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Abstract 

This study examines the predictive power of ARCH type models for different sectors on the 

Swedish stock market. The models examined and studied are ARCH(1), GARCH(1.1) and 

TGARCH(1.1), the purpose is to see whether the accuracy of the models` projections differ 

between the different sectors.  

The thesis encompasses five different indexes where one is a representation of the Swedish 

market in general and the other ones represent the financial sector as well as the real estate 

sector. The data consists of daily stock returns from chosen indexes on the Swedish stock 

exchange over a time period of five years (Jan 2010 – Dec 2014).  

I estimated the models and tested their forecasting ability through in sample estimations and 

other various tests. The tests show that the returns are not normally distributed and the results 

show strong evidence of ARCH effects in the daily returns of chosen indexes.  
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Sammanfattning 

Denna uppsats undersöker den förutsägande förmågan i ARCH-modeller för olika sektorer på den 

svenska aktiemarknaden. Modellerna som har undersökts och studerats är ARCH (1), GARCH (1,1) 

och TGARCH (1,1), syftet är att se om noggrannheten hos modellernas estimeringar skiljer sig mellan 

de olika sektorerna. 

Avhandlingen omfattar fem olika index där ett av dem är en representation av den svenska marknaden 

i allmänhet och de andra representerar den finansiella sektorn samt fastighetssektorn. Datan som 

undersökts består av dagliga avkastningar från valda index på den svenska börsen under en tidsperiod 

på fem år (jan 2010 - dec 2014). 

Modellerna skattades och deras prognosförmåga testades inom den ovan nämnda tidsperioden. 

Testerna visar att avkastningarna inte är normalfördelade och resultaten visar starka tecken på ARCH-

effekter i utvalda index. 
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1 Introduction 
Volatility is a key concept within finance and has consequently received a lot of attention in 

financial literature. Volatility is used as a quantitative representation of risk and is therefore 

vital in the aspects of investment decisions, risk management and portfolio selection. This is 

not the same as to say that volatility equals risk even though a sound understanding of both 

risk and volatility is important for making financial decisions.  

Because of this, many investors, analysts and other experts are constantly trying to forecast 

volatility. This is usually done through either historical volatility (also known as realized 

volatility) or implied volatility which came with the Black-Sholes formula (Black & Scholes, 

1973). Even though there are several ways and models to estimate the future volatility. Naïve 

models use nothing but the historical data and assume constant volatility; the models use that 

to project past volatility as a forecast for the future. Implied volatility however is widely seen 

as the markets estimations of the future volatility. The claim that implied volatility is more 

accurate than naïve models is widely accepted in spite of the diverse results shown by 

research.   

A research was made on the Danish market (Reinhard Hansen & Lunde, 2001), and the  

conclusion was that the implied volatility is a good forecaster and even though the ARCH 

(autoregressive conditional heteroskedasticity)  model is outperformed by complex models in 

their specific study, there is no evidence in that study that GARCH (generalized 

autoregressive conditional heteroskedasticity) is outperformed.1A study performed on the 

S&P 5002 index also supports the claim that implied volatility supplies more accurate 

forecasts compared to naïve models, it is unclear however if they perform better than models 

in ARCH family. (Shu & Zhang, 2003).   

In this paper I will aim to compare the results of the most common nonlinear ARCH family 

models to see whether or not one model is superior. The ARCH models are different from 

naïve and implied volatility models, they assume the variance of the current error term to be a 

function of the previous time periods error terms´. My research is inspired of the teachings in 

the book “Trading Volatility: Trading Volatility, Correlation, Term Structure and Skew” 

written by Colin Bennett in 2014  (Bennett, 2014). My approach is encouraged by the book 

“Principles of Econometric” (Hill, et al., 2010) which helps me to estimate ARCH, GARCH 

                                                            
1 See section 4.5, 4.6 and 4.7 for description of the ARCH, GARCH and TGARCH models. 
2 S&P 500 = Standard & Poors 500, includes 500+ big American companies on the American stock market.  
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and TGARCH (threshold generalized autoregressive conditional heteroskedasticity) models; I 

will use these models to project in sample tests and analyze the results illustrated in graphs.  

Since the return data does not show the same pattern through different markets and indexes 

throughout time, I hope that this study will contribute to the existent evidence of volatility 

forecast modeling. The financial world constantly change and go through different phases, I 

wanted to perform a study like this on specific indexes on the Swedish stock market to see if 

the results differ between the different indexes and sectors. The data I have chosen to analyze 

consists of daily returns from five years (2010-2014) and is gathered from the Stockholm 

Stock Exchange, the indexes are chosen to represent the entire stock market (OMXS30) as 

well as the real estate sector and the financial sector. The limitations to these indexes are 

made because there is not enough time to analyze all sectors and I wish to give a deeper 

understanding of these dynamic industries. 
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2 Aspects of Volatility  
A financial instrument is a tradable asset of any kind which includes stocks, cash, options and 

other evidence of ownership in an entity. Volatility measures the variation of price of these 

financial instruments over time and is vital for understanding the risk the potential investor 

would be taking. Volatility is therefore a key concept that is used frequently within finance. A 

big variation in price (high volatility) equals a big risk, but it also includes a higher 

probability of a great return. In this coming section I will discuss the differences between risk, 

volatility, variance and standard deviation. Understanding these concepts and their differences 

is vital for understanding the models that will be discussed later in this paper.  

2.1 Risk 

Risk can be defined as the volatility of unexpected outcomes, generally for values of assets 

and liabilities (Jorion, 1996). Risk incorporates the likelihood of losing some or the majority 

of the planned investment. Diverse forms of risk are usually measured by computing the 

standard deviation of the historical returns. A greatly expected deviation indicates a high level 

of risk.  

When investing or placing capital it is important to be aware of the different risks you would 

be exposed to. Financial risk is the possibility of losses in financial markets; the risk arises 

from movements in interest rates and exchange rates. Financial risk can be divided in to the 

following different types of risk. Legal risk, this is the risk of changes in laws, rules and 

regulations. Very applicable if the country of the future investment is about to join a union or 

is under a unions regulations and have little or no influence of new legislation. Another 

example of legal risk is when a party can´t participate in a transaction due to subventions. 

Market risk is defined as the risk of losses due to price changes of a financial asset or liability, 

usually caused by supply and demand. Credit risk is the risk of losing money because of a 

counterpart not being able to meet its obligations. Liquidity risk includes the market and 

product liquidity risk as well as the cash flow funding risk. The Cash flow funding risk points 

to the fact that some firms are unable to fund illiquid assets or to meet cash flow obligations; 

this can be the case when an asset is very unique and the demand is close to nonexistent. 

Market and product liquidity risk refers to the situation where a transaction cannot be 

conducted at market price due to low market or product activity. The last risk I will mention 

that you are exposing yourself for when investing is the operational risk, it originates from the 

risk that internal systems or management will fail. 
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2.2  Variance 

Variance is a common measure of risk with a probability distribution. It measures the 

investments or stocks historical returns and its deviations from its mean; after the deviations 

are squared3 the realized impact is used as an expected deviation. 

