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Volatility is an important concept in many financial aspects, such as in option pricing 
and portfolio optimization. There are several empirically tested theories, which aim 
to explain how volatility usually behaves with respect to financial time series. 
Important of these are volatility clustering and leverage effect, which explain that the 
price changes are usually followed by price changes of similar magnitudes and that 
there is a bias to bad news within investors, respectively. Financial crises are events 
which greatly affect the volatility of a market as the aftermath of crises include huge 
decrease in asset values.  
 
This thesis studies the volatility characteristics of the Nordic countries (Finland, 
Sweden, Norway, Denmark, and Sweden) and how the global financial crisis 
affected them. In addition, the co-movements of the markets over time are 
examined. The data analyzed in this thesis consists of daily returns of countries’ 
major indices, representing their respective economic conditions, from January 
2006 to July 2011, capturing the global financial crisis. This period is divided into 
two subperiods, pre-crisis and post-crisis period, in order study the effects of the 
crisis. Univariate EGARCH model, which allows for asymmetric response to shocks, 
is used to model the conditional volatility of the time series. To study the co-
movements of the series, conditional correlation is modeled by ADCC-EGARCH 
model, which again allows for asymmetric response and the correlation to vary over 
time. 
 
It is found that the volatility clustering is present in each of the series, and that the 
persistence parameter, which measures it, increased following the crisis, except in 
the case of Iceland. Leverage effect is also found to be present in each series, and 
it lessened after the crisis, indicating that the positive news had more of an effect on 
the volatility. Co-movements of the countries are found to vary over time, and that 
the differences are sometimes relatively large. However, the movements are short 
lived, and it is found that the crisis didn’t affect the co-movement. Concluding, the 
crisis increased the volatility but did not affect the correlation.  
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Volatiliteetti on tärkeä konsepti monessa rahoitukseen liittyvässä teoriassa, kuten 
portfolio-optimoinnissa sekä optioiden hinnoittelussa. Empiirisesti, volatiliteetista on 
tunnistettu muutamia piirteitä, jotka yleensä pätevät tuottoaikasarjoihin. Tärkeitä 
näistä ovat volatiliteetin kasaantuminen, joka selittää sitä, että suuria hinnan 
vaihteluita seuraa yleensä suuret vaihtelut ja toisin päin, ja vipuvaikutus, joka 
selittää sitä, että sijoittajat ylireagoivat huonoihin uutisiin suhteessa hyviin uutisiin. 
Suuri vaikutus volatilitteettiin on finanssikriiseillä, joiden jälkimaininkeihin kuuluu 
suuri menetys omaisuuserien arvosta. 
 
Tässä tutkielmassa tutkitaan pohjoismaiden volatiliteetin piirteitä, sekä miten 
globaali finanssikriisi vaikutti niihin. Sen lisäksi tutkitaan maiden välistä korrelaatio 
ja kuinka se käyttäytyy ajan yli. Tutkielmassa analysoitu data muodostuu 
pohjoismaiden suurimpien indeksien päivittäisistä tuotoista tammikuusta 2006 
heinäkuuhun 2011, joka kattaa globaalin finanssikriisin. Jotta finanssikriisin 
vaikutuksia voitaisiin tutkia, periodi jaetaan kahteen periodiin: periodi ennen ja 
jälkeen finanssikriisin. Yksittäisen muuttujan EGARCH tilastollista mallia 
hyödynnetään ehdollisen volatiliteetin mallintamisessa. Mallilla on mahdollista 
mallintaa epäsymmetrinen reaktio shokkeihin. Maiden välinen ehdollinen 
korrelaatio, jonka avulla voidaan tutkia sen ajan yli käyttäytymistä, mallinnetaan 
ADCC-GARCH mallilla, joka yksittäisen muuttujan mallin tavoin mahdollistaa 
epäsymmetriset reaktiot. 
 
Tutkimustulokset kertovat, että volatiliteetin kasaantuminen on havaittavissa 
jokaisessa aikasarjassa. Lisäksi mallin volatiliteetin pysyvyyttä mittaava estimaattori 
kasvoi kriisin jälkeisenä aikana, paitsi Islannin tapauksessa. Volatiliteetin 
vipuvaikutus on myös havaittavissa jokaisessa aikasarjassa ja se heikkeni kriisin 
jälkeisenä aikana, mikä viittaisi siihen, että huonoihin uutisiin ei enää ylireagoitu niin 
herkästi. Maiden välinen korrelaatio vaihtelee ajan yli ja vaihtelut ovat suhteellisen 
suuria. Vaihtelut kuitenkin ovat lyhytikäisiä eikä finanssikriisillä ole havaittavaa 
vaikutus korrelaatioon.  
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1 INTRODUCTION 

 

Volatility, as a measurement of risk, expressed by standard deviation or variance 

depending on the context, is an important factor in nearly every financial decision. 

For example, individual investors consider the volatility of a security in an investment 

decision, wanting a higher premium higher the risk is. Financial institutions, and 

corporations to an extent, consider value-at-risk (VaR) statistic as a risk 

assessment, in which volatility is an important concept. It plays a role as an input in 

many models, such as Black-Scholes option pricing model, conditional CAPM, and 

dynamic hedge ratios. It’s particularly important in portfolio management. As such, 

understanding how it behaves in and of itself as well as what happens to it with 

respect to certain events is of the interest of many. Volatility stems from the 

fluctuations of price when considering financial time series. One of the most extreme 

events that influences the prices is a financial crisis. Financial crises are sudden, in 

that they are not expected, and sharp declines in most if not all asset prices in a 

system that the crisis happens in. The effects of a crisis are felt for a long time, 

however there are differences between economies how the crisis manifests itself.  

 

The most basic expression of volatility is a historical volatility – standard deviation 

of returns over some period. However, there are several widely recognized and 

empirically tested stylized facts about volatility which may make using a historical 

volatility problematic in decision making. One of the earliest stylized facts about 

volatility is the observation by Mandelbrot (1963) that large price changes tend to 

be followed large price changes and small price changes tend to be followed by 

small price changes of the same sign. This leads to what’s come to be known as 

volatility clustering. Empirically the presence of volatility clustering can be tested by 

using conditional volatility models, famous of which is the General Autoregressive 

Conditional Heteroskedasticity model by Bollerslev (1986), which allow the 

expression of volatility persistence parameter – how long the volatility shocks remain 

in the system. The persistence is usually high following the shocks, which leads the 

volatility to cluster, in a sense, as it leaves slowly the system. Another stylized fact 

is the asymmetric response of volatility to shocks, the leverage effect. First theorized 

by Black (1976) and empirically tested by Christie (1982), the effect was linked to a 
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firm’s debt-to-equity ratio. Several studies, however, have found the leverage effect 

not to be based on the firms’ financials. Other explanation for the effect is the 

volatility feedback, which links the required rate of return, how it influences the price, 

to the volatility, but the true explanation of the effect is yet to be determined. Another 

important stylized fact about the volatility is that the financial return series are usually 

not normally distributed; they are more commonly leptokurtic and have heavy tails 

(Chen & Spokoiny 2015, p. 717). As such, applying volatility in normal VaR model 

without the consideration of the non-normality may not produce the best results. 

Regardless of the stylizations of the volatility, not every financial time series behaves 

the same. For example, Suska (2015) analyzed the presence of the leverage effect 

in the 50 largest and most liquid stocks on the Warsaw exchange, and found the 

effect in 48 out of the 50 stock. This leaves room to study individual series, especially 

in different markets.  

 

Financial crises especially are events that affect the volatility heavily as the prices 

adjust rapidly following it. There are three stages to a financial crisis: initiation, 

banking crisis, and debt deflation. Typically, a crisis begins when a financial 

liberation in a system happens. This creates opportunities for investors to abuse the 

system. The agency theory explains that eventually the system will be abused. What 

follows is a banking crisis, where the banks no longer can be trusted with the money. 

