𝑢𝑡                                                   (12) 

 

Equation (11) states that a white noise process has constant mean μ and variance σ2 and 

zero autocovariance except at lag zero. In a MA (q) process the variable q is the number 

of lags of the white noise error terms. If we assume that the MA (q) process has a 

constant mean equal to zero, then the dependent variable σ will only depend on previous 

error terms (u).  

 

The AR (p) part of the ARMA (p, q) model states that the current variable σ depends 

only on its own previous values plus an error term. The AR (p) process where p is the 

number of lags is defined by equation (13).   

 

𝜎𝑡 =  𝜇 +  ∑ ∅𝑖

𝑝

𝑖=1

𝜎𝑡−1 +  𝑢𝑡                                                   (13) 

 

 

An important and desirable property of an Autoregressive (AR) process is that it has to 

be stationary. An AR-process is stationary if the roots of the “characteristic equation” 

all lie outside the unit circle which in other words means that this process does not 

contain a unit root. The reason why stationarity is an important property is because if 

the variables of a time-series are non-stationary then they will exhibit the undesirable 

property that the impact of previous values of the error term (caused by a shock) will 

have a non-declining effect on the current value of σt as time progresses. This also 

means that if the data is non-stationary the autocorrelation between the variables will 

never decline as the lag length increases. This property is in most cases unwanted and 

therefore it is important to take the stationary condition into consideration. There is a 

possibility that the statistical properties in our results obtained from our data will 

contain a unit root and therefore exhibit non-stationary behavior. Hence it is very 

important to test the stationarity condition in order to choose appropriate models. To 

test the stationarity condition we are going to perform the Augmented Dickey-Fuller 
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unit root test (Brooks 2008). The ADF unit root test is an augmented version of the 

Dickey-Fuller test that was initially developed by Dickey & Fuller (1979).  

As stated above an ARMA (p, q) model will demonstrate characteristics from a Moving 

Average (MA) process and an Autoregressive (AR) process and as a consequence of the 

stationarity condition of the AR model a non-stationary process cannot be modeled by 

an ARMA (p, q) model. Instead it has to be modeled by an Autoregressive Integrated 

Moving Average (ARIMA) model. The general ARIMA model is named the ARIMA 

(p, d, q) model, where d is the number of times the variables are differentiated. An 

ARIMA (p, 1, q) is defined as:  

𝑦𝑡+𝑠 = 𝑦𝑡 + 𝛼0𝑠 + ∑ 𝑒𝑡+𝑖

𝑠

𝑖=1

                                               (14) 

𝑒𝑡 = 𝜀𝑡 + 𝛽1𝜀𝑡−1 + 𝛽2𝜀𝑡−2 + 𝛽3𝜀𝑡−3 + ⋯                               (15) 

 

The ARIMA model is modeling an integrated autoregressive process whose 

“characteristic equation” has a root on the unit circle and hence contains a unit root. It is 

therefore an appropriate model for volatility forecasting if a unit root is present.  

3.1.4 Choice of ARMA Models 

The first type of ARMA model we are going to use for forecasting realized volatility is 

the ARMA (2,1) model. This means that the current value of σt will depend on its 

previous values σt-1 and σt-2 plus the previous error term ut-1 and the mean μ. The choice 

of this model is motivated by the findings of Pong et al. (2004). They state that this 

particular model should capture the persistent nature of volatility when it is applied to 

high frequency data. More specifically, they conclude that two AR (1) processes can 

capture the persistent nature of volatility, which according to Granger & Newbold 

(1976) is equivalent to an ARMA (2,1) model. Pong et al. (2004) also mention a 

Autoregressive Fractional Integrated Moving Average (ARFIMA) model which also 

should be able to capture this feature and is therefore also a good model for forecasting 

realized volatility. The advantage of using this model is that if the persistence of 

volatility is very high then an ARFIMA model is more appropriate since it describes 

this long-lived feature better than an ARMA model. The authors however conclude that 
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ARMA (2,1) and ARFIMA models perform equally well when the realized volatility is 

estimated using high frequency data. Since we are forecasting using a short forecasting 

horizon of 22 trading days then an ARMA (2,1) model with coefficients that indicates a 

short memory property would be more appropriate than an ARFIMA model. As later 

observed in section 5.2 our estimated ARMA (2,1) coefficients indicate a short-memory 

property and that the coefficients are stationary. Furthermore, since we use the log range 

estimator to estimate realized volatility to capture its intraday properties we find it 

motivated to choose an ARMA (2,1) model based on the research of Pong et al. (2004).   

The second type of ARMA model we are going to use is the ARIMA (1,1,1) model. By 

looking at the statistical properties of the estimated realized volatility in section 5.1 we 

observe that the realized volatility suffers from the presence of a unit root in some of the 

in-sample estimation periods. We therefore conclude that it would be appropriate to 

forecast future volatility with an ARIMA model to take care of the non-stationary 

property in our series. The ARIMA (1,1,1) model used in Christensen & Prabhala 

(1998) is chosen to complement the ARMA (2,1) model even though there are other 

types of ARIMA models. The motivation for the use of this specific model is to include 

both the MA and AR parts to better serve our purpose in forecasting volatility. More 

specifically we want these two parts to be included because of the persistent nature of 

volatility, hence it will follow some kind of MA and AR process.  

3.1.5 Forecasting with ARMA (2,1)  

To forecast the future volatility we denote 𝑓𝑡,𝑠 as the forecast made by the ARMA (p, q) 

model at time t for s steps into the future for some series y. The forecast function takes 

the following form:  

𝑓𝑡,𝑠 = ∑ 𝑎𝑖𝑓𝑡,𝑠−𝑖 + ∑ 𝑏𝑗𝑢𝑡+𝑠−𝑗

𝑞

𝑗=1

𝑝

𝑖=1

                                                (16) 

𝑓𝑡,𝑠 = 𝑦𝑡+𝑠 𝑖𝑓 𝑠 ≤ 0                

𝑢𝑡+𝑠 = {
0 𝑖𝑓 𝑠 ≥ 0

𝑢𝑡+𝑠 𝑖𝑓 𝑠 < 0
                

Here the 𝑎𝑖 and 𝑏𝑗 coefficients capture the autoregressive part and the moving average 

part respectively. To understand how the forecasting procedure works by using an 
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ARMA (p, q) model, which in our case is an ARMA (2,1) model we need to look at 

each part separately. The MA process part of the ARMA (p, q) model has a memory of 

q periods and will die out after lag q. To see this one should understand that we are 

forecasting the future value given the information available at time t and since the error 

term in the forecast period 𝑢𝑡+𝑠, which is unknown at time t, is included in the forecast 

function it will then be equal zero. This means that the MA part of the forecasted 

ARMA (2,1) model will die out two steps into the future. In contrast to the MA part the 

AR process part of the forecast have infinite memory and will never die out and the 

forecasted value of interest will be based on previous forecasted values. 

3.1.6 Forecasting with ARIMA (1,1,1) 

The forecast function of the ARIMA (1,1,1) model will take the following form: 

𝑓𝑡,1 = 𝜎𝑡 + 𝛼1(𝜎𝑡 − 𝜎𝑡−1)) + 𝛽1(𝑢𝑡 − 𝑢𝑡−1) 

𝑓𝑡,2 = 𝑓𝑡,1 + 𝛼1(𝑓𝑡,1 − 𝜎𝑡))                                                          (17) 

𝑓𝑡,𝑠 = 𝑓𝑡,𝑠−1 + 𝛼1(𝑓𝑡,𝑠−1 − 𝑓𝑡,𝑠−2) 

 

The 𝑓𝑡,𝑠  symbol denotes the forecast made by the ARIMA (1,1,1) model at time t for s 

steps into the future. As in the ARMA (2,1) model the 𝑎𝑖 and 𝑏𝑗 coefficients denotes 

the autoregressive part and the moving average part respectively. Even though the 

intercept μ is included when estimating the model we have chosen not to include it in 

our forecast. The reason for this is that if the intercept is included it would lead to an 

everyday increasing value of the forecasted volatility, this also the case for the ARMA 

(2,1) model.  

 

 

3.2 Autoregressive Conditional Heteroskedastic (ARCH) 

Models 

3.2.1 ARCH Model 

In chapter 2.2 we described some empirically observed features of volatility. One of 

these features was volatility clustering where large (small) absolute returns are followed 

by more large (small) absolute returns. In a study by Engle (1982) it is suggested that 

this particular feature could be modeled with an Autoregressive Conditional 

Heteroskedasticity (ARCH) model. Furthermore, since the volatility of an asset return 
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series is mainly explained by the error term, the assumption that the variance of errors is 

homoscedastic (constant) is contradictory since these errors tend to vary with time. 