Realized variance of the return distribution: 

2 2 2( ) [ ( )]E X E Xσ = −                                               (Equation 1) 

Estimating future variance using realized returns: 
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                                                 (Equation 2) 

2.3  Standard Deviation 

Standard deviation measures the scattering of a security’s return from its mean. The bigger 

spread of data, the higher the deviation. In finance, the standard deviation is connected to the 

yearly rate of return of an investment and is otherwise called authentic instability; it is utilized 

by speculators as an instrument for the measure of expected unpredictability. 

The standard deviation of the return is the square root of the variance. 

2 2( ) [ ( )]E X E Xσ = −
                                              (Equation 3)                               

The estimated standard deviation of the return is the square root of the estimated variance.  
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2.4  Volatility 
In every market there are random price changes and movements, this is called volatility and 

can be measured by either using the historical standard deviation, or the variance between 

returns from that same security. Volatility refers to the uncertainty or the risk of changes in a 

                                                            
3 the deviations are squared in order to avoid the negative and positive sets of data evening each other out   
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securities value. With a high volatility the securities value might change drastically in just a 

short amount of time.   

While talking about volatility one has to be aware of the different kinds of volatility terms, 

historical volatility and implied volatility. Historical volatility (also called statistical volatility) 

is the realized volatility of a security during a given time period, usually daily data from at 

least a couple of months. Realized volatility is often used to predict the future volatility. It is a 

simple approach and widely used since volatility tends to be persistent and such estimates can 

provide a reasonable forecast for the stocks’ volatility in the near future. Implied volatility 

however is the estimation of a security’s future price, the volatility is then derived from the 

Black – Sholes model. This is a model of price variation for financial instruments such as 

stocks and other securities which can be used to determine the price of a European call option. 

The Black-Sholes formula has five required inputs including four directly observable input 

values (stock price, strike price of option, risk-free interest rate and time to expiration in 

years), only the volatility is unknown. To extract the implied volatility one has to look at the 

options price and insert the other given values in the formula. The option price will imply 

what volatility has been accounted for while pricing the option. This implied volatility can be 

used to estimate the value of other options on the same stock with the same expiration date. 

The Black-Scholes formula:  

4  1 2(d ) ( )C S N K N d= × − ×  

2

1
ln( / ) ( / 2) tS K rd

t
σ

σ
+ +

=                                       (Equation 5) 

2 1d d tσ= − ⋅  

The two measures of historical volatility and implied volatility are often used together to 

determine whether options are over- or undervalued (Berk & DeMarzo, 2011). 

                                                            
4 C = price of call option 
    S = current price of stock 
    K = Exercise price 
    t = Number of years left to expiration 
 σ = annual volatility ( standard deviation) of the stocks return 
    r = risk-free interest rate 
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3 Review of Other Studies  
The naïve models are frequently used in practice due to their calculation simplicity and are 

therefore subject to many different studies. In one of these studies (Yu, 1999) where the 

models performance is ranked by their root mean squared error, the result shows that random 

walk performs the worst. In another study performed by Timothy Brailsford and Robert Faff 

(Brailsford & Faff, 1996), all the naïve models are used for monthly volatility forecasting, the 

moving average model performed the best, followed by the exponentially weighted moving 

average model with random walk performing the worst once again.  

After Robert Engle introduced the autoregressive conditional heteroskedasticity model known 

as ARCH (Engle, 1982), many researchers in both developed and underdeveloped countries 

have researched volatility using ARCH-type models. I will present a small portion of these 

studies in this following section.  

 

Engle’s ARCH model is based on the assumption that you can update the variance forecast 

with an average of the most recent squared surprise or unexpected large deviation. This could 

be the squared deviation of the return from its mean. The ARCH model is distinguished from 

other econometric models in several ways, one being that the ARCH model process allows the 

conditional variance to change over time as a function of past errors, leaving the 

unconditional variance constant whereas other models assumes constant variance. Applying 

the ARCH model usually requires a fairly long lag in the conditional variance equation; a 

fixed lag is normally carried out to avoid problems with negative variance parameters. To 

overcome the models weaknesses Tim Bollerslev introduced his generalized ARCH model 

known as GARCH (Bollerslev, 1986). The GARCH model allows a more flexible lag 

structure with longer memory. In the ARCH process, the conditional variance is specified as a 

linear function of past sample variance, whereas the GARCH process allows lagged 

conditional variances as well.  

 

Lawrence Glosten, Ravi Jagannathan and David Runkle Runkle (Glosten, et al., 1993) 

modified the restrictions of the GARCH model to enforce a symmetric response of volatility 

to both positive and negative shocks. For this purpose they introduced the GJR-GARCH and 

TGARCH model. Their conclusion is that there is a positive and significant relation between 

the conditional mean and the conditional volatility. 
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Robert Engle and Victor Ng (Engle & Ng, 1993) measure the impact of bad and good news 

on volatility; they report an asymmetry in the stock market’s volatility towards good news as 

compared to bad news. Their findings show that market volatility is associated with the arrival 

of news, a sudden drop in price is associated with bad news and a sudden increase in price is 

said to be due to good news. Engle and Ng find that bad news create more volatility than good 

news of equal importance. This asymmetric characteristic of the market’s volatility has come 

to be known as the "leverage effect". 

 

Ashok Banerjee and Sahadeb Sarkar (Banerjee & Sarkar, 2006) examined the presence of 

long memory asset returns in the Indian stock market. They found that daily returns are 

largely uncorrelated and that there is strong evidence of long memory in its conditional 

variance. They observed that the leverage effect is insignificant in Sensex (Bombay stock 

exchange) returns, the symmetric volatility models therefore turned out to be superior which 

was according to their expectations. 

 

Around the same time, Raman Kumar and Anil Makhija (Kumar & Makhija, 2006) evaluated 

the performance of different statistical and economic volatility forecasting models; his study 

was performed on the Indian stock market and the foreign exchange (Forex) markets. Based 

on his forecasts and evaluations of key indicators that ranks a model as better or more 

accurate than another model, he concluded that it is possible to imply that EWMA will 

perform better in volatility forecasts on the stock market whereas GARCH will do better on 

the Forex market. His findings were in accordance with (Akgiray, 1989), (McMillan & 

Speight, 2001), and (Andersen & Bollerslev, 1998) whereas (Brailsford & Faff, 1996) claims 

that no method is superior.  

 

In a study made by Yu Meng and Natalia Rafikova (Meng & Rafikova, 2006) on the Swedish 

stock market they conclude that the naïve models and the GARCH type models perform 

differently well on different forecasting horizons. They found that the naïve models perform 

better on short-term horizons, approximately 5-10 days horizons where EWMA is the superior 

model, whereas GARCH type models perform better on mid-term horizons which are 20-40 

days.  
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4 Models of Forecasting Volatility 
There are several different methods and models that aim to predict the future volatility of a 

stock, an index, a currency, an option or something similar. I will discuss some of the more 

common models in this section. Most models used to forecast volatility can be classified as 

either an option based forecasting approach or a time series forecasting model. Option based 

forecasting approaches are the more complex and sophisticated models, whereas time series 

forecasting models use historical information as a base of their prediction. Models that use 

nothing but historical information are often called naïve models. Some examples of these 

Naïve models are Random Walk, Moving Average and Exponentially Weighted Moving 

average. ARCH family models are unique in that sense that they are time series forecasting 

models but assume that the variance of the current error term is related to the size of the 

previous periods’ error terms. I will describe and show these models and then use ARCH, 

GARCH and TGARCH for the analysis in this research.   