Finally, the real value of debt raises by the effects of lessened output as well as 

having to take more debt to bail out banks. (Eakins & Mishkin, 2012, p. 164-168) 

What follows is severe economic downturn, where asset prices as well as 

employment and output fall drastically (Claessens & Kose, 2013, p. 11-12; Reinhart 

& Rogoff, 2009, p. 466). The global financial crisis was the most severe economic 

crisis since the Great Depression, and one of the first on a global scale (Lin & 

Treichel 2012). Generally, based on empirical studies, following the crisis there was 

more volatility in the system, as is expected.  The crisis, however, did not affect the 

volatility of all economies the same way. It would seem that for emerging economies 

the persistence of volatility is relatively higher than the short-term volatility, and vice 

versa for developed economies (Chen et al. 2011; Jagric et al. 2012). Some studies 

have found the asymmetric response to shocks to be lower following the global 
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financial crisis (Bablous et al. 2015). Every country has its own idiosyncrasies so 

the response to shocks will vary.   

 

This thesis aims to contribute to the volatility studies by analyzing the effects of the 

global financial crisis on the Nordic economies. Not many studies exist on this front, 

and even fewer analyzing the dynamics of the markets. The main research question 

of the study is the following: 

 

- Did the global financial crisis change the volatility characteristics of the Nordic 

countries? 

 

The volatility characteristics references to the stylized facts about the volatility. As 

such, the sub-research questions are the following: 

 

- Do the markets exhibit the volatility clustering behavior? 

- Is the leverage effect present in the series and does it differ after the crisis? 

 

Secondary aim of this thesis is to study the dynamics of the markets – that is the co-

movements of the markets. For the purposes of the analysis, a multivariate GARCH 

model is used, where the correlation and covariances are time varying. The results 

have potential use in portfolio management. The questions that are aimed to answer 

are the following: 

 

- Do the co-movements of the markets vary over time? 

- Is there a difference in the correlation between the markets pre- and post-

global financial crisis? 

 

The limitations of the study are that only the effects of the global financial were 

considered. It may be possible that the results cannot be extended to other crises 

as they may have raised from different conditions and affect the system in different 

ways, even if there are commonalities between them. Another limitation of the study 

with respect to the multivariate model used to analyze the co-movements of the 



4 
 

markets is that there is a lack of hypothesis testing methodologies available to 

evaluate the models. As such, it’s possible that the results are not consistent.  

 

This thesis consists of six sections: Introduction, Literature review, Data, 

Methodology, Results, and Summary and Conclusions. In the introduction section a 

short background concerning the subject of this study is given, research questions 

and the objective as well as the limitations of the study are introduced. The literature 

review section goes through the earlier research about volatility and financial crises. 

The main concepts, the stylized facts, about volatility are introduced in the form of 

theory and some subsequent empirical studies confirming the existence of the facts 

are presented. The effects of financial crises in general and observations of the 

effects of the global financial crisis with respect to volatility on some emerging and 

developed markets are looked at. Finally, a theoretical framework based on the 

concepts and earlier empirical studies is formed. In the data section, descriptive 

statistics about the data, and some preliminary observations about it, used in this 

thesis are given. The methodology section describes the models that are used to 

conduct the analysis of the data in hopes to answer the research questions. The 

empirical analysis as well as discussion based on the results are presented in the 

results section. Finally, in the summary and conclusions section the overall results 

of the thesis are reviewed. 
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2 LITERATURE REVIEW 

 

The main interest of this thesis is volatility, or standard deviation or variance of a 

time series depending on the context. Volatility is something that affects every 

financial decision in varying degrees. It is used, for example, in Black-Scholes 

options pricing model and in CAPM beta calculation. And overall investors’ intuition 

is such that if some investment object is riskier, that is it has higher volatility than 

some other comparable security, then higher return must be obtained to carry that 

risk. The risk can further be divided into systemic and idiosyncratic risk, but the 

separation is not the focus of this study. As such, it’s useful first to define a few key 

observations regarding the risk, volatility, upon which many studies build on. 

 

Another interest of this study are financial crises, especially the global financial 

crisis. The main interest of them is how they impact the volatility. This section is 

divided into three parts: First, some general observations about volatility are 

introduce, then impact of financial crises as a whole and on volatility are examined, 

and finally a theoretical framework is formed based on the concepts and earlier 

studies.  

 

2.1 Observations About the Volatility  

 

One of the earlier observations about the financial series’ behavior regarding the 

volatility was by Mandelbrot (1963). He noted that the large price changes, changes 

which form the volatility, were not isolated events between the periods of relative 

slow movements in the time series, but instead were likely to follow other such large 

changes. Some of the large changes were stronger in magnitude than the final 

change. Vice versa, when there weren’t large changes, or the changes were small, 

then the following period’s changes were likely small or non-existent as well. The 

conclusion of the observation was that large changes are followed by large changes 

and small change or followed by small changes, either negative or positive but the 

same sign than the preceding change. This kind of behavior of volatility has come 

to be known as volatility clustering. 
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The studies pertaining to volatility clustering phenomenon can be categorized into 

two categories: studies which use various statistical methods and models to explain 

the volatility clustering, and studies which aim to explain the cause in an economic, 

agent-based setting (Cont 2007, p. 231). Agent-based theories aim to explain the 

phenomenon by using models that try to simulate investors’ behavior with respect 

to new information. Statistically, a GARCH-type model is typically used to explain 

the volatility clustering, and these kinds of methods are the focus of this thesis. In a 

GARCH-type model the current volatility is modeled by using the information about 

the previous period’s volatility as well as squared mean-corrected random returns, 

that is an ARCH-term. GARCH model is an evolution of ARCH-model with an extra 

term. The model naturally leads to positive correlation between the volatilities as 

they depend on each other. The persistence of such correlation in the system can 

be presented as sum of ARCH and GARCH parameters in the classical GARCH 

model, though there are other specifications. Since the result is usually high, it can 

be inferred that the previous periods volatility affects the current periods volatility, 

hence there is volatility clustering. If the volatility was small during the previous 

period, then the current period volatility can be expected to be small as well. This 

consequence goes well with the Mandelbrot’s (1963) original observation. 

 

There’s quite a wealth of research concerning the volatility clustering using purely 

statistical methods. In the seminal paper where the GARCH model was first 

formulated by Bollerslev (1986, pp. 321-322), it can be seen from the results that 

there is persistence in the US inflation by the ARCH and GARCH parameters. In the 

results Bollerslev notes that the fitted GARCH(1,1) model seems to have an 

adaptive learning properties, that is the model takes the earlier period’s results into 

account in the current period estimation. Hiu & Wang (2013) tested the presence of 

volatility clustering in a simulated financial series using parameters that mimic the 

investors’ behavior in markets. The study used GARCH(1,1) model to estimate the 

conditional volatility in daily returns. It was found that, in the simulated data set, the 

volatility was highly persistent, which would indicate the volatility clustering. Further, 

the volatility clustering was found to contribute to the long-range memory of the time 

series, meaning that the effects of the volatility may last long in the system due to 

the clustering behavior. On the other hand, Dannenburg & Jacobsen (2003) studied 
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whether the volatility clustering appeared in less high frequency returns – monthly 

returns in this case. Over a long period of time, more than 20 years, it was found 

that the heteroskedasticity assumption (volatility clustering) is also present in the 

lower frequency data. Moreover, it was found that the estimates obtained from the 

lower frequency data do not differ greatly from the estimates obtained from a higher 

frequency data. Many other papers have studied the existence of volatility clustering 

in various different markets, geographically and with differing instruments, and found 

them to exhibit it, using mainly GARCH(1,1) model (Srikanth 2014, p. 91; Singh & 

Talwar 2018, p. 41; Khan et al. 2019, p. 23). 

 

It is clear then that the volatility breeds volatility, and this leads to the question that 

do negative and positive returns affect the volatility in the same way? After all, 

volatility of a financial time series is merely a presentation of trading activity, or 

activity taking based on new information. It’s certainly possible that “bad” new 

information is taken more heavily than “good” new information, even if the long-term 

average value returns to its expected value after. This sort of asymmetric response 

of volatility has been observed to exist, and it is biased to negative news, or shocks. 