Therefore it makes sense to use the ARCH type models that does not assume that the 

variance of errors is constant. The ARCH model consists of two equations, the mean 

equation and the variance equation, which are used to model the first and the second 

moment of returns respectively (Brooks 2008).   

 

The fact that the errors depend on each other over time states that volatility is 

autocorrelated to some extent. This supports the existence of heteroskedasticity and 

volatility clustering. Therefore under the ARCH model, the autocorrelation in volatility 

is modeled by allowing the conditional variance of the error term, (σ2), to depend on the 

immediately previous value of the squared error. The ARCH (q) model, where q is lags 

of squared errors is defined as:  

 

𝑦𝑡 =  𝛽1 +  𝛽2𝑥2𝑡 + 𝛽3𝑥3𝑡 + 𝛽4𝑥4𝑡 +  𝑢𝑡             𝑢𝑡 ~ 𝑁(0, 𝜎𝑡
2)                 (18) 

 

Where equation (18) is the conditional mean equation and equation (19) is the 

conditional variance. 

 

𝜎𝑡
2 =  𝛼0 + 𝛼1𝑢𝑡−1

2 +  𝛼2𝑢𝑡−2
2 + ⋯ +  𝛼𝑞𝑢𝑡−𝑞

2                                     (19) 

 

3.2.2 GARCH Model  

The ARCH model however has a number of difficulties in the sense that it might require 

a very large number of lags q in order to capture all of the dependencies in the 

conditional variance. Hence it is very difficult to decide how many lags of the squared 

residual term to include. This also means that a lot of coefficients have to be estimated. 

Furthermore, a very large number of lags q can make the conditional variance explained 

by the ARCH model to take on negative values if a lot of the coefficients are negative, 

which is meaningless.  
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A way to overcome these limitations and to reduce the number of estimated parameters 

is to use a generalized version of the ARCH model called the GARCH model. The 

GARCH model was developed by Bollerslev (1986) and Taylor (1986) independently 

and is widely employed in practice compared to the original ARCH model. The 

conditional variance in the GARCH model depends not only on the previous values of 

the squared error but also on its own previous values. A general GARCH (p, q), where p 

is the number of lags of the conditional variance and q is the number of lags of the 

squared error is defined by: 

 

𝜎𝑡
2 =  𝛼0 +  ∑ 𝛼𝑖𝑢𝑡−𝑖

2

𝑞

𝑖=1

+  ∑ 𝛽𝑗𝜎𝑡−𝑗
2

𝑝

𝑗=1

                                        (20) 

𝑦𝑡 =  𝛽1 +  𝛽2𝑥2𝑡 +  𝛽3𝑥3𝑡 +  𝛽4𝑥4𝑡 +  𝑢𝑡             𝑢𝑡 ~ 𝑁(0, 𝜎𝑡
2)                     (21) 

 

The most common specification of the GARCH model according to Brooks (2008) is 

the GARCH (1, 1) model that is defined as: 

 

𝜎𝑡
2 =  𝛼0 +  𝛼𝑢𝑡−1

2 + 𝛽𝜎𝑡−1
2                                                  (22) 

 

One of the shortcomings with the GARCH model is that even though it is less likely 

that it takes on negative values it is still possible for negative values of volatility to 

appear if no restrictions are imposed when estimating the coefficients. More importantly 

GARCH models can account for volatility clustering, leptokurtosis and the mean 

reverting characteristic of volatility. However they cannot account for asymmetries on 

returns (leverage effects) (Nelson 1991). 

3.2.3 EGARCH Model 

These restrictions were relaxed when Nelson (1991) proposed the Exponential GARCH 

(EGARCH) model. The advantage of this model is that the conditional variance will 

always be positive regardless if the coefficients are negative, but it will still manage to 

capture the asymmetric behavior. The conditional variance in an EGARCH model can 

be expressed in different ways but we have chosen to use the one specified in Nelson 

(1991), which is the same one that is programmed in Eviews, where the formula is 

given by:  
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ln(𝜎𝑡
2) =  𝜔 +  𝛽 ln(𝜎𝑡−1

2 ) +  𝛾 
𝑒𝑡−1

√𝜎𝑡−1
2

+  𝛼 
|𝜀𝑡−1|

√𝜎𝑡−1
2

                             (23) 

 

The EGARCH model has two important properties. First of all the conditional variance, 

(σ2) will always be positive since it is logged and secondly the asymmetry is captured 

by the (𝛾) coefficient. If the (𝛾) coefficient is negative then it indicates that there is a 

negative relationship between volatility and returns. It also indicates that that negative 

shocks lead to higher volatility than positive shocks of equal size, which is exactly what 

leverage effect is and hence it gives support for its existence. The alpha coefficient (𝛼) 

captures the clustering effects of the volatility. 

3.2.4 Choice of ARCH Models  

Because of the limitations of the simple ARCH model described above we have decided 

in this thesis to concentrate on GARCH type models. The most common form of the 

GARCH model is the GARCH (1,1) model and this model is sufficient in capturing the 

volatility clustering in the data and could therefore be considered. However as 

mentioned above this model does not take the asymmetric behavior of volatility into 

account and since this feature is empirically observed in financial return data this 

particular model might not be the most appropriate one. We have already mentioned the 

use of the EGARCH model to capture this feature but other existing papers apply a 

variation of the standard GARCH (1,1) proposed by Glosten et al. (1993) known as the 

GJR model. The GJR model is designed to capture the asymmetric behavior to shocks, 

but it also shares some issues with the GARCH model. For example when estimating a 

GJR model the estimated parameters could in fact turn out to be negative which could 

lead to negative conditional variance forecasts and this is obviously not very 

meaningful. Therefore we have chosen to use the EGARCH model to avoid this and 

also because this model is the most likely to capture the most common characteristics of 

volatility discussed in chapter 2.2. To assure ourselves that asymmetric GARCH models 

are appropriate we will closely examine the gamma coefficient of the EGARCH. 

3.2.5 EGARCH Model Estimation Using Maximum Likelihood  

When estimating GARCH type models it is not appropriate to use the standard Ordinary 

Least Square (OLS) since GARCH models are non-linear. We therefore employ the 

method known as maximum likelihood to estimate the parameters of the GARCH type 



Method 

 
23 

models. Based on a log likelihood function this method finds the most likely values of 

the parameters given the data. When using maximum likelihood to estimate the 

parameters you first have to specify the distribution of the errors to be used and to 

specify the conditional mean and variance. We will assume that the errors are normally 

distributed and given this the true parameters of our EGARCH model are obtained by 

maximizing its log likelihood function. A more thorough explanation of the maximum 

likelihood estimation is available in Verbeek (2004). 

3.3 Quality Evaluation of Forecasts 

In order to be able to conclude which forecasting method that performs the best in 

predicting future volatility some evaluation measures will be applied. These measures 

will determine the quality of the forecasted out-of-sample values against the observed 

values and will indicate what method that achieves the best results. Each forecasting 

methods predictive power and its informational content will also be evaluated.  

3.3.1 Root Mean Square Error 

The Root Mean Square Error (RMSE) has together with the Mean Square Error (MSE) 

been one of the most widely used as a measure of forecast evaluation. Their popularity 

is largely due to both measures theoretical relevance in statistical modeling (Hyndman 

& Koehler 2006). The RMSE is a so-called scale-dependent measure so it is useful 

when evaluating different methods that are applied to the same set of data, which fits the 

purpose of this thesis very well. RMSE is the same as the MSE measurement but with a 

square root applied to it. The measure is used to compare the predicted values against 

the actual observed values and the lower RMSE the better the forecast. The measure is 

expressed in the following way:  

 

𝑅𝑀𝑆𝐸 =  √
1

𝑇 − (𝑇1 − 1)
∑ (𝑦𝑡+𝑠 − 𝑓𝑡,𝑠)2

𝑇

𝑡=𝑇1

                                  (24) 

 

Where T1 is the first forecasted out-of-sample observation and T represents the total 

sample size including both in and out of sample. The variable ft,s is the forecast of a 

variable at time t for s-steps ahead and yt is the actual observed value at time t. 
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3.3.2 Mean Absolute Error 

The evaluation measure called Mean Absolute Error (MAE) measures the average 

absolute forecast error. It distinguishes itself from the RMSE measure in being less 

sensitive to outliers (Hyndman & Koehler 2006). MAE measures the average of the 

absolute errors. As with RMSE there is no point at applying MAE across different 

series, but it is best used when evaluating different methods on the same data. Brooks & 

Burke (1998) state that MAE is an appropriate measure for forecast evaluation. The 

measure is given by the following formula:  

𝑀𝐴𝐸 =
1

𝑇 − (𝑇1 − 1)
∑ |𝑦𝑡+𝑠 − 𝑓𝑡,𝑠|

𝑇

𝑡=𝑇1

                                     (25) 

 

Again where T1 is the first forecasted out-of-sample observation and T represents the 

total sample size including both in and out-of-sample. The variable ft,s is the forecast of 

a variable at time t for s-steps ahead and yt is the actual observed value at time t. 