4.1 Naïve Models  

Significant for Naïve models are that they are based merely on historical information, most 

often standard deviation or variance. These models are simple and commonly used by option 

traders and academic researchers to estimate volatility based on historical realizations, the 

simplicity of these models makes them common even though they are not theoretically 

optimal. Since volatility changes stochastically over time it is more common to use recent 

observations and neglect older historical data. 

4.2 Random Walk (RW) 

This is a well-known model and the simplest of them all. The model “assumes that the best 

forecast of next period’s volatility is this period’s volatility” (Meng & Rafikova, 2006).  

2 2
1ˆt tσ σ+ =

                                                    (Equation 6) 
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4.3  Moving Average (MA) 

This model suggests that the most accurate forecasts are the ones based on the most recent 

data. The researchers’ dilemma is how much data to include, too much data includes periods 

with no explanatory power at all whereas too little data exclude periods that have an impact 

on today’s volatility.  

   
2 2

1 1
1

1ˆ
n

t t i
in

σ σ+ + −
=

= ∑                                               (Equation 7)                                  

4.4 Exponentially Weighted Moving Average (EWMA) 

The EWMA model is very similar as the MA; it belongs to the same group of models that 

simply produce historical based forecasts. This model however puts more weight on more 

recent data and thereby makes older data less significant.  

2 2 2
1 1

1

1ˆ ˆ(1 )
n

t t t i
in

σ λ σ λ σ+ + −
=

= − + ∑
                                   (Equation 8) 

The most popular time spans for this model are the 12 and 26-day EWMAs, these spans are 

often used to create indicators like the moving average convergence divergence (MACD) and 

the percentage price oscillator (PPO). These time spans are for short-term use and the 50 and 

200-day EMWAs are sometimes used as indicators for long term trends.  

4.5  Autoregressive Conditional Heteroskedasticity (ARCH)  
ARCH is an econometric term used for observed time series, the ARCH models are used to 

model financial time series with time-varying volatility. ARCH was introduced by Nobel 

Prize winner Robert Engle in 1982 and has been widely used ever since. The model is a non-

linear time series model and was designed for “improving the performance of a least squares 

model and for obtaining more realistic forecast variances” (Engle, 1982). The model assumes 

that the variance of the current error term is related to the size of the previous periods’ error 

terms, giving rise to clustering.  

To clarify the difference when dealing with both linear and non-linear models, John 

Campbell, Andrew Lo and Craig MacKinlay (Campbell, et al., 1996) explains that shocks are 

assumed to be uncorrelated, but not necessarily identically independent distributed when 

talking about linear models. A non-linear model on the other hand assumes shocks to be 
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identically independent distributed but there is a nonlinear function relating the observed time 

series. 

2
0 1 1t th eα α −= +                                                     (Equation 9) 

4.6 Generalized Autoregressive Conditional Heteroskedasticity (GARCH) 

The ARCH model was generalized and introduced as GARCH by Tim Bollerslev in 1986 

(Bollerslev, 1986), before the introduction of the ARCH models there were no nonlinear 

models available for variance. The primary used tool was the rolling standard deviation which 

means that the standard deviation is calculated using a fixed number of the most recent 

observations. It thereby assumes that the variance of tomorrows return is an equally weighted 

average of the squared residuals from the decided time frame. This assumption is not very 

appealing since later observations of data should carry more weight. GARCH is also a 

weighted average of past squared residuals but it has declining weights that never goes 

completely to zero. According to this model the best prediction of the variance in coming 

period is a weighted average of the long-run average variance (Engle, 2001). This is a very 

popular model because it fits many sets of data series very well. It tells us that the volatility 

changes with lagged shocks, but there is also working momentum in the system. It can also 

capture very long lags in the shocks using only three parameters. 

The model can be represented with a mean equation and a variance equation which will be 

used and showed later in the paper. The GARCH model successfully captures volatility 

clustering of financial time series and in the background of the GARCH-models lays an 

assumption of time-varying conditional volatility. 

 

On the other hand, GARCH does not fully consider skewness and kurtosis, the GARCH 

structure also presents some drawbacks on implementation since it requires large numbers of 

observations to produce reliable estimates. All in all, GARCH-type models represent a more 

reliable solution and a better efficiency at the higher level of complexity. 

 
2

1 1 1 1t t th e hδ α β− −= + +                                      (Equation 10) 
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4.7  Threshold Generalized Autoregressive Conditional Heteroskedasticity (TGARCH) 

TGARCH is an extension of the GARCH model and was introduced in the beginning of the 

1990´s (Rabemananjara & Zakoian, 1993). This is an asymmetric model which means it does 

not simply pay attention to volatility but it also takes the direction (positive or negative) in to 

consideration. That is one of the restrictions of the other GARCH models; since they are 

squaring the lagged errors the sign before the residuals are lost. It has been argued that a 

negative shock to a financial time series is likely to cause volatility to rise by more than a 

positive shock of the same size, with that argument in mind an asymmetric model should be 

able to perform better (Brooks, 2002). 

Rabemananjara and Zakoian extended the model by including the lagged conditional standard 

deviations as a regressor, this with other conditions for covariance-stationarity given in their 

study is known as the TGARCH model. 

Jing Wu (Wu, 2010) did a research on the TGARCH model and came to the conclusion that 

the model can capture both the features and the effects of exogenous variables. She continued 

and concluded that the model is flexible and can accommodate other several exogenous 

variables that can trigger changes. She compares the results of TGARCH and GARCH and 

they both showed good fit of her data.  

 

 
2 2

1 1 1 1 1 1t t t t th e d e hδ α γ β− − − −= + + +                                    (Equation 11) 
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4.8  Other Models 

The models used in this research tries to capture all aspects of volatility. There are models 

however that aim to capture certain features of volatility as (Zumbach, 2002) showed when he 

studied the long memory volatility model.  

Except for the models used and described above there are other approaches for encompassing 

volatility forecasting. Some of the models are a lot more complex and therefore not as 

commonly used. One example of this is neural networks models that Glen Donaldson and 

Mark Kamstra (Donaldson & Kamstra, 1996) researched. Other models that still have not 

been widely accepted have been proposed relatively late but are getting more and more 

attention. One example of such model is the forecast based on stochastic volatility; it is a little 

more complicated and was presented in the mid 1990´s. Some researchers such as Ronald 

Heynen (Heynen, 1995), Jun Yu (Yu, 1999) and Christian Dunis, Jason Laws and Stéphane 

Chauvin (Dunis, et al., 2000) claim that this is the most accurate model based on their 

research. 

I have chosen to test three models out of the ARCH family in my research; ARCH , GARCH  

and TGARCH. I chose these models because they are widely accepted and commonly used.  
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5 Data introduction  
The data used in this study is gathered from the NASDAQ OMX Group INC. This is the 

world´s largest exchange company and delivers trading, exchange technology and public 

company services across the globe. NASDAQ NORDIC or The NORDIC EXCHANGE is the 

joint name for the exchanges offered in Helsinki, Copenhagen, Iceland, Riga, Tallinn, Vilnius 

and Stockholm including more than 3,500 listed companies. OMXS30 is the designation for 

the Stockholm exchange and that is where the data has been collected from. (NASDAQ, 

2014) 

I have chosen to include data from January 2010 to December 2014. All the data will serve as 

foundations for estimations, and since I will perform in sample projections, the same data will 

be used for evaluating the forecasts.   