There are two theories which aim to explain the asymmetric volatility: leverage effect 

and time-varying risk premia, or volatility feedback. It’s important to note that the 

“leverage effect” term is synonymous with the asymmetric volatility response to 

negative shocks and doesn’t reference to the original theory, or any explanation out 

of it, of the asymmetry. 

 

Leverage effect was first coined by Black (1976) when he studied the relationship 

between a firms’ return and volatility – it was found that the volatility, in relative 

terms, increased more than what was the decline in returns. The explanation for this 

observation was that when there is a negative return associated with a stock of a 

firm, the equity value of a firm will go down. Since the long-term debt cannot be 

adjusted short-term as the equity value will, the leverage of a firm, its debt-to-equity 

ratio, will increase. Since the relativistic debt of a firm is now greater, i.e. it’s more 

leveraged, the future equity value becomes more volatile because of the increased 

liabilities. The theory of firm’s leverage affecting the stock volatility was tested 

empirically by Christie (1982). Using stocks, he estimated a linear relationship 
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between the returns and volatility. It was found that negative returns increased the 

volatility more, the same observation as was the Black’s leverage effect. He linked 

the volatility of a firm to its leverage and found there to be significant positive 

correlation between them. Further, Cheung and Ng (1992) also studied the leverage 

effect as Black (1976) theorized it. They used an exponential GARCH model on 251 

stock’s returns over 27-year period to specifically test for the leverage effect, that is 

the inverse relationship between the stock price and its volatility. The parameter 

estimate in the study that indicates the leverage effect – if negative – was found to 

be negative and statistically significant. It was also found, by using the Spearman 

correlation test, that there was a strong positive correlation between the leverage 

effect parameter and the firm size – the smaller firms experience more volatility after 

stock price fall than larger firms do. When examining the debt-to-equity ratios of the 

firms, smaller firms were typically more leveraged than the larger firms. Again, when 

using the Spearman correlation test, it was found that the higher the debt-to-equity 

ratio, higher the absolute value of the leverage parameter estimate.  

 

While the abovementioned studies, among others, offer evidence that the leverage 

effect is due to its namesake, there are studies which argue otherwise. Figlewski 

and Wang (2000) studied possible explanations for the leverage effect. In the study 

they used 98 stocks on the OEX index and regressed the volatility changes on equity 

returns of the 98 stocks and the index itself. Then they compared the results of the 

regression to the theoretical elasticities of equity volatilities obtained from using the 

debt-to-equity ratios, called implied volatilities. It was found that for the individual 

stocks the regression results were statistically significantly similar to the implied 

volatilities but for the index itself the values were too large. Then, if the leverage 

effect was the cause of how leveraged the firm is, the magnitude of implied 

volatilities and realized volatiles should be the same. It should also be the same size 

regardless if the market moves up or down, and when the debt-to-equity ratio 

changes long term, so should the leverage effect. However, based on the empirical 

results, almost every hypothesis outlined above was violated; only in the case of the 

individual stocks did the leverage effect, explained how leveraged the firm was, 

somewhat apply. The biggest discrepancy mentioned above was in the case of up 

and down market. When the market was up, the parameter estimates no longer 



9 
 

were statistically significant, and in when the market was down, the volatility 

increased significantly and was stronger than expected. As such, they conclude that 

the leverage effect is mainly caused by when the market is down, and that how 

leveraged a firm is has little to do with it. Hasanhodzic and Lo (2011) arrive to a 

similar conclusion in their perhaps a more robust study. In the paper they used two 

different subset of firms (stocks): those which were completely financed by debt and 

those which were completely financed by equity. Then they used a linear regression 

model with the same specifications as Black (1976) and Christie (1982), and one 

another, for the both datasets. When regressing the change in volatility between the 

current period and the previous period on the return of the previous period, it was 

found that the both fully leveraged and fully equity-based firms had identical results. 

When using the same model with the same specification but the volatility change 

over two periods now, the leverage effect, that is the inverse relationship between 

the volatility and returns as explained here, was in fact found to be more pronounced 

for the all equity based firms. The study provides strong evidence that the leverage 

effect cannot be based on the debt-to-equity ratio of the firm as it doesn’t seem to 

have any effect on the volatility.  

 

Other popular theory which aims to explain the asymmetric response of volatility is 

something known as “time-varying risk premia” or “volatility feedback”. The main 

idea of the theory is the fact that when any kind of news arrive, be it bad or good, it 

affects the volatility in some way. For example, when a large good news arrives 

about future dividends, for example, of some stock, it tends to breed other large 

good news about the event in the system surrounding the stock. The good news 

increase the future expected volatility, which in turn increases the required rate of 

return on the stock, lowering its price and dampening the effects of the good news. 

Large bad news in the system have similar effects, but the reaction to bad news is 

the lowering of the stock price, which now is amplified by the dynamic of required 

rate of return and the volatility. In the case of small news, the volatility is in fact 

lessened as there are no future expectations, which in turn lowers the required rate 

of return, increasing the stock price. This is a very similar rationale to the volatility 

clustering effect. Volatility feedback, then, tells that stocks’ movements are 

correlated by their future volatilities. (Campbell & Hentschel 1992, p. 2) 



10 
 

 

One of the first to empirically test the volatility feedback theory were French et al. 

(1987). They used two statistical methods to study the relationship between the 

expected return of a stock and its volatility: autoregressive-integrated-moving-

average (ARIMA) model and GARCH-in-mean (GARCH-M) model. As a dataset 

they used daily returns of S&P index over around two year’s period. By regressing 

monthly risk premiums obtained from the daily values on the predictable component 

– obtained from decomposing the monthly estimates into predictable and 

unpredictable components using the ARIMA model – they did not find much 

evidence on the positive relationship between the predicted volatility (historical) and 

the expected risk premiums. However, using the regression, there was strong 

negative relationship between the unexpected risk premium and the unpredictable 

component of the volatility, which gives credibility to the relationship between the 

historical volatility and expected risk premiums. GARCH-M model also gave strong 

evidence for the relationship between the predicted volatility and expected risk 

premiums. They also noted that the negative relationship between the returns and 

changes in volatility is too large to be solely attributed to the leverage effect as is 

explained by the firm’s book values. These observations would support the volatility 

feedback effect, and in turn the asymmetric effect of it. Another empirical study on 

the volatility feedback effect is by Campbell and Hentschel (1992). Daily and 

monthly data of CRSP index – composite US index – over the period 1926-1988 

were analyzed. They used a modified GARCH-M model which allowed for 

asymmetries, which is useful for capturing the volatility feedback effect as it was 

characterized by bad news having a larger effect than good news. They found that 

the asymmetric model fit the data better than the non-asymmetric model. The 

volatility feedback effect was explained by the discount in the stock prices that was 

explained by it, and it varied greatly, but was greater in the presence of bad news, 

which were represented by the negative events. They also found that the volatility 

feedback effect is greater when the volatility is high than when it is low. This result 

is conforming to the theory about the volatility feedback.  

 

Based on the two theories – leverage effect and volatility feedback – that aim to 

explain what causes the asymmetric volatility, it’s not quite clear what is the true 
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cause of the asymmetry. Leverage effect based on the book values of the firm 

seems to not be the cause as there’s good amount evidence against it and research 

has moved past it in presence of more sophisticated models. Volatility feedback 

seems to better describe it, but it doesn’t offer economic evidence for it more so 

than it explains it statistically. Quite clearly it is linked to the expectations of the 

investors, actors in a system. Perhaps some sort of agent-based models, which aim 

to model the human behavior, could be useful in explaining it more in detail.  