3.3.3 Mean Absolute Percentage Error 

An additional quality measure that we will use is the Mean Absolute Percentage Error 

(MAPE). An advantage with MAPE compared to the other measures that we have 

presented is that MAPE is expressed in percentage terms. The measure is recommended 

by Makridakis & Hibon (1995) as a superior evaluation measure for comparing results 

from different forecasting methods. The measure is expressed as following: 

 

𝑀𝐴𝑃𝐸 =
100

𝑇 − (𝑇1 − 1)
∑ |

𝑦𝑡+𝑠 − 𝑓𝑡,𝑠

𝑦𝑡+𝑠
|

𝑇

𝑡=𝑇1

                                     (26) 

 

The variables represent the same meanings as in the RMSE and MAE measures. 
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3.3.4 Theil Inequality Coefficient 

Another popular evaluation measure is the Theil inequality coefficient known as the 

Theil-U statistic that was developed by Henri Theil (1966). The measure is defined as 

followed: 

𝑈 =

√∑ (
𝑦𝑡+𝑠 − 𝑓𝑡,𝑠

𝑦𝑡+𝑠
)

2
𝑇
𝑡=𝑇1

√∑ (
𝑦𝑡+𝑠 − 𝑓𝑏𝑡,𝑠

𝑦𝑡+𝑠
)

2
𝑇
𝑡=𝑇1

                                                 (27) 

Where 𝑓𝑏𝑡,𝑠 represents the forecast that is obtained from a benchmark model, usually a 

simple forecast performed using a Naïve model. The Theil-U statistic is performed in 

order to see if a benchmark model yields different results in comparison to more 

complex forecasting methods. A disadvantage of the Theil-U measure is that it can be 

harder to interpret compared to other measures such as MAPE (Madridakis et al. 1979). 

If the U-coefficient is less than 1 the model under consideration is more accurate than 

the benchmark model, if the U-coefficient is above 1 the benchmark model is more 

accurate and if the coefficient is equal to 1 both the considered model and the 

benchmark model are equally accurate.  

3.3.5 Predictive Power 

In order to investigate each models predictive power the following regression will be 

performed.  

𝑅𝑉̅̅ ̅̅
𝑡+22 = 𝛼 + 𝛽�̂�𝑡 + 𝜀𝑡                                                    (28) 

 

Where 𝑅𝑉̅̅ ̅̅
𝑡+22 is the average realized volatility over 22 days, �̂�𝑡 is the 22-day average 

forecast performed at time t and 𝜀𝑡 is the error term of the regression.  

The idea of performing this regression is to see how well the forecasted values can 

explain the observed future values of the realized volatility. How well the future values 

are explained is determined by the R2 measure. The forecasting method that produces 

the highest R2 has the best predictive power. The forecasts are considered to be unbiased 

if α is 0 and the estimate of β is close to 1 (Pagan & Schwert 1990) The problem with an 

ordinary least squares (OLS) regression is that it is only efficient as an estimator if the 
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data is homoscedastic and does not experience any correlation between the residuals 

over time. A problem with volatility is that it usually experiences heteroskedasticity and 

autocorrelation (Granger & Poon 2003). To account for these two features there is 

according to Newey & West (1987) the possibility to correct the standard errors.  

3.3.6 Informational Content 

Day & Lewis (1992) suggests that it can be useful to look at the informational content 

of each forecasting method in addition to their forecasting accuracy and predictive 

power. We will follow the procedure of Jorion (1995) when doing this. When 

investigating the informational content the purpose is to see whether the realized 

volatility of tomorrow can be explained at all by the forecasted values of today. To 

evaluate the informational content a modified version of equation (28) will be applied. 

𝑅𝑉𝑡+1 = 𝛼 + 𝛽�̂�𝑡 + 𝜀𝑡                                                   (29) 

 

The difference from equation (28) is that 𝑅𝑉𝑡+1 is the one-day ahead value of the 

realized volatility. �̂�𝑡 is the value that has been forecasted at time t and 𝜀𝑡 is the error 

term. Since the procedure here is the similar to the test of predictive power we again 

have to account for assumed heteroskedasticity and autocorrelation by correcting the 

standard errors following the procedure of Newey & West (1979). The informational 

content is then evaluated by looking at the slope coefficient β and a β-value above 0 

indicates a positive relationship.  
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3.4 Additional Information in Implied Volatility 

The last part of this thesis is to investigate if the implied volatility contains any 

additional information than what is captured by the time-series models. We will follow 

the procedure of Becker et al. (2007) by using the GMM (Generalized Method of 

Moments) estimation method to determine if there is any additional incremental 

information in SIXVX that cannot be captured by a combination of the model based 

forecasts. A decomposition of the SIXVX is necessary in this case and it can be 

expressed in the following way: 

𝑆𝐼𝑋𝑉𝑋𝑡 = 𝑆𝐼𝑋𝑉𝑋𝑡
𝑀𝐵𝐹 + 𝑆𝐼𝑋𝑉𝑋𝑡

∗                                          (30) 

The 𝑆𝐼𝑋𝑉𝑋𝑡
𝑀𝐵𝐹 part of the equation is the information that can be found in the different 

model based forecasts. While 𝑆𝐼𝑋𝑉𝑋𝑡
∗ is the part that might contain any information that 

can be useful for forecasting that is not captured by the model based forecasts.  

If we store all the MBFs made at time t in a vector 𝜔𝑡, the relationship above can be 

transformed to a linear regression.  

𝑆𝐼𝑋𝑉𝑋𝑡 = 𝛾0 + 𝛾1𝜔𝑡 + 𝜀𝑡                                                    (31) 

𝑆𝐼𝑋𝑉𝑋𝑡
∗ = 𝜀�̂�        

In this form the (𝛾0 + 𝛾1𝜔𝑡) part of the simple regression captures the information 

explained by the MBFs. If the SIXVX index would not contain any incremental 

information about the future realized volatility then the model based forecasts 

𝑆𝐼𝑋𝑉𝑋𝑡
𝑀𝐵𝐹perform equally well as the SIXVX in forecasting future realized volatility. 

This means that if any additional explanatory power exists in SIXVX then it is 

represented by the error term of the regression. More specifically the error term tells us 

if 𝑆𝐼𝑋𝑉𝑋𝑡
∗ can say anything about changes in future realized volatility which cannot be 

anticipated by using MBFs.  

Furthermore, since 𝑆𝐼𝑋𝑉𝑋𝑡
∗ =  (𝑆𝐼𝑋𝑉𝑋𝑡 −  𝑆𝐼𝑋𝑉𝑋𝑡

𝑀𝐵𝐹), then the simple regression 

above will ensure orthogonality between 𝑆𝐼𝑋𝑉𝑋𝑡
∗ and the vector containing the MBFs.  

To use the GMM framework to estimate equation (31) we also need a set of instrument 

variables. A GMM estimation is performed in order to implement a set of pre-defined 

conditions. This is achieved by minimizing a function by varying the parameters that 
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are to be estimated. A more formal explanation is that in order to estimate the 

parameters 𝛾 = (𝛾0, 𝛾1′) in equation (31) 𝑉 = 𝑴′𝑯𝑴 is minimized, where 𝑴 =

𝑇−1(𝜀𝑡(𝛾)′𝒁𝒕 is a K x 1 vector of moment conditions. H is a K x K weighting matrix and 

𝒁𝒕 represents a vector of instruments.  