5.1  Indexes 

The chosen indexes for this thesis are OMX STOCKHOLM 30 INDEX, STOCKHOLM 

CONSTRUCTION & MATERIALS INDEX (SX 2300GI), STOCKHOLM BANKS INDEX 

(SX 8300GI), STOCKHOLM REAL ESTATE INDEX (SX 8600GI) and STOCKHOLM 

FINANCIAL SERVICES INDEX (SX 8700GI). They are chosen to represent the Real Estate 

Sector and the Financial Sector in Sweden as well as Sweden in general with the OMXS30 

index. Since different companies in the different sectors have individual policies about 

dividends I have chosen to only use gross indexes. (NASDAQ, 2015) 

 

Figure 1: The development of chosen indexes during 2010-2014 
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5.2 Step By Step Approach  

First I will perform a series of tests on each index and then compare the results to see whether 

the results vary between the different indexes and sectors. I use 1255 observations for each 

index which is every trading day from 2010 to 2014; every index will individually go through 

the same series of tests performed in StataIC 12. The steps will be explained in detail the first 

time and reused for the following four indexes.  

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis   

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

Step 3: Create a histogram to see whether the distribution is normal or not  

Step 4: Perform a skewness and kurtosis tests to get a better understanding of the distribution  

Step 5: Execute a regression (estimate the mean equation) to get the residuals 

Step 6: Look for ARCH effect by performing a Lagrange Multiplier (LM) test  

Step 7: Estimate an ARCH model5 

Step 8: Use the estimated ARCH model to make an in sample projection for next period 

Step 9: Estimate and GARCH model 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

Step 11: Estimate and T-GARCH model 

Step 12: Use the estimated T-GARCH model to make an in sample projection for next period 

 

 

                                                            
5 Step 7 - 12 are merely performed if the LM-test shows presence of ARCH effects.  
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5.3  OMX STOCKHOLM 30 INDEX 

The OMX STOCKHOLM 30 INDEX (OMXS30) is a compilation of 30 stocks with the 

highest turnover on the Swedish stock market. It is a capitalization weighted index which 

means that all of its components are weighted according to the total market value of their 

outstanding shares, so the impact a stock’s price change has on the index is proportional to the 

company’s overall market value or market capitalization. 

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis   

Table 1: Detailed summarization of the returns of OMXS30 

 

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

.  

Figure 2: Line diagram of the returns of OMXS30 

This graph shows the volatility of the return through the chosen time span. It is clear that the 

index’s volatility behaved fairly steady with the exception of August-November in 2011. That 

was the year where the Greece economy put the European Union’s economy to the test. With 
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lengthy discussions between the Greek parliament and EFSF (European Financial Stability 

Facility) it was decided that half of the Greeks debt would be omitted. In connection with this 

the EFSF was increased to one thousand billions euros. This partially calmed the market even 

though the estimated needed amount of euros in the fund was two thousand billions. At the 

very same time, Italy and Spain are going through really hard times which affect the European 

Union’s economy and therefore also the Swedish stock market. The uncertainty and lack of 

positive projections are making investors move their money to different markets in the United 

States and Asia. It took a few months for the region to rebuild its trust for the investors and to 

make this alarming time settle down (from the end of 2011 - beginning of 2012). It is hard to 

predict how the market will react to its regions debt problems so the stock markets actors 

waited for it to stabilize; after it became steady it did not take long for the investors to yet 

again place their capital in the European markets. (Söderberg & Partners, 2011). 

 

Step 3: Create a histogram to see whether the distribution is normal or not  

 

Figure 3: Histogram of the distribution of OMXS3 

 

Looking at this histogram with a bin(10) frequency it is pretty clear that this is not a 

symmetric distribution and therefore not normal. The normal distribution is symmetric with 

the mean equal to the median. Departure from symmetry usually implies a skewed 

distribution 
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Step 4: Perform a skewness and kurtosis test to get a better understanding of the distribution  

Table 2: Skewness/kurtosis test for normality of the returns of OMXS30 

 

Due to a p-value below 0.05 I reject the H0
6

 that claimed that the distribution was normal. 

With other words it is now confirmed that the distribution is not normal. 

Skewness is a measure of the grade of asymmetry of a frequency distribution. Positive 

skewness (right-skewed) is an indication of a distribution with an asymmetric side that is 

growing towards more positive numbers. Negative skewness (left-skewed) implies the 

opposite, which means a distribution that stretches asymmetrically to the left. In this case as 

seen in the graph and table above the skewness is positive and leaning towards positive 

numbers. Kurtosis is a measure of the flatness versus the peak of a frequency distribution. A 

positive kurtosis indicates a relatively peaked distribution, while a negative kurtosis indicates 

a relatively flat distribution (Aamir, 1993). This kurtosis is zero and therefore peaks as a 

normal distribution but the skewness still shows that the distribution is different from normal. 

 

Step 5: Execute a regression (estimate the mean equation) to get the residuals. 

 

With the realization that the returns of the OMXS30 index are not normally distributed, I will 

perform further tests to see if any ARCH effect exists. To be able to perform the Lagrange-

multiplier test I estimate a mean equation and get the residuals used in the LM-test by running 

a regression on the variable r_omx30 (daily returns of the OMX30 index).  
Table 3: Regression of the returns of OMXS30 

 
                                                            
6 Ho = null hypothesis 



 
 

   23 
 

Step 6: Perform a Lagrange Multiplier (LM) test to look for the presence of ARCH effect  

The LM-test is by far the most common test to look for ARCH effect and if we find the 

presence of ARCH effect we will be able to estimate an ARCH(1) model, and  use that model 

to forecast the next periods return and conditional variance7. 

Table 4: Lagrange multiplier test of the returns of OMXS30 

 
The H0 of no ARCH effect is rejected since the P-value is less than 0.05. We can see in the 

table above (Table: 4) that the P-value is 0.0002. This means that the ARCH effect do exist 

with less than a 5% margin of error. We can now continue and make an in sample forecast.  

Step 7: Estimate an ARCH(1) model 

Since I found the existence of ARCH effects I will continue and estimate an ARCH(1) model.  

Table 5: Estimated ARCH model of the returns of OMXS30 

 

Estimated mean in time series with estimated ARCH(1) model: 

0  0,0ˆ 00 8ˆ 427tr β ==  

Estimated variance in time series with estimated ARCH(1) model:    

8    
2

0 1 1
ˆ ˆ ˆt th êα α −= +  

2
10,0001273 0,1467234 tê −= +  

                                                            
7 Conditional variance = the variance of a random variable when the values of one or more other variables are 
given.  This is also called the variance of a conditional probability distribution.  
8 ĥ = estimated variance 
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In this forecasted ARCH model it is clear that the P-values is within the margin of error (P < 

0,05). Another thing we can extract from the ARCH model is that the ARCH term is 

significant since the z-value is above 2 (z > 2 = significant term). ARCH models are estimated 

by the maximum likelihood method which is programmed in most econometric software.  

 

Step 8: Use the estimated ARCH(1) model to make an in sample projection for next period 

With a confirmed ARCH effect and an estimated model I am able to project next period’s 

returns and conditional variance.  