 

One useful model based on the conditional volatility is the conditional correlation 

matrix between two or more assets. Variance is time-varying and univariate, and is 

typically estimated using GARCH model, with GARCH(1,1) estimation usually being 

enough to model it while remaining parsimonious. The concept was first introduced 

by Bollerslev (1990) as a Constant Conditional Correlation model. However, it’s 

perhaps naïve to think that the correlation is constant in time, especially in the case 

of different markets and securities. For example, it was found to be not the case 

even between two stock exchanges within the same market (China) (Tsui & Yu, 

1999 p. 508). There are various extensions of the Constant Conditional Correlation 

model. One such model is the Dynamic Conditional Correlation model. The model 

was introduced by Engle (2002), and in the model the correlation is now allowed to 

vary in time. In the seminal paper the correlation between two stock indices as well 

as between stocks and bonds over time was studied. As such, the model is useful 

for examining the co-movements over time between securities.  

 

2.2 Impact of a Financial Crisis on the Volatility 

 

Financial crises can be characterized as being a sudden (in its effects) and sharp 

decline in some or the other, though it usually affects multiples ones, asset prices. 

While the outcome is largely the same – severe economic downturn – several 

different types of financial crises have been identified. These can be categorized 

into roughly two categories: those classified using quantitative definitions and those 

classified using qualitative analysis. The former group includes currency and sudden 

stop crises, and they are measurable variables hence quantifiable, while the latter 

group includes debt and banking crises, which are not as easily measurable as they 
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are mainly caused by the agents’ behavior. Currency crisis is caused by a 

speculative attack on a currency. This typically leads to a sharp depreciation, which 

affects both imports and exports heavily, or it forces the financial institutes to defend 

the currency, depleting large amount of international reserves or it forces them to 

sharply raise the interest rates or impose capital controls, which affect the flow into 

and from the economy. Other quantitative type of financial crisis is sudden stop, 

which is also known as capital account or balance of payments crisis. It’s 

characterized as a large fall in international capital inflows or a sharp rise in credit 

spreads. Of the more qualitative crises, debt crisis can be split into foreign and 

domestic debt crises. A foreign crisis happens when a country cannot, or chooses 

not to, pay its foreign debt, be it sovereign or private. Domestic debt crisis takes 

place when a country does not honor its domestic debt obligations by using one or 

more forms of financial repression. Banking crisis happens when a systemic bank 

runs – where public starts to withdraw savings en masse – occur and subsequent 

bank failures take place; banks stop converting their liabilities and government must 

take actions. As was said before, broadly speaking financial crises’ effects are huge 

losses in asset values immediately following it. But more in detail, three 

characteristics can be identified with the aftermath of a financial crisis. First, asset 

market collapses and the collapse’s effects are felt over a prolonged period. During 

this time, real housing prices decline on average 35 percent while equity prices 

collapse on average 55 percent. This downturn period lasts around six and three 

and a half years for real housing and equity prices respectively. Second, the effects 

on the banking sector are felt in the output as well as in employment. The aggregate 

output falls around 9 percent over the downturn period, which lasts around two years 

for the output. The unemployment rate increase on average 7 percentage points 

over, on average, four years. Lastly, the real value of government debt raises 

extremely, around 86 percent following the financial crisis. The main contributor of 

the debt raising is not the financing bailout costs of the banks as one might imagine, 

but rather the lessened income of tax revenues from the compounding effects. This 

is usually further exacerbated by fiscal policies aimed at mitigating the effects of the 

crisis. (Claessens & Kose 2013, p. 11-12; Reinhart & Rogoff 2009, p. 466)  
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On the other hand, the effects of a financial crisis are important to understand and 

relevant to this study, but it’s also important to understand how they come to be. 

Three stages can be identified during the life of a financial crisis: Initiation, banking 

crisis, and debt deflation. In the initiation stage several opportunities in a financial 

system arises, which may not be for the best if abused. In this regard, agency theory 

– consisting of adverse selection, in which there is an information asymmetry 

between the parties, and moral hazard, which means that other party may take risk 

which it normally wouldn’t because they don’t have to carry the risk – is an important 

concept, because it explains that the system may and will be abused. Banking crisis 

happens when the uncertainty reaches its peak and not even the banks can be 

trusted. Debt deflation is as described; the rise of relative debtness of private and 

public sector. (Eakins & Mishkin 2012, p. 164-168) Pertaining to the global financial 

crisis, Allison (2012) outlies some reasons which may have been the cause of it. 

Beginnings of it were laid in the early 2000s when the regulators created negative 

interest rates. This led to households borrowing and buying real estates because 

money was now cheaper. It also led to increased real estate construction driven by 

the demand, which also caused heavy inflation in the housing sector. Then the 

interest rates were rapidly and heavily raised, which was a problem because 

generally savings were high as well as deflation. It caused banks to increase their 

investment portfolios, which created huge losses. Then the regulators inverted the 

yield curve; making short-term rates higher than long-term rates, which made banks 

lose money as they borrow short and lend long. This change is what ultimately is 

believed to have caused the financial crises. They needed to balance the 

spreadsheets, and by taking more risk they could earn higher returns, leading to 

subprime lending by the confidence that there would not be recession because they 

had been convinced by financial institution. Essentially it can be explained by the 

actions of people with less than perfect information and the agency theory, as it is 

individual people who are in charge of the decisions.   

 

In the past there have been several large financial crises, such as the Great 

Depression (1929), Asian Financial Crisis (1997), Global Financial Crisis (2007), 

and European Sovereign Crisis (2010) to name a few. Focusing on the global 

financial crisis, it has been studied extensively. With respect to this thesis, its effects 
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on the volatility are of the interest. Many papers have studied how it affected the 

volatility characteristics in various markets and economies. Most of the studies 

utilize some type of conditional volatility model calculated for pre- and post- crisis 

periods and compare the results. Because of the effects a financial crisis has on the 

financial system as outlined in the previous paragraphs, it can be expected there to 

be a significant change between the periods. 

 

For example, Anand et al. (2014) studied the effect of the global financial crisis on 

the volatility in the Indian market. Daily closing prices of two different stock 

exchanges in India from 2005 to 2012 were used, which was split into pre- and post-

crisis periods – pre-period from 2005 to 2008 and post-period from 2008 to 2012. 

GJR-GARCH model was used instead of a normal GARCH model in order to capture 

the possible asymmetric effects, leverage effect, of the “news” on the volatility. They 

also included a dummy variable in the model in order to capture the effects of the 

crisis on the mean returns. It was indeed found that the global financial crisis had 

an effect on the volatility: the volatility was greater for the post-period. They also 

found the presence of volatility clustering as well as leverage effects. Moreover, the 

increased volatility resulted in negative mean returns for the post-period. Similarly, 

Jagric et al. (2012) analyzed the global financial crisis’ effects on American and 

Chinese markets. S&P 500 and Shanghai Composite indices represented US and 

Chinese markets, respectively. The time period analyzed was from 2004 to 2007 for 

the pre-period and from 2007 to 2010 for the post-period. Three conditional volatility 

models were considered: GARCH, IGARCH and EGARCH. Out of the models 

EGARCH model performed the best but was not useful in the analysis of post-period 

for Chinese market as the leverage effect parameter did not match the theory. It was 

found that the volatility structure changed following the global financial crisis for both 

markets, with general result being that it was greater for the post-period.  Before the 

crisis, long-term memory (GARCH parameter) tended to influence the volatility more 

than the short-term memory (ARCH parameter). This was reversed following the 

crisis; the effect of new information grew stronger, hence the increase in ARCH 

parameter value. The result differed for the Chinese market, where the ARCH 

parameter fell while the GARCH parameter grew. The implication of the result is that 

the shocks left the system quicker for the US market, relatively, it being more 
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responsive to new information, but also relatively more volatile than the Chinese 

market, which is not a typical result. Similar result regarding the short-term and long-

term memory in developing, and Asian, markets was found by Chen et al. (2011). 

They studied daily returns of eight Asian markets, and found the short-term memory 

to be less than the long-term memory for Chinese market. They also found that 

generally the leverage effect was weaker following the financial crisis. 