Becker et al. (2007) suggests that a vector of realized volatility should be included in 

the vector of instruments in addition to the regressors of equation (31). If the vector of 

instrument variables only contains the regressors the outcome of a GMM estimation will 

be the same as an OLS estimation. The realized volatility vector is defined as follows:  

𝑅𝑉𝑡+22 = {𝑅𝑉̅̅ ̅̅
𝑡+1, 𝑅𝑉̅̅ ̅̅

𝑡+5, 𝑅𝑉̅̅ ̅̅
𝑡+10, 𝑅𝑉̅̅ ̅̅

𝑡+15, 𝑅𝑉̅̅ ̅̅
𝑡+22}                            (32) 

If the GMM is able to estimate the parameters of equation (31) that indicates that the 

residual of the equation is orthogonal to both the RV and 𝜔𝑡 vectors, it would imply that 

𝑆𝐼𝑋𝑉𝑋𝑡
∗ does not contain any incremental information then what is captured by the 

MBFs. The orthogonality assumption is tested by looking at the J-statistic where the 

null hypothesis is that 𝑆𝐼𝑋𝑉𝑋𝑡
∗ is orthogonal to the instrument variables.  
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4 Data 

In this chapter an overview of our dataset will be provided together with information 

about the SIX volatility index and the OMXS30 index.  

4.1 General Data Description 

We will use the SIX Volatility Index as a measure for implied volatility. For the 

application of the various time-series models we will use the OMXS30 index as our 

dataset. The volatility index is a fairly new index and data is only available since the 7th 

of May 2004. Therefore we will use data from that period until 5th of March 2014, this 

will give us roughly 10 Years of data. Both the SIXVX and OMXS30 indices have been 

extracted from the Thomson Reuters Datastream database. The data has been managed 

in Excel and the models have been applied using Eviews. 

4.2 OMXS30 

The OMX Stockholm 30 Index is the leading equity index for Sweden. The index is a 

value-weighted index of the 30 most traded stocks on the Stockholm Stock Exchange. 

The index was introduced in September 1986 and its starting value was at 125. 

Dividends are not included and the index is revised two times every year. 

4.3 SIXVX as a Measure of Implied Volatility 

The SIX Volatility Index is based on OMXS30 index options with an average maturity 

of 30 calendar days. The index is calculated by rearranging the Black-Scholes option-

pricing model so that the model is calculated backwards, thus the observed option prices 

will generate the volatility. The index is calculated every minute starting after the first 

15 minutes on each trading day, the closing index per day is calculated at market close. 

As a measure of risk free rate the STIBOR 90d rate is used and it remains fixed 

throughout the market day. The index value observed at time t could then be used as a 

forecast of the average volatility of OMXS30 for the following 30 calendar days (22 

trading days) (SIX 2010). The index is provided by SIX financial information, a 

multinational financial data provider.  

The methodology used when creating the index is the following: 

1. The index is based on the implied volatility of OMX Stockholm 30 index 

options.  
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2. Contract months are identified and weights for each contract month are 

calculated. In order to achieve a time-weighted average of 1 month (30 calendar 

days) until expiration options for at least two contract months are used. Contract 

month is the month where the option expires.  

3. At the money options for both calls and puts in each contract month are 

identified. This is done by using mid prices for puts and calls for each strike 

level and by comparing these. The ATM strike level is then determined by the 

minimum difference between put and call mid prices. The put and call options at 

this strike level is then used as ATM options. So the same strike price is used for 

both calls and puts in a contract month but this may vary between months. 

4. Implied ask and bid volatilities are calculated for each ATM option. Using the 

bid and ask volatilities mid volatility is calculated for each contract month. 

5. The time-weighted average volatility is then constructed using the weight set for 

each contract month and the sum of the volatilities for each contract month. The 

index is then displayed as the daily standard deviation scaled to yearly values to 

make comparisons simpler with for example historical volatility.  

For more details on how implied volatility is calculated using the Black-Scholes option 

pricing model we refer the reader back to section 2.1.3 of the thesis. 

4.4 Graphs and Descriptive Statistics 

Figure (4) represents the OMXS30 index and the SIX Volatility index from 7th of May 

2004 until 5th of March 2014. By looking at this graph some interesting things can be 

noted. First of all we can observe that the different series seems to be negatively 

correlated. The volatility index usually spikes when the OMXS30 index experiences a 

downfall and reversibly when the OMX index is increasing the volatility index is at low 

values. This could be an indication that there are asymmetric responses to shocks, which 

means that volatility tends to increase more following a negative price shock than a 

positive one. The highest values on the volatility index are when the OMX is 

experiencing a big decline.    
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Figure 4: Comparison of OMXS30 and SIXVX from 7th of May 2004 to 5th of March 2014 

  

Looking at the daily return series of the OMXS30 over the whole sample period some 

evidence of volatility clustering can be observed. As mentioned in chapter 2.2 volatility 

clustering is the characteristic that indicates that large (small) returns are usually 

followed by large (small) returns.  

 

Figure 5: Daily return series of OMXS30 from 7th of May 2004 to 5th of March 2014 
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Figure (6) is constructed to give an overview of the computed daily-realized volatility 

calculations. The distribution of the realized volatility in figure (7) shows the 

characteristics mentioned in chapter 2.2. While a normal distribution has a kurtosis of 3 

and no skewness the distribution of the realized volatility has a skewness of 2.5 and a 

level of kurtosis that is over 12. Such a high kurtosis level means that the distribution 

has fat tails (Brooks 2008). A Jarque-Bera test can also be used to check for normality 

in a distribution, if the test rejects the null hypothesis of normality the series is not 

normally distributed (Jarque & Bera 1987). Overall the distribution matches the one that 

we discussed in section 2.2.5 with the rejection of normality. The mean value of the 

observations corresponds to around 1.64%. 

 

Figure 6: Daily computed volatility of the OMXS30 from 7th of May 2004 to 5th of March 

2014 

 

Figure 7: Distribution and descriptive statistics of the daily-realized volatility over the 

whole sample period. 
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Figure (8) represents the average 22-day ahead realized volatility throughout our entire 

dataset. In comparison to the daily volatility this graph shows lower values of volatility 

since the data has been averaged out over 22 days. The volatility also peaks around the 

year 2008 in this graph. 

 

Figure 8: The 22-day ahead average realized volatility from 7th of May 2004 to 5th of March 

2014 

The distribution of the series is also experiencing the same distributional characteristics 

as the daily-realized volatility, namely the rejection of a normal distribution with 

detected skewness and a high level of kurtosis. The p-value of the JB-test also rejects 

normality. 

 

Figure 9: Distribution and descriptive statistics of the 22-day ahead average realized 

volatility over the whole sample period
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5 Results 

In this chapter we will present our results using the stated methodology. We start of by 

presenting the results of the statistical properties in the in-sample estimation periods 

and the estimated parameters together with the forecasted results. In the last section we 

provide the test results for the incremental information in SIXVX. 

5.1 Data and Descriptive Statistics in the Rolling Estimation 

Period 

As stated earlier our dataset consists of the OMXS30 stock price index between 7th of 

May 2004 and 5th of March 2014, which results in a total number of 2470 daily 

observations. Daily realized volatility is calculated by using high/low intraday price 

range of the OMXS30 obtained from Datastream while the estimation of the EGARCH 

model is done on continuously compounded returns based on the OMXS30 price series. 

The parameters and descriptive statistics for the chosen forecasting models are 

calculated by using a rolling window of 1000 observations. A rolling window means 

that we have the same number of observations for each model estimation, the window is 

then rolled one step forward after each estimation to cover our entire dataset. Hence we 

obtain 1449 in-sample estimations that are based on 1000 historical observations each. 

Table (1) shows the descriptive statistics of the realized volatility based on the 1449 in-

sample estimation periods between 25th of April 2008 and 3rd of February 2014. By 

looking at each statistical property of the descriptive statistics we can see that the mean 

and standard deviation do not remain constant, which indicates that realized volatility in 

general is not constant over time. For example the average realized volatility varies 

from 1.38% to 2.26% while the realized volatility ranges from 0.30% to 10.59%. By 

looking at the distributional parameters those clearly indicate that the distribution of 

realized volatility is non-normal and that it instead is leptokurtic and positively skewed. 

Furthermore the Jarque-Bera test states that the assumption of normally distributed 

realized volatility could be rejected in all in-sample periods. As mentioned before in 

chapter 2.2 these characteristics are very common in financial time series and our results 

here were expected. 
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Table 1: In-sample descriptive statistics of realized volatility       

  Mean Std.Dev Min Max Kurtosis Skewness Jarque-Bera P-Value (JB) 

Mean 1.95% 1.26% 0.36% 9.88% 9.59 2.08 2600.63 0.000 

Std.Dev 0.28% 0.22% 0.03% 1.13% 1.25 0.18 883.88 0.000 

Min 1.38% 0.86% 0.30% 7.78% 6.55 1.59 951.72 0.000 

Max 2.26% 1.46% 0.46% 10.59% 15.00 2.82 7326.39 0.000 
Sample size consists of 1000 observations rolled 1449 times. 