Estimated return:   1 0
ˆˆ 0,0004278tr β+ ==  

Estimated conditional variance: 

2 2
1 0 1 0

ˆ ˆˆ ˆ ( ) 0,0001273 0,1467234( 0,0004278)t t th r rα α β+ = + − = + −   

The conditional variance is plotted and shown in the graph below. 

 

Figure 4: Plotting the estimation of conditional variance of the returns of OMXS30 using ARCH 

 

Now I will repeat the steps 7 and 8 twice but the first time adding a GARCH(1,1) term and 

the second time add a T-GARCH(1,1) term.  
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Step 9: Estimate and GARCH(1,1) model 

I estimate a GARCH(1,1) model by adding a single GARCH-term to the existing ARCH(1) 

model.  

Table 6: Estimated GARCH model of the returns of OMXS30 

 

Estimated mean in time series with estimated GARCH(1,1) model:   0,000 7ˆ 39 3tr =  

Estimated variance in time series with estimated GARCH(1,1) model:   

2
1 1 1 1

ˆ ˆˆt t th ê hδ α β− −= + +  
2

1 1
ˆ0,0000609 01158453 1,292144t tê h− −= − + +  

As shown in the table; the z value for both the ARCH term and GARCH term are significant. 

The high z value of The GARCH term indicates a better fit for the in sample data. Both of the 

terms P value is below 0.05 and is therefore within the margin of error. 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

 

Figure 5: Plotting the estimation of conditional variance of the returns of OMXS30 using GARCH 
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Step 11: Estimate a TGARCH(1,1) model  

Table 7: Estimated TGARCH model of the returns of OMXS30 

 

Estimated mean in time series with estimated TGARCH(1,1) model: 

 0,000 3ˆ 25 6tr =  

Estimated variance in time series with estimated TGARCH(1,1) model:    

2 2
1 1 1 1 1 1

ˆ ˆˆt t t t th ê d ê hδ α γ β− − − −= + + +  
2 2

1 1 1 1
ˆ0,0000558 0,16086 1,275687 0,0904393t t t tê d ê h− − − −= − + + −  

    0      (  )1
    1     (good  )0

t
t

t

e bad news
d

e news
<

=  >  

The estimated TGARCH model allows for asymmetric effect; treating positive and negative 

news differently. This is why the TGARCH term can be negative, the z value is significant 

anyways since the numbers are absolute and the sign before is not relevant while deciding if 

the term is significant or not. All three terms are significant within the margin of error.  
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Step 12: Use the estimated T-GARCH model to make an in sample projection for next period 

 

Figure 6: Estimated ARCH model of the returns of OMXS30 (top) vs estimated GARCH model of the returns of OMXS30 

 

Figure 7: Estimated GARCH model of the returns of OMXS30 (top) vs estimated TGARCH model of the returns of OMXS30 

Studying these graphs (Figure 6 & Figure 7) it is clear that the models produce similar 

projections and results. They have all captured the abnormalities of the end of 2011 through 

the beginning of 2012. Sometimes one models results and projections are more drastic 

(GARCH models has higher peaks and more movement from 0 than the ARCH graph in 

figure 6) but they all show the same patterns and developments.  
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5.4  STHLM CONSTRUCTION & MATERIALS INDEX (SX 2300GI) 

This index consists of 16 different company stocks that represent the construction and 

materials sector including enterprises such as NCC, Peab, SWECO and Skanska.  

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis 

Table 8: Detailed summarization of the returns of SX2300 

 

 

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

 

Figure 8: Line diagram of the returns of SX2300 

The line diagram revealing the returns of the Stockholm Construction and materials index 

shows that they were affected of the European financial crisis in 2011 as well. 
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Step 3: Create a histogram to see whether the distribution is normal or not  

 

Figure 9: Histogram of the distribution of SX2300 

Figure 9 illustrates the distribution over the returns of the SX2300 index; the unsymmetrical 

distribution shows us that it is not normal.    

 

Step 4: Perform a skewness and kurtosis test to get a better understanding of the distribution  

Table 9: Skewness/kurtosis test for normality of the returns of SX2300 

 

Due to a p-value below 0.05 I reject the H0 that claimed that the distribution was normal. With 

other words it is now confirmed that the distribution is not normal. 

 

 

 

 

 

 



 
 

   30 
 

Step 5: Execute a regression (estimate the mean equation) to get the residuals 

Table 10: Regression of the returns of SX2300 

 

The index´s returns are not normally distributed, with the regression I have now received a 

overview about the residuals and the coefficient of the term r_sx2300 (the returns of the 

index). This information is used in the Lagrange multiplier test.  

 

Step 6: Look for ARCH effect by performing a Lagrange Multiplier (LM) test  

Table 11: Lagrange multiplier test of the returns of SX2300 

 

The hypothesis of no ARCH effect is rejected since the P-value is less than 0.05. We can see 

in table 11 that the P-value is 0.0475. This means that the ARCH effect do exist with less than 

a 5% margin of error. I will now continue and make an in sample forecast.  

 

 

 

 

 

 



 
 

   31 
 

Step 7: Estimate an ARCH model 

Table 12: Estimated ARCH model of the returns of SX2300 

 

Estimated mean in time series with estimated ARCH(1) model: 

   0  0, 007 1ˆ 7ˆ 0tr β= =  

Estimated variance in time series with estimated ARCH(1) model:     

 
2

0 1 1
ˆ ˆ ˆt th êα α −= +  

2
10,0001484 0,0687728 tê −= +  

It is clear in this forecasted ARCH model that the P-values are within the margin of error (P < 

0.05). Another thing I can extract from the ARCH model is that the ARCH term is significant 

since the z-value is above 2. 
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Step 8: Use the estimated ARCH model to make an in sample projection for next period 

Estimated return:   1 0
ˆˆ 0,00071tr β+ ==  

Estimated conditional variance: 

2 2
1 0 1 0

ˆ ˆˆ ˆ ( ) 0,0001484 0,0687728( 0,000771)t t th r rα α β+ = + − = + −   

The conditional variance is plotted and shown in the graph below.  

 

Figure 10: Plotting the estimation of conditional variance of the returns of SX2300 using ARCH 
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Step 9: Estimate and GARCH model  

Table 13: Estimated GARCH model of the returns of SX2300 

 

Estimated mean in time series with estimated GARCH(1,1) model =  

 0,000 2ˆ 69 5tr =  

Estimated variance in time series with estimated GARCH(1,1) model =      

2
1 1 1 1

ˆ ˆˆt t th ê hδ α β− −= + +  
2

1 1
ˆ0,0000712 0,0844065 1,359249t tê h− −= − + +  

The z value for both the ARCH term and GARCH term in table 13 are significant. The 

GARCH term with a higher z value shows indications of being a better fit for the in sample 

data. Both of the terms P value is below 0.05 and is therefore within the margin of error. 