 

More model specifically and generally, studying the effects of the global financial 

crisis based on the model parameter estimates, there’s three significant parameters 

in the analysis: sensitivity (short-term, ARCH), persistence, and asymmetric 

response. Studying twelve stock indices, Vítor (2015) estimated sensitivity, 

persistence and asymmetric parameters. It was found that the short-term volatility 

increased in every index following the global financial crisis. Persistence was also 

higher during the global financial crisis period than it was during the quiet period. 

Regarding the leverage effect, it was found to be present and that it increased during 

the financial crisis period in most cases. However, with respect to persistence and 

leverage effect, Babalos et al. (2015), studying Greece’s market, found differing 

results. What they found was that the persistence was lower for the post-period. The 

result differs from what was found about China, even though both countries can be 

classified as developing economies, at least stock market wise, though China’s 

market is not as open, which may contribute to the dissimilar characteristics. In the 

case of asymmetric response to shocks, for the post-period they found that the 

leverage effect was lessened. In fact, there was very little differentiation between 

bad and good news response to volatility. This is different result to the Vítor (2015) 

study, so there are differences in market dynamics. Generalizing, volatility increased 

following the global financial crisis, perhaps expectedly. But there are differences 

between markets on how it increased – some markets experience increased short-

term volatility while in others the trading recessed, and the crisis was worked out of 

the system more slowly.  
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2.3 Theoretical Framework 

 

Main interest of this thesis is how the global financial crisis affected the volatility, so 

the theoretical framework forms from the theories which describe how it behaves. 

There are several theories describing the behavior. One of the first observations 

about volatility was that it tends “cluster” – large changes in prices and followed by 

large changes, and small changes in prices are followed by small changes. It’s 

unusual to have singular spikes in prices. It has been well documented empirically, 

so it’s expected that the time series in this thesis also exhibit it. Conditional volatility 

models are useful for expressing it, and they are also used in this study. Relating to 

the clustering phenomenon is the leverage effect, which describes that negative 

news have a greater effect on the volatility than positive news. This can be 

expressed by asymmetric conditional volatility models, such as GJR-GARCH and 

EGARCH models, and in this thesis The EGARCH model is used. The leverage 

effect has also been found to be present in most, but not all, financial time series, 

so it’s also expected to be present in the data used in this thesis. The 

abovementioned theories can be expressed by the volatility persistence and 

asymmetric response parameters. 

 

Another aspect of this thesis is how a financial crisis, the global financial crisis in 

particular, affects the market volatility. The effects of a financial crisis are clear: 

nominal prices fall, production output falls, and the debt, both private and 

government, raises greatly. These effects are felt for several years. Generally, the 

persistence of volatility was greater following the global financial crisis. However, it 

seems that there are some differences between emerging and developed 

economies. It would seem that in emerging economies the long-term effect, i.e. the 

persistence of volatility, is relatively greater than in the developed economies, where 

the short-term parameter was higher following the crisis. This was the case in 

multiple countries, though there were also markets where the results differed. 

Regardless, developed economies usually exhibited both increased short- and long-

tern volatility in absolute terms. Since Nordic countries are developed economies, 

it’s expected that the persistence is greater after the global financial crisis. The 

leverage effect was present in every study during both pre- and post- crisis periods. 
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What differed was the strength of it following the crisis. Some studies found that the 

leverage effect was greater following the crisis while others found that it was 

lessened to a point of there being no bias. It makes intuitive sense that following the 

crisis the effect would be lessened as markets should adjust to any kind of news. 

Another aspect is to look the co-movements of the Nordic markets. Dynamic 

conditional correlation type of model is useful for this type of analysis. It has been 

used to study such movements between asset types as well as within the same 

market. It will be used in this thesis to analyze market pairwise correlation over time. 
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3 DATA 

 

The data used in this thesis was gotten from Thomson Reuters Datastream. It 

consists of daily closing prices of Finnish, Swedish, Norwegian, Danish and 

Icelandic stock indices. The indices used are OMXH25, OMXS30, OMXC20, OSLO 

SE OBX and OMX ICELAND ALL SHARE INDEX for abovementioned countries, 

respectively. OMXH25 consists of the 25 most traded stocks on Helsinki’s stock 

exchange, and the individual stocks’ weight on the index is capped to 10 percent. 

OMXS30 consists of the 30 most traded stocks on the Stockholm stock exchange. 

OMXC20, previously OMXC25, consists of the 20 most traded stocks on the 

Copenhagen stock exchange. OBX Index consist of the 25 most traded stocks on 

the Oslo Stock Exchange while the OMX ICELAND ALL SHARE consists of the all 

the stocks traded on the Iceland stock exchange. These are the main indices of the 

countries and as such their movements should measure the economic conditions of 

the countries well as rational actors take actions based on the information available. 

The daily closing prices were transformed into daily logarithmic returns, which show 

the variability in the movement. Logarithmic returns are given by the following 

formula: 

 

𝑟𝑡 = log (
𝑃𝑡

𝑃𝑡−1
) 

 

Where 𝑃𝑡 is the current period daily closing price and 𝑃𝑡−1 is the previous period’s 

daily closing price. 

 

Benefit of doing a logarithmic transformation is that it may induce stationarity in the 

time series. Also, If the series is not normally distributed or linear, the transformation 

may bring it closer to the normal distribution. For the purposes of studying the 

volatility characteristics of the countries as well as dynamics, a roughly 5.5-year 

period was chosen. The period is from 2.1.2006 to 29.7.2011, with the global 

financial crisis being in the middle of this period. The period is divided into two 

subperiods: pre global financial crisis period and post global financial crisis period. 

Pre financial crisis period is from 2.1.2006 to 29.8.2008 while the post financial crisis 
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period is from 1.12.2008 to 29.7.2011, both covering around 3-year period. The 

period was chosen because it still has enough observations for a good model fit 

while also not having the effects of past or future financial crises, such as European 

sovereign debt crisis, which began around 2012, diluting the data. Furthermore, 

Hwang et al. (2006) concluded that with low amount of data it may be possible that 

the models do not converge and that they may have higher autocorrelations. It was 

proposed that at least 250 observations would be enough for ARCH(1) model while 

GARCH(1,1)-type models require at least 500 observations. While it could be 

argued that the longer periods before and after the financial crisis are part of the 

history and that they also should contribute to the climate that is studied, it’s also 

true that shocks leave a system after a certain period. Further, after enough time 

has passed, their effects in the system are negligible for the purposes of analysis. If 

some other financial crises are included in the data set, the effects of the global 

financial crisis will have left the system, or diminished, so only the effects of the new, 

or earlier, crisis are left, which are not of the interest in this thesis. September, 

October and November 2008 are dropped from the analysis because they were 

extremely volatile periods following directly the beginning of the financial crisis and 

as such may not properly contribute to the analysis as the interest is the general 

climate following the crisis.  

 

There were a few outliers in the Iceland’s stock index data set that were removed. 