In table (2) we provide the autocorrelation of realized volatility at various lag lengths. 

The table shows that the realized volatility is positively autocorrelated up until the 100th 

lag while the autocorrelation itself is significant at all chosen lags. This observed 

autocorrelation means that the present realized volatility is dependent on previous 

values of the realized volatility. More importantly the realized volatility has a very 

persistent nature since its autocorrelation is significant up until the 252th lag. This means 

that shocks will cause volatility on stock returns to die out very slowly and have an 

impact on future volatility for a long time. In section 2.2.3 we highlighted this 

phenomena as it has been studied before by Granger & Poon (2003) where they 

conclude that volatility has a “long memory” and therefore has a very persistent nature. 

Hence the result of autocorrelation in realized volatility is line with previous research.  

Table 2: Autocorrelation of Realized Volatility             

Lag 1 2 3 4 5 10 20 50 100 252 

Mean 0.609 0.578 0.543 0.547 0.515 0.492 0.404 0.255 0.201 0.033 

Std.Dev 0.033 0.035 0.038 0.043 0.041 0.054 0.064 0.045 0.090 0.113 

Min 0.542 0.506 0.436 0.451 0.434 0.371 0.271 0.166 0.010 -0.080 

Max 0.678 0.666 0.615 0.626 0.609 0.586 0.529 0.355 0.366 0.298 

Percent Significant 100 100 100 100 100 100 100 100 100 100 
Sample size consists of 1000 observations rolled 1449 times. 

Table (3) provides the result of the ADF Unit Root Test for non-stationarity in the 

volatility. The result in table 3 indicate that in approximately 3% out of 1449 cases the 

null hypothesis of a unit root in the different series of the realized volatility could not be 

rejected. Since unit roots are still present we argue that an ARIMA (1,1,1) model could 

be applied.  

Table 3: Augmented Dickey-Fuller Unit Root Test     

  Mean Min Max Unit Roots Number of Obs 

Number of Lags 5.651 3 9   1449 

T-Stat -4.633 -6.933 -2.103   1449 

P-Value 0.002 8E-10 0.244 3% 1449 
Sample size consists of 1000 observations rolled 1449 times. 
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5.2 Estimation of Model Parameters 

Before we can create the model-based forecasts we first have to estimate the models to 

capture the behavior of the realized volatility. Again the estimations are based on 1000 

observations and the window is rolled 1449 times creating 1449 in-sample estimations 

for each model. Later the 22-day average forecasted volatility is constructed out of each 

model estimation to create a forecasted series throughout the whole rolling window. By 

examining the parameters of the models we can determine if the volatility follows a 

deterministic structure, which would be represented by significant and stable model 

coefficients. We will examine the parameters of three different time-series models, 

ARMA (2,1), ARIMA (1,1,1) and the EGARCH model.  

Table (4) and figure (10) shows an overview of the parameters of the ARMA (2,1) 

model. We can observe that the coefficients of the model are mostly significant and 

stable throughout the whole model estimation period, only the AR (2) process is not 

close to being 100 % significant. The constant is only used when estimating the models 

and not in the forecasting procedure as it would lead to every day increasing value of 

the forecasted volatility. The purpose of having the constant present when estimating 

the model is to make sure that unbiased coefficients are estimated (Brooks 2008). We 

can observe that the two different AR processes are stationary and has a short-memory 

property. When two AR processes are estimated the coefficient of the AR (1) process 

needs to be under 2, while it needs to be under 1 for the AR (2) process in order to be 

stationary. Stationary coefficients have a shorter memory the further away from 2 and 1 

the AR (1) and AR (2) coefficients are respectively (Brooks 2008). By looking at the R2 

we can observe that it fluctuates a lot which means that the explanatory power of the 

model varies through time.  
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Table 4: ARMA(2.1) Model Estimation       

  C T-Stat P-Value AR(1) T-Stat P-Value 

Mean 0.020 6.452 0.001 1.065 24.221 0.000 

Median 0.021 6.122 0.000 1.068 24.597 0.000 

Std.Dev 0.003 1.514 0.010 0.022 1.533 0.000 

Min 0.014 1.330 0.000 0.986 19.817 0.000 

Max 0.027 10.507 0.184 1.151 30.576 0.000 

% Sig     99.40%     100% 

              

  AR(2) T-Stat P-value MA(1)  T-Stat P-value 

Mean -0.084 -2.044 0.070 -0.806 -28.028 0.000 

Median -0.086 -2.099 0.036 -0.811 -28.943 0.000 

Std.Dev 0.020 0.511 0.101 0.022 3.707 0.000 

Min -0.162 -4.451 0.000 -0.882 -46.635 0.000 

Max -0.010 -0.232 0.817 -0.724 -18.776 0.000 

% Sig     67.70%     100% 
Sample size consists of 1000 observations, parameters estimated 1449 times. 

 

Figure 10: Estimated ARMA (2,1) parameters from 25th of April 2008 to 3rd of February 

2014 

Table (5) shows and overview of the estimated ARIMA (1,1,1) parameters. The 

constant is once again only included to produce unbiased coefficients so the fact that it 
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stable throughout the in-sample estimation period. However the ARMA model seems to 

be better at explaining the variation in realized volatility due to its higher R2. What is 

important to clarify though is that the model with the highest explanatory power of 

previously realized volatility does not essentially have to be the most accurate predictor 

of the future volatility.  

Table 5: ARIMA(1.1.1) Model Estimation             

  C T-Stat P-Value AR(1) T-Stat P-Value MA(1) T-Stat P-value 

Mean 0.000 -0.003 0.806 0.105 2.679 0.018 -0.836 -38.748 0.000 

Median 0.000 0.017 0.855 0.104 2.688 0.007 -0.839 -39.215 0.000 

Std.Dev 0.000 0.353 0.173 0.020 0.529 0.040 0.014 2.959 0.000 

Min 0.000 -1.219 0.223 0.027 0.641 0.000 -0.883 -55.646 0.000 

Max 0.000 1.057 1.000 0.185 4.803 0.522 -0.770 -26.994 0.000 

% Sig     0.00%     92.41%     100% 
Sample size consists of 1000 observations, parameters estimated 1449 times. 

 

 

Figure 11: Estimated ARIMA (1,1,1) parameters from 25th of April 2008 to 3rd of February 

2014 
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present, so the EGARCH model is therefore justified over a standard GARCH model.  

The Alpha coefficient captures the volatility clustering effect and it is always positive 

and significant. By looking at the coefficients throughout the model estimation period in 

figure (12) we can see that the model is not as stable as the previous models but it is still 

fairly stable without any big drop/peak in the parameters.  

Table 6: EGARCH Model Estimation         

  Omega T-Stat P-Value Alpha T-Stat P-Value 

Mean -0.262 -5.958 0.000 0.106 4.691 0.000 

Median -0.252 -5.978 0.000 0.107 4.781 0.000 

Std.Dev 0.064 0.589 0.000 0.016 0.653 0.001 

Min -0.626 -8.594 0.000 0.059 2.926 0.000 

Max -0.170 -4.616 0.000 0.163 7.238 0.004 

% Sig     100%     100% 

              

  Gamma T-Stat P-value Beta T-Stat P-value 

Mean -0.131 -7.726 0.000 0.979 242.971 0.000 

Median -0.127 -7.663 0.000 0.980 251.781 0.000 

Std.Dev 0.013 0.862 0.000 0.007 46.154 0.000 

Min -0.188 -9.598 0.000 0.940 85.498 0.000 

Max -0.109 -5.949 0.000 0.989 318.969 0.000 

% Sig     100%     100% 
Sample size consists of 1000 observations, parameters estimated 1449 times. 

 

Figure 12: Estimated EGARCH parameters from 25th of April 2008 to 3rd of February 2014 
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5.3 Descriptive Statistics of Forecasts 

We construct 22-day average forecasts of the realized volatility ranging from 25th of 

April 2008 until 3rd of February 2014, which represents 1449 trading days. The 

descriptive statistics of each forecasting method is examined in table (7) before we 

evaluate their performance on forecasting the average 22-day ahead volatility. Together 

with the previously estimated models we also present the statistics for the values from 

the SIX volatility index, the naïve historical forecasting method and the actual values 

from the 22-day ahead realized volatility of the OMXS30. All values in table (7) are 

expressed in daily terms. 