 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

 

Figure 11: Plotting the estimation of conditional variance of the returns of SX2300 using GARCH 
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Step 11: Estimate and T-GARCH model 

Table 14: Estimated TGARCH model of the returns of SX2300 

 

Estimated mean in time series with estimated TGARCH(1,1) model =  0,000 5ˆ 63 9tr =  

Estimated variance in time series with estimated TGARCH(1,1) model =      

2 2
1 1 1 1 1 1

ˆ ˆˆt t t t th ê d ê hδ α γ β− − − −= + + +  
2 2

1 1 1 1
ˆ0,0000699 0,975081 1,356601 0,273851t t t tê d ê h− − − −= − + + −  

The estimated TGARCH model allows for asymmetric effect; treating positive and negative 

news differently. This is why the TGARCH term can be negative; the z value of the 

TGARCH term is insignificant in this case (z < 2) whereas the ARCH and GARCH terms are 

significant and within the margin of error. 
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Step 12: Compare the different projections with two graphs  

 

Figure 12: Estimated ARCH model of the returns of SX2300 (top) vs estimated GARCH model of the returns of SX2300 

 

Figure 13: Estimated GARCH model of the returns of SX2300 (top) vs estimated TGARCH model of the returns of SX2300 

The plots of the estimated models (Figure 12 & Figure 13) show similar projections and 

results. They have all captured the abnormalities of the end of 2011 through the beginning of 

2012. The TGARCH and GARCH model seems to follow each other more than they follow 

the ARCH model, they show a higher peak and more movement from zero compared with the 

ARCH model.  
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5.5  STHLM BANKS INDEX (SX8300GI) 
This is a small index that consists of the stocks of the major banks in Sweden. The banks 

represented in the index are Swedbank, Nordea, SEB and Handelsbanken.  

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis    

Table 15: Detailed summarization of the returns of SX8300 

 

 

 

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

 

Figure 14: Line diagram of the returns of SX8300 

 The line diagram revealing the returns of the Stockholm Banks index shows that they were 

affected of the European financial crisis in 2011 as well.  

 



 
 

   37 
 

Step 3: Create a histogram to see whether the distribution is normal or not  

 

Figure 15: Histogram of the distribution of SX8300 

Looking at this histogram with a bin(10) frequency it is pretty clear that this is not a 

symmetric distribution and therefore not normal. 

 

Step 4: Perform a skewness and kurtosis test to get a better understanding of the distribution  

Table 16: Skewness/kurtosis test for normality of the returns of SX8300 

 

Due to a p-value below 0.05 I reject the H0 that claimed that the distribution was normal. With 

other words it is now confirmed that the distribution is not normal. 
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Step 5: Execute a regression (estimate the mean equation) to get the residuals. 

Table 17: Regression of the returns of SX8300 

 

With the realization that the returns of the Stockholm Bank index are not normally distributed, 

I will perform further tests to see if any ARCH effect exists. To be able to perform the 

Lagrange-multiplier test I estimate a mean equation and get the residuals used in the LM-test 

by running a regression on the variable r_sx8300. 

 

Step 6: Look for ARCH effect by performing a Lagrange Multiplier (LM) test  

Table 18: Lagrange multiplier test of the returns of SX8300 

  

The hypothesis of no ARCH effect is rejected since the P-value is less than 0.05. We can see 

in table 18 that the P-value is 0.0002. This means that the ARCH effect do exist with less than 

a 5% margin of error. I will now continue and make an in sample forecast.  
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Step 7: Estimate an ARCH model  

Table 19: Estimated ARCH model of the returns of SX8300 

 

Estimated mean in time series with estimated ARCH(1) model:   0  0,0ˆ 00 9ˆ 739tr β ==  

Estimated variance in time series with estimated ARCH(1) model:    

2
0 1 1

ˆ ˆ ˆt th êα α −= +  
2

10,0002082 0,1461695 tê −= +  

In this forecasted ARCH model it is clear that the P-values is within the margin of error (P < 

0,05). Another thing we can extract from the ARCH model is that the ARCH term is 

significant since the z-value is above 2 (z > 2 = significant term).  

Step 8: Use the estimated ARCH model to make an in sample projection for next period 

Estimated return:   1 0
ˆˆ 0,0007399tr β+ ==  

Estimated conditional variance: 

2 2
1 0 1 0

ˆ ˆˆ ˆ ( ) 0,0002082 0,14661695( 0,0007399)t t th r rα α β+ = + − = + −   

The conditional variance is plotted and shown in the graph below.  

 

Figure 16: Plotting the estimation of conditional variance of the returns of SX8300 using ARCH 
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Step 9: Estimate and GARCH model   

Table 20: Estimated GARCH model of the returns of SX8300 

 

Estimated mean in time series with estimated GARCH(1,1) model =  0,000 4ˆ 68 9tr =  

Estimated variance in time series with estimated GARCH(1,1) model =      

2
1 1 1 1

ˆ ˆˆt t th ê hδ α β− −= + +  
2

1 1
ˆ0,0000743 0,1237392 1,174211t tê h− −= − + +  

As shown in the table above (Table: 20) the z value for both the ARCH term and GARCH 

term are significant. The GARCH term with a higher z value shows indications of being a 

better fit for the in sample data. Both of the terms P value is below 0.05 and is therefore 

within the margin of error. 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

 

Figure 17: Plotting the estimation of conditional variance of the returns of SX8300 using GARCH 
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Step 11: Estimate and T-GARCH model 

Table 21: Estimated TGARCH model of the returns of SX8300 

 

Estimated mean in time series with estimated TGARCH(1,1) model =  

 0,000 3ˆ 47 2tr =  

Estimated variance in time series with estimated TGARCH(1,1) model =      

2 2
1 1 1 1 1 1

ˆ ˆˆt t t t th ê d ê hδ α γ β− − − −= + + +  
2 2

1 1 1 1
ˆ0,000086 0,1528999 1,248719 0,0845917t t t tê d ê h− − − −= − + + −  

The estimated TGARCH model allows for asymmetric effect. This is why the TGARCH term 

can be negative, the z value is however significant since the numbers are absolute and the sign 

before is not relevant while deciding if the term is significant or not. All three terms are 

significant within the margin of error.  
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Step 12: Use the estimated T-GARCH model to make an in sample projection for next period 

 

Figure 18: Estimated ARCH model of the returns of SX8300 (top) vs estimated GARCH model of the returns of SX8300 
 

 

Figure 19: Estimated GARCH model of the returns of SX8300 (top) vs estimated TGARCH model of the returns of SX8300 

Studying the graphs of these estimated models, the ARCH and GARCH models show higher 

volatility of the events in 2010, the crisis in 2011 are captured by all models. The bank index 

shows different results than the construction and material index (2010) even though the big 

events affect them both (2011).  From 2012 and forward the GARCH and TGARCH model 

are very similar whereas the ARCH model shows more stable projections with less volatility.  
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5.6  STHLM REAL ESTATE INDEX (SX 8600GI) 

This index consists of the stocks of 23 different real estate companies on the Swedish stock 

market. Companies represented are big and major enterprises including Fabege, Kungsleden, 

Klövern and Wallenstam.  

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis  

Table 22: Detailed summarization of the returns of SX8600 

 

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

 

Figure 20: Line diagram of the returns of SX8600 

The line diagram revealing the returns of the Stockholm Real Estate index shows that they 

were affected of the European financial crisis in 2011 and by looking at the graphs the effects 

for the real estate sector seems more negative than for the other sectors.  
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Step 3: Create a histogram to see whether the distribution is normal or not  

 

Figure 21: Histogram of the distribution of SX8600 

This is not a symmetric distribution which means that it is not normally distributed. The mean 

is not equal to the median.  