14.10.2008 observation was removed and replaced with 0. At that date the trading 

was resumed after being suspended for three days. When the trading was resumed, 

around 77 percent of the value was lost. This can be clearly seen as an outlier as it 

was not the direct actions of investors which resulted in the loss of value, but the act 

of setting the value three biggest banks in the exchange to zero. 9.12.2008 value 

was also set to 0 as this value was also abnormal, unrealistically skewing the data 

set. For the post-period 9.3.2009 observation was removed as well. There are still 

several values that could classified as outlier, as can be seen from the figure 1, but 

these are more a result of direct trading and importantly contribute to the 

estimations. 
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Table 1. Summary statistics of the daily returns for the whole period 

  FI SE NO DK IS 

Obs. 1455 1455 1455 1455 1455 

Min. -0.039 -0.033 -0.051 -0.049 -0.066 

1st Qu. -0.003 -0.003 -0.003 -0.004 -0.002 

Median 0.000 0.000 0.000 0.000  0.000 

Mean 0.000 0.000 0.000 0.000 -0.000 

3rd Qu. 0.004 0.003 0.003 0.005 0.003 

Max. 0.040 0.043 0.041 0.048 0.022 

SD. 0.007 0.007 0.007 0.009 0.005 

Skew. 0.075 0.189 -0.210 -0.519 -2.366 

Kurt. 3.896 4.237 6.655 5.141 25.781 

ADF-test 
-11.465  
(0.010) 

-11.704 
(0.010) 

-10.938 
(0.010) 

-11.67 
(0.010) 

-10.031 
(0.010) 

JB-test 
(1) 

921.520  
(0.000) 

1097.900  
(0.000) 

2695.7 
(0.000) 

1667.400 
(0.000) 

41651.000  
0.000) 

McLeod-
Li(1) 

0.000 0.000 0.000 0.000 0.016 

 

Table 1 presents the summary statistics of the returns of the market data for the 

whole examined period. Each of the series contain 1455 observations. Minimum 

value, 1st quartile, median, mean, 3rd quartile, maximum, standard deviation, 

skewness, kurtosis as well as Augmented Dickey-Fuller (ADF), Jarque-Bera (JB) 

and McLeod-Li tests are reported. Of the hypothesis tests, ADF test tests for the 

stationarity of the series. The null hypothesis of the test is that there is a unit root 

present in the series, resulting that the time series is not stationary. JB test tests for 

normal distribution with null being that the series is normally distributed. For the test 

a lag of one value is reported. McLeod-lit test is a portmanteau test for ARCH effects, 

that there are some non-linearities present in the series. The null hypothesis of the 

test is that there are no ARCH effects present. For the ADF and JB tests, the test 

statistic value is presented in the box while the p-values are presented in brackets. 

For McLeod-Li test the value reported is the p-value for a lag of one.  
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Figure 1. Logarithmic returns of the whole period 

 

Minimum and 1st quartile values are relatively similar between the series. Mean 

return of FI and IS indices was negative during the period. SE, NO and DK mean 

return was positive. This could indicate, that since the period studied here contains 

the global financial crisis, that Finland and Iceland were struck harder by the crisis 

than the rest of the countries, perhaps contributing to the mean returns. 3rd quartile 

and maximum values are also similar between the series. Standard deviation is the 

greatest for Denmark and the lowest for Iceland. Other series are very similarly 

volatile. It’s no surprise that it’s lowest for Iceland because its stock market is the 

least developed of the countries, leading to less potential activity. Figure 1 plots the 

logarithmic returns of the series. From the figure it can be seen that the downfall 

values are higher for Finland and Iceland, contributing to their negative mean returns 

for the period. Iceland’s line chart shows the low standard deviation as the values 

don’t deviate as much. Denmark’s high standard deviation can be seen from the 
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line’s more erratic behavior, though the differences aren’t too high. As a whole, the 

global financial crisis is clearly visible as it caused the returns to vary significantly 

for each market directly following it. 

 

As can be seen from the skewness and kurtosis statistics, none of the series are 

normally distributed. Finland and Sweden have positive skewness hence their 

distributions have longer right-hand tail and more of the values are at the left side. 

Norway, Denmark and Iceland have negative skewness which means that their 

distributions have longer left-hand tail and most of the values are at the right side. 

The values do not differ too greatly from 0 except for Iceland series. Kurtosis statistic 

tells that every series is leptokurtic, in other words their excess kurtosis is greater 

than zero or their kurtosis value is greater than 3, with Iceland series being extremely 

so. JB-test null hypothesis is also rejected in the case of each series, further 

supporting that the series are not normally distributed. (Brooks 2014, 66)  

 

Table 2. Unconditional correlations of the data sets 

  FI SE NO DK IS 

FI 1.000      

SE 0.880 1.000    

NO 0.795 0.762 1.000   

DK 0.783 0.753 0.745 1.000  

IS 0.305 0.293 0.308 0.259 1.000 

 

 

The null hypothesis of ADF-test is strongly rejected for each of the time series, 

suggesting that each one of the series is stationary. Appendix 1 has the 

autocorrelation and partial autocorrelation functions plotted. Based on the appendix 

too, the series appear to be stationary as none of the series cross the significance 

level (the blue dotted line) strongly, or they are decaying rapidly (Athanasopoulos et 

al. 2018). No differencing is therefore needed. Stationarity is especially important 

when modelling volatility as shocks – the effects of the previous period’s values on 

the current value – do not systematically leave the system. McLeod-li-test suggests 

that there are non-linearities present in each of the time series as the null hypothesis 

is heavily rejected for each of the series except for Iceland, in which case it’s not 
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rejected at 1% risk level. Conditional volatility type model could capture these non-

linearities. Table 2 presents the unconditional correlations of the data sets. It can be 

seen that every series, except for Iceland, is strongly positively correlated with each 

other. There’s still decent positive correlation between Iceland and other series but 

it’s not as strong. 

 

Table 3. Pre global financial crisis period summary statistics 

  FI SE NO DK IS 

Obs. 695 695 695 695 695 

Min. -0.023 -0.021 -0.023 -0.029 -0.019 

1st Qu. -0.003 -0.003 -0.003 -0.004 -0.002 

Median 0.000 0.000 0.000 0.000 0.0000 

Mean 0.000 -0.000 0.000 0.000 -0.000 

3rd Qu. 0.003 0.003 0.003 0.004 0.002 

Max. 0.030 0.023 0.017 0.030 0.021 

SD. 0.006 0.006 0.005 0.007 0.005 

Skew. -0.151 -0.187 -0.406 -0.349 -0.363 

Kurt. 2.442 1.379 1.749 1.557 1.649 

ADF-
test 

-9.450 
(0.010) 

-9.670 
(0.010) 

-8.770 
(0.010) 

-8.270 
(0.010) 

-8.470 
(0.010) 

JB-test 
(1) 

1.750 
(0.000) 

5.910  
(0.000) 

1.080 
(0.000) 

8.430 
(0.000) 

9.410 
(0.000) 

McLeod-
Li(1) 

0.016 0.000 0.000 0.000 0.000 

 

 

Focusing on the periods analyzed, the summary statistics for the pre-global crisis 

period are presented in the table 3. They consist of 695 observations. Minimum 

value, 1st quartile, median, 3rd quartile, maximum values are all relatively close to 

each other. Mean of Sweden and Iceland are negative. Standard deviations are 

close to each other, too. Every series is negatively skewed and platykurtic. None of 

the series are normally distributed. This is further confirmed by the JB-test – the null 

hypothesis is strongly rejected for each series. The series also appear to be 

stationary based on the ADF-test and examining the autocorrelation and partial 

autocorrelation functions in appendix 2. McLeod-test suggests that there are ARCH-

effects present. Appendix 3 shows that the series, except for Iceland, are highly 

positively correlated with each other. Correlation between Iceland and other series 

is still positive and noteworthy, but not as great.  
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Table 4. Post global financial crisis period summary statistics 

  FI SE NO DK IS 

Obs. 695 695 695 695 695 

Min. -0.029 -0.024 -0.024 -0.039 -0.029 

1st Qu. -0.004 -0.003 -0.003 -0.004 -0.002 

Median 0.000 0.000 0.000 0.000 0.000 

Mean 0.000 0.000 0.000 0.000 0.000 

3rd Qu. 0.004 0.004 0.003 0.005 0.002 

Max. 0.035 0.039 0.027 0.047 0.018 

SD. 0.007 0.007 0.006 0.008 0.004 

Skew. 0.122 0.294 0.362 -0.179 -0.367 

Kurt. 2.112 3.194 2.330 3.642 5.413 

ADF-
test 

-8.720 
(0.01) 

-9.920 
(0.01) 

-9.520 
(0.01) 

-9.760 
(0.01) 

-7.620 
(0.01) 

JB-test 
1.310 
 (0.000) 

3.060 
(0.000) 

1.720 
(0.000) 

3.880 
(0.000) 

8.640 
(0.000) 

McLeod-
Li(1) 

0.004 0.000 0.000 0.000 0.188 

 

 

The summary statistics for the post global crisis period are presented in the table 4. 