Table 7: Statistical properties of the average 22-day forecast results   

  OMXRV SIXVX ARMA ARIMA EGARCH Naive 

Mean 1.83% 1.49% 1.25% 1.85% 0.94% 1.85% 

Median 1.53% 1.32% 1.04% 1.54% 0.85% 1.57% 

Max 6.18% 4.91% 6.12% 7.00% 2.20% 6.18% 

Min 0.66% 0.59% 0.31% 0.51% 0.36% 0.66% 

Std.Dev 1.03% 0.68% 0.81% 1.07% 0.35% 1.02% 

Skewness 1.61 1.63 2.37 1.74 1.01 1.60 

Kurtosis 5.74 6.25 10.87 6.62 3.65 5.76 

              

Corr(OMXRV) 1.00 0.84 0.79 0.84 0.75 0.82 

Corr(SIXVX) 0.84 1.00 0.93 0.95 0.89 0.94 

              

Jarque-Bera 1076.56 1278.543 5088.995 1518.932 274.0017 1079.834 

P-Value (JB) 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
22-day forecasts, estimated 1449 times. 

By looking at all series we can see that all of them is experiencing leptokurtic 

distributions since they all are positively skewed and are experiencing kurtosis over 3. 

The Jarque-Bera test also rejects the null hypothesis of a normal distribution. We can 

also see that the values forecasted by the EGARCH are relatively low against the other 

models and the benchmark from the OMXS30. The same goes for the SIXVX, which 

has a relatively low mean value, and max value compared to the OMX realized 

volatility. The ARIMA model and the volatility index have the strongest correlation 

with the average realized volatility of OMX.  
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5.4 Forecast Evaluation 

In this part we will present the results from the various performance measures that we 

have used to measure the quality of the out-of-sample forecasts provided by each model 

and the volatility index but also from a naive historical model. The forecasting methods 

are evaluated against the observed 22-day ahead average realized volatility except in the 

Theil-U statistic where the more advanced models and the index are evaluated against a 

naïve forecast. The lower the value in the RMSE, MAE and MAPE measure the better, 

where as in the more advanced Theil-U statistic a result < 1 represents a forecast 

superior to a naïve historical model and > 1 the other way around.   

 

Table 8: Forecast Performance Measure        

  SIXVX ARMA ARIMA EGARCH NAIVE 

RMSE 0.00678 (3) 0.00859 (4) 0.00585 (1) 0.01195 (5) 0.00620 (2) 

MAE 0.0041328 (3) 0.006253 (4) 0.003807 (1) 0.008923 (5) 0.003998 (2) 

MAPE 18.987 (1) 32.695 (4) 20.251 (2) 42.728 (5) 20.914 (3) 

Theil-U 0.881 (1) 1.376 (4) 0.971 (2) 1.706 (5) 1.00 (3) 

 

Our results here are mixed; the SIX volatility index does not perform the overall best as 

shown in similar studies on the S&P 500 Volatility index VIX by for example Becker et 

al. (2006) and Blair et al. (2001). In the RMSE and MAE measure the index is even 

beaten by a naive historical model. Although the SIXVX produces the best forecast 

according to the Theil-U and MAPE measure. The ARIMA model is the one that 

performs the best overall, together with the SIXVX they are the best performers and all 

of their performance values are really close to each other with the Naïve historical 

model not being far behind. A disappointment is that the EGARCH model which 

handles the asymmetries in volatility and according to Granger & Poon (2003) is 

supposed to be a good model for forecasting is outperformed for each performance 

measure by quite a bit and finishes last. Each forecasting methods performance ranking 

for each measure is available in the brackets next to their score.   

5.5 Predictive Power 

In this section we will examine the results of our analysis of each forecasting methods 

predictive power. The predictive power is measured by the explanatory power of the 

average 22-day ahead realized volatility, denoted by the R2 measure. To test the 
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predictive power we have performed OLS regressions where the standard errors have 

been adjusted using Newey-West to account for heteroskedasticity and autocorrelation. 

In the regressions the dependent variable is the 22-day ahead average realized volatility 

of the OMXS30 and where an independent variable representing a 22-day forecast from 

each forecasting method. The regressions are performed with a total of 1449 

observations and an ADF on the realized volatility rejects that a unit root is present. 

Table (9) presents an overview of the results from each predictive power regression.  

Table 9: Predictive Power             

  C SIXVX ARMA ARIMA EGARCH R2 Adj R2 

Coefficient 0.0007 1.2772       0.7093 0.70911 

Std Error 0.0009 0.068           

T-Stat -0.7759 18.7738           

P-Value 0.4379 0.000           

                

Coefficient 0.0058   1.0031     0.6275 0.6272 

Std Error 0.0008   0.0732         

T-Stat 7.2006   13.6958         

P-Value 0.000   0.000         

                

Coefficient 0.0032     0.8127   0.7134 0.7133 

Std Error 0.0007     0.0474       

T-Stat 4.4538     17.1454       

P-Value 0.000     0.000       

                

Coefficient -0.0025       2.2103 0.5689 0.5686 

Std Error 0.0012       0.1599     

T-Stat -1.9642       13.8266     

P-Value 0.0496       0.000     

                

Coefficient -0.0003 1.1819 0.0856     0.7099 0.7095 

Std Error 0.001 0.1584 0.1265         

T-Stat -0.3257 7.4598 0.6768         

P-Value 0.7447 0.000 0.4986         

                

Coefficient 0.001 0.6205   0.4394   0.7304 0.730 

Std Error 0.0009 0.1426   0.105       

T-Stat 1.1432 4.3522   4.1843       

P-Value 0.2531 0.000   0.000       

                

Coefficient -0.0008 1.2577     0.0424 0.7094 0.709 

Std Error 0.0008 0.1412     0.2158     

T-Stat -1.0052 8.9089     0.1965     

P-Value 0.315 0.000     0.8442     
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By looking at table (9) we can first of all see that all the slope coefficients for the 

forecasting methods in regressions 1-4 are all significantly different from zero. This 

implies that they have some explanatory power of the future volatility. What we 

especially can notice from regressions 3 with the EGARCH forecasts as the independent 

variable is that the slope coefficient is very high at around 2.21, this shows that the 

forecasts generated by the EGARCH are too low. But the main focus is on the R2 in a 

predictive power analysis and by looking at regressions 1-4 we can notice that the 

ARIMA and the SIXVX has roughly the same predictive power indicating that those are 

the best predictors of future realized volatility. The ARMA model has intercept and 

slope coefficients close to 0 and 1 respectively, however the p-value indicates that the 

intercept is significantly different from zero, therefore the forecast is still biased. 

SIXVX has an insignificant intercept coefficient which means that it is zero and a 

significant slope coefficient with a value with little over one making it downwardly 

biased, hence SIXVX underestimates the future realized volatility. This is in line with 

the previous research of Lamoureux & Lastrapes (1993) and Blair et al. (2001) who 

finds the American VIX to be a downwardly biased estimator. However what is worth 

mentioning is that a downward bias can be corrected for if the estimator is consistent 

(Verbeek 2004). A more problematic scenario would be an intercept value over 0 and a 

beta value under 1. This would indicate that the model would underestimate in periods 

when the volatility is low and overestimate in the more volatile periods. The reason that 

a scenario like that would be problematic is that it is hard to determine if the subsequent 

period is a high or a low volatility period.  Regressions 5-7 combine the SIXVX 

together with one of the models. However in these regressions there are some 

insignificant coefficients.  

5.6 Informational Content 

The so-called informational content is performed to test whether the obtained forecasts 

contains any information about the realized volatility of tomorrow. OLS regressions are 

performed and as before the standard errors are Newey-West adjusted to account for 

heteroskedasticity and autocorrelation. The results are presented in table (10). 
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Table 10: Information Content           

  C SIXVX ARMA ARIMA EGARCH R2 Adj R2 

Coefficient -0.004 1.5011       0.6021 0.6019 

Std Error 0.0008 0.0657           

T-Stat -4.8237 22.8458           

P-Value 0.000 0.000           

                

Coefficient 0.0037   1.1775     0.5314 0.5311 

Std Error 0.0007   0.0602         

T-Stat 5.7381   19.5615         

P-Value 0.000   0.000         

                

Coefficient 0.0012     0.9305   0.5748 0.5745 

Std Error 0.0006     0.03799       

T-Stat 2.1278     24.4918       

P-Value 0.034     0.000       

                

Coefficient -0.0069       2.6835 0.5153 0.515 

Std Error 0.0015       0.1870     

T-Stat -4.5912       14.3504     

P-Value 0.004       0.000     

 

The slope coefficients of all the forecasts are different from zero and are significant. 