 

Step 4: Perform a skewness and kurtosis test to get a better understanding of the distribution  

Table 23: Skewness/kurtosis test for normality of the returns of SX8600 

 

Due to a p-value below 0.05 I reject the hypothesis that claimed that the distribution was 

normal which confirms that the distribution is not normal. 
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Step 5: Execute a regression (estimate the mean equation) to get the residuals.  

Table 24: Regression of the returns of SX8600 

 

After realizing that the returns of the Stockholm Real Esate index are not normally 

distributed, I will perform further tests to see if any ARCH effect exists. To be able to perform 

the Lagrange-multiplier test I estimate a mean equation and get the residuals used in the LM-

test by running a regression on the variable r_sx8600. 

 

 

Step 6: Look for ARCH effect by performing a Lagrange Multiplier (LM) test  

Table 25: Lagrange multiplier test of the returns of SX8600 

 

The hypothesis of no ARCH effect is rejected since the P-value is less than 0.05. Table 25 

shows that the P-value is 0.0000. This means that the ARCH effect do exist with less than a 

5% margin of error. I will now continue and make an in sample forecast.  
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Step 7: Estimate an ARCH model 

 
Table 26: Estimated ARCH model of the returns of SX8600 

 

Estimated mean in time series with estimated ARCH(1) model:   0  0,0ˆ 00 3ˆ 859tr β ==  

Estimated variance in time series with estimated ARCH(1) model:  
2

0 1 1
ˆ ˆ ˆt th êα α −= +  

2
10,0000948 0,1746842 tê −= +  

The forecasted ARCH model with P-values within the margin of error (P < 0,05) also shows 

that the ARCH term is significant (z > 2). 

Step 8: Use the estimated ARCH model to make an in sample projection for next period 

Estimated return:   1 0
ˆˆ 0,0008593tr β+ ==  

Estimated conditional variance: 

2 2
1 0 1 0

ˆ ˆˆ ˆ ( ) 0,0000948 0,1746842( 0,0008593)t t th r rα α β+ = + − = + −   

The conditional variance is plotted and shown in the graph below.  

 

Figure 22: Plotting the estimation of conditional variance of the returns of SX8600 using ARCH 
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Step 9: Estimate and GARCH model  

Table 27: Estimated GARCH model of the returns of SX8600 

 

Estimated mean in time series with estimated GARCH(1,1) model =  

 0,000 6ˆ 75 4tr =  

Estimated variance in time series with estimated GARCH(1,1) model =      

2
1 1 1 1

ˆ ˆˆt t th ê hδ α β− −= + +  
2

1 1
ˆ0,0000377 0111414 1,204648t tê h− −= − + +  

 

The z value for both the ARCH term and GARCH term are significant. The GARCH term 
with a higher z value is arguably a better fit for the in sample data. Both of the terms P value 
is below 0.05 and is therefore within the margin of error. 

 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

 

Figure 23: Plotting the estimation of conditional variance of the returns of SX8600 using GARCH 
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Step 11: Estimate and T-GARCH model 

Table 28: Estimated TGARCH model of the returns of SX8600 

 

Estimated mean in time series with estimated TGARCH(1,1) model =  0,000 3ˆ 72 9tr =  

Estimated variance in time series with estimated TGARCH(1,1) model =      

2 2
1 1 1 1 1 1

ˆ ˆˆt t t t th ê d ê hδ α γ β− − − −= + + +  
2 2

1 1 1 1
ˆ0,0000382 0,1209027 1,216494 0,0270469t t t tê d ê h− − − −= − + + −

The estimated TGARCH model allows for asymmetric effect; In this case the TGARCH term 

is not significant since its z value does not exceed 2. The ARCH and GARCH term however 

are significant within the margin of error.  
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Step 12: Use the estimated T-GARCH model to make an in sample projection for next period 

 

Figure 24: Estimated ARCH model of the returns of SX8600 (top) vs estimated GARCH model of the returns of SX8600 

 

 

Figure 25: Estimated GARCH model of the returns of SX8600 (top) vs estimated TGARCH model of the returns of SX8600 

 

Studying the graphs of these estimated models, the ARCH model shows higher volatility of 

the events in 2010 than what the other models project. The Euro crisis in 2011 is captured by 

all models but the ARCH models also shows longer effects of the crisis all the way in to the 

middle of 2012.  
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5.7  STHLM FINANCIAL SERVICES INDEX (SX 8700GI) 

This index consists of 18 different companies that represents the financial service sector on 

the Stockholm stock market, included are companies such as Avanza, Kinnevik, Investor and 

Nordnet.  

Step 1: Extracting information about the index to get a good overview of the realized 

variance, mean and standard deviation. It will also allow a first look at the skewness and 

kurtosis   

Table 29: Detailed summarization of the returns of SX8700 

 

Step 2: Draw a line diagram of the returns, looking for abnormalities such as big and sudden 

changes 

 

Figure 26: Line diagram of the returns of SX8700 

 

The line diagram revealing the returns of the Stockholm Financial Services index shows that 

they were affected of the European financial crisis in 2011 as well and continued with higher 

volatility through the middle of 2012. 
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Step 3: Create a histogram to see whether the distribution is normal or not  

 

Figure 27: Histogram of the distribution of SX8700 

The asymmetric distribution indicates that it is not normal.  

 

Step 4: Perform a skewness and kurtosis test to get a better understanding of the distribution 

Table 30: Skewness/kurtosis test for normality of the returns of SX8700 

 

Due to a p-value below 0.05 (0.0000 in Table: 30) I reject the hypothesis that claimed that the 

distribution was normal.  
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Step 5: Execute a regression (estimate the mean equation) to get the residuals. 

Table 31: Regression of the returns of SX8700 

 

With the realization that the returns of the SX8700 index are not normally distributed I will 
continue to perform further tests to see if any ARCH effect exists. I will do this with the LM-
test and I need the residuals from this regression to perform the LM-test.  

 

Step 6: Look for ARCH effect by performing a Lagrange Multiplier (LM) test  

Table 32: Lagrange multiplier test of the returns of SX8700 

 

 

The hypothesis of no ARCH effect is rejected since the P-value is less than 0.05 (0.0000 in 

Table 32). The existence of ARCH effect is confirmed with a 5% margin of error.  
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 Step 7: Estimate an ARCH model 

Table 33: Estimated ARCH model of the returns of SX8700 

 

 

Estimated mean in time series with estimated ARCH(1) model: 0  0,0ˆ 00 8ˆ 855tr β ==  

Estimated variance in time series with estimated ARCH(1) model: 
2

0 1 1
ˆ ˆ ˆt th êα α −= +  

2
10,0001213 0,1761417 tê −= +  

Looking at the ARCH term in this estimated ARCH model I can see that the term is 

significant (z > 2) and that it is within the margin of error ( P < 0,05) 

Step 8: Use the estimated ARCH model to make an in sample projection for next period 

Estimated return:   1 0
ˆˆ 0,0008558tr β+ ==  

Estimated conditional variance: 
2 2

1 0 1 0
ˆ ˆˆ ˆ ( ) 0,0001213 0,1761417( 0,0008558)t t th r rα α β+ = + − = + −   

The conditional variance is plotted and shown in the graph below.  