Mean is positive for Finland, Sweden, Norway and Denmark and Iceland series. 

Overall mean, third quartile and maximum returns are higher for the post-period than 

the pre-period, but minimum returns are also lower. This makes sense as the period 

following the global financial crisis is intuitively more volatile than the time before it 

as actors try to make sense of the future, contributing to the greater variability. The 

observed volatility is reflected in the higher standard deviation statistics for every 

series except Iceland. The trading activity went down for Iceland during the post 

period but there also were huge swings during the period as is illustrated by the log-

returns in appendices 6 and 7.  

 

Finland, Sweden and Norway are positively skewed while Denmark and Iceland are 

negatively skewed. Sweden, Denmark and Iceland are leptokurtic, and Finland and 

Norway are platykurtic. Sweden series would seem to not differ too much from 

normal distribution, but JB-test strongly supports that it’s not normally distributed. 

Non-normality also holds true for other series. ADF-test results argue that the series 

are stationary as do the autocorrelation and partial autocorrelation function in 

appendix 4. McLeod-Li-test suggests that there are non-linearities in every series 
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except for Iceland. However, if the outliers are removed, then it appears, based on 

the test, that there are non-linearities also in Iceland series. There doesn’t appear 

to be any other reasons why the series wouldn’t have ARCH effects, though looking 

at the returns, it may be possible that the series doesn’t exhibit volatility clustering 

behaviour. Appendix 5 contains the unconditional correlation for the post-period. It’s 

noteworthy that Iceland’s correlation between the other series has dropped 

considerably from the pre-period – it has nearly halved. Overall, it would seem that 

following the global financial crisis Iceland moves less in unison with the other 

series.   
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4 METHODOLOGY 

 

In this section, the tools that are used to analyze the data and answer the research 

questions are introduced. First the Autoregressive Conditional Heteroskedasticity 

(ARCH) model will be introduced as a background. While the model itself is not used 

in the study, it’ useful to go through it as it is a precursor for the rest of the models 

as they are built upon it. Then the Generalized Autoregressive Conditional 

Heteroskedasticity (GARCH) model will be introduced. GARCH model also is not 

directly used in this study but it’s the next evolution of the ARCH model and many 

variations of it exist. One such variation is the Exponential Generalized 

Autoregressive Conditional Heteroskedasticity (EGARCH) model, which will be 

used this thesis to model the volatility of the time series. It is used more extensively 

and exclusively to model the volatilities of the pre- and post-global financial crisis 

periods as well as the volatility modeling component of the dynamic conditional 

correlation model. Lastly, the multivariate conditional correlation models are 

considered, with focus being on the Asymmetric Dynamic Conditional Correlation 

GARCH (ADCC-GARCH) model, which is used to model the time varying 

correlations of the time series and their dynamics. 

 

4.1 Autoregressive Conditional Heteroskedasticity 

 

Engle (1982) is the originator of the model in his study of the variance of United 

Kingdom inflation. In the paper he introduced something called ARCH processes, 

which are “mean zero, serially uncorrelated processes with nonconstant variances 

conditional on the past, but constant unconditional variances.” As such, the variance 

of the next period is directly related to the earlier period’s variance. Before such 

processes were introduced by Engle, future return forecasts mainly relied on the 

various estimations of the mean. These estimations may have taken past period 

returns as an information, or some other specification, but they didn’t consider the 

variance, as a dynamic object, of the returns as an input in the model before ARCH 

models were introduced. At most the variance was modeled as some period’s past 

returns. (Engle 2001, p. 159) One of the first to observe that the variance is not 

constant in time in the financial series was Mandelbrot (1963). The observation was 
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that the price changes of either sign are not isolated events that happen between 

the periods of relatively tranquility but are rather serially correlated to the earlier 

immediate periods’ price changes. As such, when the change of price of the earlier 

period is large then the current period’s price change can be predicted to be large 

as well. The same holds true for small price changes. Such “volatility clustering” 

behavior has been observed to exist in almost every financial time series; for 

example, Ahmed & Suliman (2011, p. 121) studied Sudan’s stock market and Koima 

et al. (2015, p. 108) studied Kenyan’s stock market, and both found the presence of 

volatility clustering in the respective time series.  

 

The basic idea of ARCH model, as was introduced before, is therefore that the 

mean-corrected asset return  𝑎𝑡 is serially uncorrelated, but dependent, and this 

dependence of 𝑎𝑡 is explained by the squared values of its own lagged values (Tsay 

2005, p. 83). An ARCH model with 𝑚 lagged values, notated as ARCH(𝑚), can be 

described by the following equation:  

 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝑎𝑡−1

2 + ⋯ + 𝛼𝑚𝑎𝑡−𝑚
2                  (1)

  

𝑎𝑡 = 𝜎𝑡𝜀𝑡 

 

Where 𝜀𝑡 is a sequence of independent and identically distributed random variables 

with zero mean and variance of one, and 𝛼0 > 0 and 𝛼𝑖 ≥ 0 for 𝑖 > 0. The distribution 

can follow any type of distribution but in practice it’s typically assumed to be normal. 

It can be seen how in the equation (1) variance calculated by the model contains 

the information of the past periods’ variance – it is conditional on it.  

 

While the model captures the volatility well compared to simple historical volatility, 

there are, however, several limitations to it. The most importantly the model doesn’t 

discriminate between the negative and positive shocks because the previous 

period’s shocks, that the conditional volatility is dependent upon, are squared. This 

is problematic as leverage effect is a well observed effect in financial time series. 

The model also requires that the values estimated are non-negative as if the 

negative value parameter is sufficiently large enough, it may push the conditional 
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volatility to be negative as well, and a negative variance doesn’t provide any useful 

information and is unrealistic. For the purposes predicting volatility, ARCH models 

may also overpredict the volatility as the process responds slowly to single large, 

isolated shocks – the model predicts the volatility to have a larger effect on the 

systematic volatility than it in empirical setting has. There’s also the issue of 

determining the order of the model, that is how many periods’ volatility is let to affect 

the volatility, but there are tools, mainly the information criterion, that are able to 

rectify this. (Brooks 2012, p. 428; Tsay 2005, p. 86) 

 

4.2 Generalized Autoregressive Conditional Heteroskedasticity 

 

As the name implies, GARCH model can be seen as a generalization of the ARCH 

model. It was introduced by Bollerslev (1986) to allow for past conditional variance, 

the value that is estimated by the ARCH process, as well as the value estimated by 

the model to appear in the current conditional variance estimation. As such, it states 

that the current best fit for the variance of the next period is a weighted function of 

long-term average variance, the variance predicted for this period by the ARCH 

term, and the fitted variance from the same GARCH model during the previous 

period. The model is, then, feedbacking or updating the information from the model 

into itself. (Engle 2001, p. 160) A general model of order 𝑞 ARCH terms 𝑝 GARCH 

terms can be expressed by the following equation: 

 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖𝑎𝑡−𝑖

2𝑞
𝑖=1 + ⋯ + ∑ 𝛽𝑗𝜎𝑡−𝑗

2𝑝
𝑗=1                          (2) 

 

𝑎𝑡 = 𝜎𝑡𝜀𝑡 

 

Where 𝛼0 is the intercept, 𝑎𝑡 is a mean-corrected logarithmic return, 𝜀𝑡 is a sequence 

of independent and identically distributed random variables with zero mean and 

variance of one, and 𝛼0 > 0, 𝛼𝑖 ≥ 0, 𝛽𝑖 ≥ 0 and ∑ (𝛼𝑖 + 𝛽𝑖) < 1
max(𝑞,𝑝)
𝑖=1  are the 

constraints of the model. The distribution of 𝜀𝑡 can be any kind of distribution. The 

implication of 𝛼𝑖 + 𝛽𝑖 < 1 is that the unconditional variance of 𝑎𝑡 is finite whereas 

the conditional variance 𝜎𝑡
2 evolves over time. (Tsay 2005, p. 93) The finite 
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unconditional variance can be expressed by the following equation when the 

constraints of the model are not broken:  

 

𝐸(𝑎𝑡
2) =

𝛼0

1 − ∑ (𝛼𝑖 + 𝛽𝑖)max(𝑞,𝑝)

𝑖=1

 

 

If the constraint is broken, the shock, or the variance, will not leave the system. An 

intuitive feature of 𝛼𝑖 + 𝛽𝑖 is that it represents the persistence of volatility from one 

period to another, meaning that it can model the volatility clustering phenomenon. 