This indicates that all the different forecasting methods have information about 

tomorrows realized volatility. 

5.7 Additional Information in SIXVX 

In this section we will present if the implied volatility represented by the SIXVX 

contains any additional information about the future realized volatility that is not 

captured by a combination of the model-based forecasts. To test if the error terms of 

equation (31) are orthogonal to the realized volatility Generalized Method of Moments 

(GMM) estimations have been performed following the methodology of Becker et al. 

(2007). Seven GMM-estimations are presented in table (11), the first one with the vector 

𝜔𝑡 = {𝐴𝑅𝑀𝐴, 𝐴𝑅𝐼𝑀𝐴, 𝐸𝐺𝐴𝑅𝐶𝐻} as the instrument variables. Six more estimations 

were then performed with different compositions of the realized volatility vector 

𝑅𝑉𝑡+22 = {𝑅𝑉̅̅ ̅̅
𝑡+1, 𝑅𝑉̅̅ ̅̅

𝑡+5, 𝑅𝑉̅̅ ̅̅
𝑡+10, 𝑅𝑉̅̅ ̅̅

𝑡+15, 𝑅𝑉̅̅ ̅̅
𝑡+22} also added to the instrument variables. 

Estimation 2 adds the whole realized volatility vector to the instrument variables while 

estimation 3-7 add one part each.  
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The p-value of the J-statistic determines if we can reject the null hypothesis that the 

error terms of the estimations are orthogonal to the instrument variables. If the null 

hypothesis is not rejected this would imply that the implied volatility does not contain 

any additional information than what is captured by the model-based forecasts. The first 

GMM-estimation has the same instrument variables as it has regressors so the J-statistic 

is unavailable since a GMM-estimation of that kind produces the same output as an 

OLS regression. What we can see in table (11) is that in estimation 2-6 we can conclude 

that SIXVX does not contain any additional info than what is covered by the model-

based forecasts since we cannot reject the null hypothesis at 5% significance. This is not 

very surprising given our previous results where the volatility index does not perform 

the best in terms of forecasting performance or predictive power. What is a little bit 

surprising though is that we can reject the orthogonality in estimation 7 that has the one-

day ahead realized volatility added to the instrument variables. This implies that the 

SIXVX does in fact hold some incremental information about tomorrow’s volatility that 

the models cannot capture.  
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Table 11:   GMM estimations OMXRV     

GMM 1 C ARMA ARIMA EGARCH J-Test 

Coefficient 0.0019 0.174 0.325 0.511   

T-Stat 4.425 2.478 5.452 6.873   

P-Value 0.000 0.013 0.000 0.000 N/A 

Instruments C. ω.         

GMM 2           

Coefficient 0.0021 0.085 0.412 0.433   

T-Stat 5.394 1.372 7.565 6.043   

P-Value 0.000 0.170 0.000 0.000 0.250 

Instruments C. ω. RVt+22         

GMM 3           

Coefficient 0.0017 0.101 0.391 0.489   

T-Stat 4.089 1.524 6.679 6.518   

P-Value 0.000 0.128 0.000 0.000 0.212 

Instruments C. ω. 𝑅𝑉̅̅ ̅̅
𝑡+22         

GMM 4           

Coefficient 0.0020 0.116 0.372 0.476   

T-Stat 4.631 1.801 6.463 6.532   

P-Value 0.000 0.069 0.000 0.000 0.213 

Instruments C. ω. 𝑅𝑉̅̅ ̅̅
𝑡+15         

GMM 5           

Coefficient 0.0021 0.115 0.375 0.460   

T-Stat 4.883 1.812 6.569 6.366   

P-Value 0.000 0.0685 0.000 0.000 0.059 

Instruments C. ω. 𝑅𝑉̅̅ ̅̅
𝑡+10         

GMM 6           

Coefficient 0.0024 0.143 0.351 0.442   

T-Stat 5.622 2.243 6.235 6.202   

P-Value 0.000 0.025 0.000 0.000 0.072 

Instruments C. ω. 𝑅𝑉̅̅ ̅̅
𝑡+5         

GMM 7           

Coefficient 0.0024 0.128 0.365 0.430   

T-Stat 5.777 2.043 6.512 6.066   

P-Value 0.000 0.041 0.000 0.000 0.021 

Instruments C. ω. 𝑅𝑉̅̅ ̅̅
𝑡+1         
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6 Conclusion 

In the last chapter of our thesis we will present and discuss conclusions drawn from our 

empirical results. The results will be discussed and linked to our research questions.   

6.1 General 

In this thesis we have used the ARMA (2,1), ARIMA (1,1,1), EGARCH model and the 

implied volatility (SIXVX) to forecast the future volatility on the OMX Stockholm 30. 

Each forecasting method was then evaluated with various performance measures to 

examine their accuracy, predictive power and informational content. In order to do this 

certain features of the data material had to be considered when estimating the different 

models. After analyzing and performing tests on the data we can conclude that the 

estimated realized volatility experiences most of the features that has been empirically 

observed in financial markets and in previous research. Based on our results the realized 

volatility is shown to be leptokurtically distributed, positively skewed, persistent and 

does also respond asymmetrically to price shocks. We can also conclude that realized 

volatility could to some extent be predicted on the Stockholm Stock Exchange. This is 

supported by our predictive power analysis where the different forecasting methods 

produce an R2 around 60-70%, which indicates fairly good predictive power. The 

informational content analysis also confirms that all the forecasting methods contain 

information about the volatility of tomorrow.   

6.2 Relative Performance of the Forecasting Methods  

The result of our evaluation between the different forecasting methods indicates that 

implied volatility (SIXVX) produces, as expected quite accurate forecasts of the future 

realized volatility in terms of the performance measures. Together with the ARIMA 

(1,1,1) the SIXVX produces the best forecasts, however with a slight advantage to the 

ARIMA (1,1,1). The relatively good forecasting performance of the implied volatility is 

supported by previous empirical research. When comparing the different methods with 

the predictive power test to see which method that best can explain the actual future 

values of the volatility the SIXVX and ARIMA (1,1,1) is again outcompeting the 

EGARCH and ARMA (2,1). One reason why the Swedish volatility index does not 

dominantly outperform the time-series models in terms of forecasting accuracy despite 

what much of the previous research suggests could be due to the small size of the 
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Swedish options market. Most of the previous research is focused on the American 

market where the options are more likely to be more accurately priced due to greater 

activity. A Swedish volatility index could then be a product of a less active market, 

hence the SIXVX is not as great in terms of forecasting accuracy of the future realized 

volatility on the OMXS30 contra the American VIX on the S&P 500.  

6.3 Biasedness of the Forecasts 

The predictive power test is also used to see if the generated forecasts are unbiased, 

which is determined if the intercept and slope values equal to 0 and 1 respectively. 

Given our results we can conclude that the implied volatility index as well as the time-

series models does not produce unbiased forecasts of the future realized volatility. In 

fact the implied volatility index is downwardly biased, hence the forecast made from the 

volatility index underestimates the future volatility. Our result that the SIXVX is 

downwardly biased coincides with previous research. Granger & Poon (2003) mentions 

that if the implied volatility does produce biased forecasts it could be an indication of an 

inefficient options market. Jorion (1995) suggests that biases can be a product of 

infrequent trading of the underlying asset.  

6.4 Additional Information in Implied Volatility 

The last part of our thesis is about testing if implied volatility (SIXVX) contains any 

incremental information about the realized volatility that is not captured by any of the 

model-based forecasts. To be able to draw conclusions about any additional information 

GMM-estimations concerning different time-horizons were performed. The null 

hypothesis of no additional information could not be rejected in any estimation except 

the one concerning the one day ahead realized volatility. This implies that the SIXVX 

does not contain any additional information regarding any horizon except one day 

ahead. This is almost completely in line with the paper of Becker et al. (2007) who find 

no additional info in the VIX. Although the study of Becker et al. (2007) has a larger 

number of models taken into consideration than what we have when evaluating any 

additional information, which could explain the small difference in results. Due to that 

we have a smaller of number of models considered and that we find no additional 

information at any other horizon we do not want to put to much emphasis on our results 

in this case. The result of additional info in tomorrow’s volatility could also have 
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something to do with the high R2 in the informational content analysis where SIXVX 

outperforms the model-based forecasts. 