 

Figure 28: Plotting the estimation of conditional variance of the returns of SX8700 using ARCH 
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Step 9: Estimate and GARCH model  

Table 34: Estimated GARCH model of the returns of SX8700 

 

Estimated mean in time series with estimated GARCH(1,1) model =  0,000 9ˆ 79 9tr =

Estimated variance in time series with estimated GARCH(1,1) model =      

2
1 1 1 1

ˆ ˆˆt t th ê hδ α β− −= + +  
2

1 1
ˆ0,0000442 0,1284215 1,164177t tê h− −= − + +  

As shown in the table above (Table 34) the z value for both the ARCH term and GARCH 

term are significant. The GARCH term with a higher z value shows indications of being a 

better fit for the in sample data. Both of the terms P value is below 0.05 and is therefore 

within the margin of error. 

 

Step 10: Use the estimated GARCH model to make an in sample projection for next period 

 

Figure 29: Plotting the estimation of conditional variance of the returns of SX8700 using GARCH 
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Step 11: Estimate and T-GARCH model  

Table 35: Estimated TGARCH model of the returns of SX8700 

 

Estimated mean in time series with estimated TGARCH(1,1) model =  

 0,00 6ˆ 06 4tr =  

Estimated variance in time series with estimated TGARCH(1,1) model =      

2 2
1 1 1 1 1 1

ˆ ˆˆt t t t th ê d ê hδ α γ β− − − −= + + +  
2 2

1 1 1 1
ˆ0,0000379 0,1704591 1,136599 0,094173t t t tê d ê h− − − −= − + + −  

The estimated TGARCH model allows for asymmetric effect; treating positive and negative 

news differently- The z value is significant since the numbers are absolute and the sign before 

is not relevant while deciding if the term is significant or not. All three terms are significant 

within the margin of error.  
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Step 12: Use the estimated T-GARCH model to make an in sample projection for next period 

 

Figure 30: Estimated ARCH model of the returns of SX8700 (top) vs estimated GARCH model of the returns of SX8700 

 

 

Figure 31: Estimated GARCH model of the returns of SX8700 (top) vs estimated TGARCH model of the returns of SX8700 
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Studying these graphs (Figure 30 & Figure 31) it is clear that the models produce similar 

projections and results. The ARCH model projected a more drastic turn in the volatility in 

2010 than the other models whereas the crisis in 2011 was captured similarly by all models.   

6  Analysis & Results 
Having chosen indexes from different sectors I had expected a wider spectrum of results. The 

results are similar between the indexes and the correlation is high, not only with the OMXS30 

index but between the different sectors as well.  

All the five different indexes show small but clear evidence of skewness and kurtosis of their 

daily returns. This means that none of the returns investigated in this paper is normally 

distributed in chosen time range. With the absence of a normal distribution; a more complex 

and encompassing distribution with fat-tailed features are required and they are said to be 

leptokurtic (Hill, et al., 2010). The skewness and kurtosis however are small compared to 

many other studies performed, a study of the indexes on the Chinese stock shows that the 

skewness was between -0,44 and 5,49 (Yang, 2011) during their chosen time range, whereas 

the skewness of the indexes in this paper are between 0,0001 and 0,6745.  

The presence of ARCH effect existed in all of the different ranges of data; the investigated 

ARCH term is significant in all the indexes within the 5% margin of error. This means that 

the ARCH model was able to successfully project an in sample conditional variance to a 

satisfying degree.  

With the confirmed ARCH effect in all the indexes I investigated the GARCH and TGARCH 

models to see which would be a better fit. The GARCH term was significant in all five of the 

indexes with greater margin than the ARCH term and still within the margin of error. This 

means that this model was also able to forecast an in sample conditional variance to a 

satisfying degree and it also implies that, for my chosen ranges of data; that GARCH projects 

better forecasts than ARCH which is also confirmed while studying the graphs. It has been 

argued before that GARCH performs well with big series of data and my test confirms that. 

As mentioned earlier, one weakness of the GARCH model is that it cannot really capture 

skewness and kurtosis, in my sets of data the skewness and kurtosis are small which helps the 

GARCH model to perform well. The TGARCH model however which is able to capture 

asymmetry showed varied results throughout my testing, the term was insignificant (z-value 
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close to zero) in two out of the five indexes. This is an interesting result since the graphs of 

the estimated model shows high correlation with the realized volatility.  

Both the realized volatility and the projected volatility shows that large changes in the 

volatility tends to be followed by big changes whereas small changes tends to be followed by 

small changes. All the tried models capture this and they also capture the phenomenon of 

clustering.  

7  Conclusion 
An investor is subject to several different risks summarized under the concept “financial risk”. 

This concept includes market risk, legal risk, credit risk, liquidity risk etc. A big part of these 

risks are the volatile markets and the unpredictable events of the future. This is why so many 

models and approaches for forecasting volatility exist and even more will most likely arrive in 

the future. The problem however, is that the answer of which model that will perform the best 

projections differ from different sets of data and periods of times. There are nevertheless 

models that generally perform better than other models. Analysts and investors are still trying 

to figure out patterns in order to take the best approach for their interests.  

Another risk not mentioned earlier is the risk of using the wrong model. It is virtually 

impossible to test all different models and approaches and you will therefore always be 

subject to the risk of not using the best fitted model. In my data, GARCH has performed very 

well, with that said no one knows if E-GARCH, EWMA or implied volatility would have 

performed better without testing those exact approaches.  

My choice to limit this paper to the ARCH, GARCH and TGARCH model is to test the 

performance of these widely accepted approaches introduced by Robert Engle in 1982 who 

later won the Nobel Prize in 2003. I have also limited the paper by not deeply analyzing 

economic factors in the chosen time span except for the volatility abnormalities in 2011, some 

of the factors not investigated could explain the results more thoroughly and explain the 

insignificance of the TGARCH term in two of the indexes. The analysis is performed through 

visually studying the graphs and comparing the tables presented in the paper.  

My results support the conclusion made by Peter Reinhard Hansen and Asger Lunde 

(Reinhard Hansen & Lunde, 2001) that the ARCH model is worse than the GARCH model 

because of its inability to be flexible or general. The GARCH is widely used and accepted as 

a good forecaster in spite of its inability to generate a leveraged effect. The TGARCH model 
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however performed good projections but the term was insignificant two times out of five, this 

being in spite of its generalized nature in comparison to the not generalized ARCH model that 

was significant five out five times.  

 

8  Suggestions For Future Research 
The Swedish market is far from fully researched within the area of volatility and its many 

models and approaches. While doing my research and writing this thesis I have come across 

several questions that in my opinion needs to be more examined. 

 The issue of appropriated measure of volatility, studied after the framework of our financial 

systems and inflation goals in Sweden.  

For the sake of comparing different approaches and volatility forecasting methods, more 

extensive studies of option priced implied volatility on the Swedish stock market would be 

required. To really contribute this would have to be done for the different sectors and 

industries. This would be interesting and helpful since it would allow a domestic comparison 

between implied volatility and the other methods on the Swedish stock market, as well as 

international comparisons with the many foreign implied volatility studies.  

To be able to make thorough comparisons, studies of stochastic volatility models and long 

memory models on the Swedish stock exchange would also be of great help in future 

research.  
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