6.5 Final Remarks 

We can finally conclude that the implied volatility represented by the SIX volatility 

index is a fairly good but somewhat biased predictor of the future volatility of the 

OMXS30. The process of forecasting volatility using time-series models is often to hard 

for the regular individual investor. The SIX volatility index produces fairly accurate 

forecasts and the index itself is easy to get access to and easy to use. Therefore our 

results provide all investors with a possibility of forecasting volatility by using the 

index. When working on this thesis some decisive decisions had to be made which 

could have affected the outcome. For example the size of the in-sample estimations, but 

we have chosen to follow the size used in previous empirical work. The stability of the 

estimated model parameters also justifies the chosen sample size. Choosing other or 

more time-series models could also have yielded different results, but it is impossible to 

cover them all so we chose the models that we thought fit the characteristics of our data 

and that has been used in previous research. Suggestions of future research could be the 

use a larger number of time-series models, and also research of the implied volatility in 

the currency market. Furthermore more frequent intraday data could be used to compute 

the realized volatility to capture even more of the intraday movements. 
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Appendices 

Appendix 1: Forecast Series 

 

Series overview of each forecasting methods out of the out-of-sample forecasts 
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Appendix 2: Histograms of Forecasts 

 

Distribution of each forecasting methods out-of-sample forecast series. 
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Appendix 3: Eviews Source Code 

 

Matrices and Vectors 

matrix(2448,14) arma21parameters=0  
matrix(2448,11) arima111parameters=0  
matrix(2448,14) egarchparameters=0  
matrix(2448,22) arma21forecast=0  
matrix(2448,22) arima111forecast=0  
matrix(2448,22) egarchforecast=0  
vector(14) arma21buffer=0 
vector(11) arima111buffer=0 
vector(14) egarchbuffer=0 

 

ARMA Parameters 

scalar noobs=2448 
scalar nw=1000 
for !i=nw to noobs 
smpl @first+!i-nw @first+!i-1 
 
equation estmodel.ls omxrv c ar(1) ar(2) ma(1) 
!dof= estmodel.@regobs-estmodel.@ncoef  
arma21buffer(1)=@coefs(1) 
arma21buffer(2)=@tstats(1) 
arma21buffer(3)=@tdist(estmodel.@tstat(1),!dof) 
arma21buffer(4)=@coefs(2) 
arma21buffer(5)=@tstats(2) 
arma21buffer(6)=@tdist(estmodel.@tstat(2),!dof) 
arma21buffer(7)=@coefs(3) 
arma21buffer(8)=@tstats(3) 
arma21buffer(9)=@tdist(estmodel.@tstat(3),!dof) 
arma21buffer(10)=@coefs(4) 
arma21buffer(11)=@tstat(4) 
arma21buffer(12)=@tdist(estmodel.@tstat(4),!dof) 
arma21buffer(13)=@r2 
arma21buffer(14)=@rbar2 
rowplace(arma21parameters,@transpose(arma21buffer),!i) 
next !i 
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ARMA Forecast 

scalar noobs=2448 
scalar nw=1000 
matrix(2448,22) armaforecast 
vector(22) forecastresult 
 
for !i=nw to noobs 
smpl @first+!i-nw @first+!i-1 
equation arma_n 
arma_n.ls omxrv c ar(1) ar(2) ma(1) 
for !j=1 to 22 
if !j=1 then 
forecastresult(1)=arma_n.@coefs(2)*omxrv(!i)+arma_n.@coefs(3)*omxrv(!i-1)+arma_n.@coefs(4)*resid(!i) 
endif 
if !j=2 then 
forecastresult(2)=arma_n.@coefs(2)*forecastresult(1)+arma_n.@coefs(3)*omxrv(!i) 
endif 
if !j=3 then 
forecastresult(3)=arma_n.@coefs(2)*forecastresult(2)+arma_n.@coefs(3)*forecastresult(1) 
endif 
if !j>3 then 
forecastresult(!j)=arma_n.@coefs(2)*forecastresult(!j-1)+ arma_n.@coefs(3)*forecastresult(!j-2) 
endif 
next !j 
rowplace(armaforecast,@transpose(forecastresult),!i) 
next !i 

 

ARIMA Parameters 

scalar noobs=2448 
scalar nw=1000 
for !i=nw to noobs 
smpl @first+!i-nw @first+!i-1 
 
equation estmodel.ls d(omxrv) c ar(1) ma(1) 
!dof= estmodel.@regobs-estmodel.@ncoef 
arima111buffer(1)=@coefs(1) 
arima111buffer(2)=@tstat(1) 
arima111buffer(3)=@tdist(estmodel.@tstat(1),!dof) 
arima111buffer(4)=@coefs(2) 
arima111buffer(5)=@tstat(2) 
arima111buffer(6)=@tdist(estmodel.@tstat(2),!dof) 
arima111buffer(7)=@coefs(3) 
arima111buffer(8)=@tstat(3) 
arima111buffer(9)=@tdist(estmodel.@tstat(3),!dof) 
arima111buffer(10)=@r2 
arima111buffer(11)=@rbar2 
rowplace(arima111parameters,@transpose(arima111buffer),!i) 
next !i 

 

ARIMA Forecast 

 
scalar noobs=2448 
scalar nw=1000 
matrix(2448,22) armaforecast 
vector(22) forecastresult 
for !i=nw to noobs 
smpl @first+!i-nw @first+!i-1 
equation arma_n 
arma_n.ls d(omxrv) c ar(1) ma(1) 
for !j=1 to 22 
if !j=1 then 
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forecastresult(1)=omxrv(!i)+arma_n.@coefs(2)*(omxrv(!i)-omxrv(!i-1))+arma_n.@coefs(3)*resid(!i) 
endif 
if !j=2 then 
forecastresult(!j)=forecastresult(!j-1)+arma_n.@coefs(2)*(forecastresult(!j-1)-omxrv(!i)) 
endif 
if !j>2 then 
forecastresult(!j)=forecastresult(!j-1)+arma_n.@coefs(2)*(forecastresult(!j-1)-forecastresult(!j-2)) 
endif 
next !j 
rowplace(armaforecast,@transpose(forecastresult),!i) 
next !i 

 

EGARCH 

scalar noobs=2448 
scalar nw=1000 
for !i=nw to noobs 
smpl @first+!i-nw @first+!i-1 
 
equation estmodel.arch(egarch) omxlog c 
estmodel.makegarch garchcondvar 
!dof= estmodel.@regobs-estmodel.@ncoef 
egarchbuffer(1)=@coefs(2) 
egarchbuffer(2)=@tstat(2) 
egarchbuffer(3)=@tdist(estmodel.@tstat(2),!dof) 
egarchbuffer(4)=@coefs(3) 
egarchbuffer(5)=@tstat(3) 
egarchbuffer(6)=@tdist(estmodel.@tstat(3),!dof) 
egarchbuffer(7)=@coefs(4) 
egarchbuffer(8)=@tstat(4) 
egarchbuffer(9)=@tdist(estmodel.@tstat(4),!dof) 
egarchbuffer(10)=@coefs(5) 
egarchbuffer(11)=@tstat(5) 
egarchbuffer(12)=@tdist(estmodel.@tstat(5),!dof) 
egarchbuffer(13)=@r2 
egarchbuffer(14)=@rbar2 
rowplace(egarchparameters,@transpose(egarchbuffer),!i) 
!rvaverage=0 
for !j=1 to 22 
if !j=1 then 
forecastbuffer(1)=@SQRT(@EXP(estmodel.@coefs(2)+estmodel.@coefs(3)*@ABS(resid(!i)/@SQRT(gar
chcondvar(!i)))+estmodel.@coefs(4)*(resid(!i)/@SQRT(garchcondvar(!i)))+estmodel.@coefs(5)*@LOG(gar
chcondvar(!i)))) 
endif 
if !j>1 then 
forecastbuffer(!j)=@SQRT(@EXP(estmodel.@coefs(2)+estmodel.@coefs(3)*@ABS(forecastbuffer(!j-
1)/@SQRT(garchcondvar(!i)))+estmodel.@coefs(4)*(forecastbuffer(!j-
1)/@SQRT(garchcondvar(!i)))+estmodel.@coefs(5)*@LOG(forecastbuffer(!j-1)^2))) 
endif 
!rvaverage=!rvaverage+forecastbuffer(!j)^2 
next !j 
rowplace(egarchforecast,@transpose(forecastbuffer),!i) 
egarch_22d(!i)=@sqrt((1/22)*!rvaverage) 
next !i  

 