Moreover, it’s also possible to express the persistence of volatility even more 

intuitively by representing it as an amount of time it takes for the volatility to return 

by half to its expected value. The following equation can be used to express the 

half-life value of the volatility:  

 

half − life =  
−𝑙𝑜𝑔𝑒2

𝑙𝑜𝑔𝑒𝑃
                  (3) 

 

Where 𝑃 is the persistence of volatility.  

 

In the analysis of financial time series, the overwhelmingly most used GARCH 

model is the GARCH(1,1). It may be justified, too, as Hansen & Lunde (2005) 

studied several higher order ARCH-type models and found that they performed no 

better, or actually performed worse, than the simple GARCH(1,1) model. The same 

result is corroborated by Charles, Namugaya & Weke (2014) who empirically 

compared the different order of GARCH models using the stock returns obtained 

from Uganda Securities Exchange. The results make the model quite parsimonious, 

which eases the model building and estimation, though one should always test the 

properties of the series under inspection.  

 

While GARCH model can capture the effects of volatility clustering, it still has 

problems of having to have the estimates be non-negative. Another weakness of it 

is that it cannot capture the widely observed leverage effect where the negative 

shocks increase the volatility disproportionately. 
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4.3 Exponential Generalized Autoregressive Conditional Heteroskedasticity 

 

EGARCH model seeks to answer some of the weakness of the GARCH model and 

was first introduced by Nelson (1991). Mainly, GARCH models have the following 

weaknesses: 1) the model requires some restrictions on the parameters to ensure 

that the non-negativity constraint is not violated, 2) the models do not allow for an 

asymmetric response to shocks, and 3) depending on the GARCH model used and 

the parameter estimates, the volatility persistence measuring is difficult as the model 

may not be stationary (Teräsvirta 2006, p. 20). The EGARCH(q,p) model can be 

expressed for example by the following equation by Ghanalos (2018): 

 

ln(𝜎𝑡
2) =  𝜔 +  ∑ (𝛼𝑗𝑧𝑡−𝑗 +  𝛾𝑗(|𝑧𝑡−𝑗| − 𝐸|𝑧𝑡−𝑗|)) + ∑ 𝛽𝑗 ln(𝜎𝑡−𝑗

2 )𝑝
𝑗=1

𝑞
𝑗=1           (4) 

 

Where 𝜔 is the intercept, 𝛼𝑗 captures the sign effect – the possible leverage effect 

in this case – of the movement, 𝛾𝑗 captures the magnitude of the movement and 

𝛽𝑗  measures the persistence of volatility. 𝑧𝑡 are the independent and identically 

distributed standardized residuals with zero mean and continuous distribution.  

 

The first restrictions of the GARCH model is answered by the EGARCH model by 

modeling ln(𝜎𝑡
2) – by using logged conditional variance, the non-negativity 

constraint is relaxed. Second is that the model now allows for asymmetries under 

the equation (𝛼𝑗𝑧𝑡−𝑗 +  𝛾𝑗(|𝑧𝑡−𝑗| − 𝐸|𝑧𝑡−𝑗|)). By rearranging the model and writing 

for two scenarios for both positive and negative innovations, and expressing the 

sum of the magnitude and sign effect parameters with 𝑏(𝑧𝑡−𝑗), the asymmetry of the 

model can be seen: 

 

𝑏(𝑧𝑡−𝑗) = {
(𝛼𝑗 + 𝛾𝑗)𝑧𝑡−𝑗 − 𝛾𝑗(𝐸|𝑧𝑡−𝑗|) 𝑖𝑓 𝑧𝑡−𝑗 ≥ 0 

(𝛼𝑗 − 𝛾𝑗)𝑧𝑡−𝑗 − 𝛾𝑗(𝐸|𝑧𝑡−𝑗|) 𝑖𝑓 𝑧𝑡−𝑗 < 0
 

 

Now we have two different scenarios based on if the return is negative or positive, 

giving different results on the estimated volatility, with negative return typically 

producing a greater effect due to the leverage effect. (Tsay 2006, p. 103-105)  
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4.4 Multivariate GARCH models 

 

The motivation for multivariate GARCH models rises from the fact that the financial 

series’ movements are rarely isolated cases. Volatilities may move together over 

time in varying degrees.  

 

The following model can be seen as a generalization of the univariate model to 

multivariate space: 

 

𝑟𝑡 =  𝜇𝑡 + 𝑎𝑡                  (5) 

 

𝑎𝑡 = 𝐻𝑡
1/2

𝑧𝑡                  (6) 

 

Where in (5) 𝑟𝑡 is a stochastic vector of financial returns with dimensions of 𝑁 ∗ 1, 

 𝜇𝑡 is a vector of expected values of 𝑟𝑡, which may be conditional on some model or 

simply the unconditional mean of the financial returns, and the mean corrected 𝑎𝑡 

return vector with dimensions of 𝑁 ∗ 1 are modeled as in equation (6). In the 

equation (6), 𝐻𝑡
1/2

 is an 𝑁 ∗ 𝑁 positive definite matrix so that 𝐻𝑡  is the conditional 

covariance matrix of 𝑟𝑡
2, 𝑧𝑡 is an 𝑁 ∗ 1 iid. random vector with 𝐸[𝑧𝑡] = 0 and 𝑉𝑎𝑟[𝑧𝑡] =

 𝐼𝑁 with 𝐼𝑁 denoting the identity matrix of order 𝑁. 

 

At this point 𝐻𝑡  remains to be specified. There are many possible specifications for 

the 𝐻𝑡 matrix process. Silvennoinen & Teräsvirta (2008) divide the MGARCH 

models into four categories based on the specifications: 1) models of conditional 

covariance matrix, in which the 𝐻𝑡 is modelled directly, 2) factor models, which are 

motivated by parsimony, in which the 𝑟𝑡 is generated by a small, unobserved 

heteroskedastic factors, 3) models with conditional variances and correlations 

instead of conditional covariance, and 4) semi- and non-parametric estimation 

approaches that do not impose structure of the conditional covariance matrix. First 

category comprises of VEC and BEKK models, which were one of the first 

parametric MGARCH models.  
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In this thesis the interest are the models with conditional variance and correlations 

as of the interest is how the financial series observed behave over time with respect 

to each other. As was mentioned before, the idea of the models is to model the 

conditional variance and correlations instead of modelling the conditional 

covariance matrix. In the models the conditional covariance matrix is decomposed 

into abovementioned conditional standard deviations as well as into conditional 

correlation matrix. It can then be expressed in a way that both univariate and 

multivariate dynamics can be separated, making the estimation process easier 

(Ghanalos 2019). This study focuses on the pairwise dynamics of the series. The 

conditional correlation models can be divided into two groups: models where the 

conditional correlation matrix does not vary with time, and models where the 

conditional correlation matrix is allowed to vary in time and is re-calculated at each 

iteration. In the next sections these models are considered more in detail. 

 

4.5 Constant Conditional Correlation GARCH 

 

The constant conditional correlation GARCH (CCC-GARCH) model was introduced 

by Bollerslev (1990). In the model the conditional covariances are time-varying but 

the conditional correlations are constant. With having the constant conditional 

correlation, the model estimation becomes more simpler (Bollerslev 1990, p. 499). 

In the case of CCC-GARCH, the covariance matrix 𝐻𝑡 can be decomposed into: 

 

𝐻𝑡 = 𝐷𝑡𝑃𝐷𝑡                  (7) 

 

Where 𝐷𝑡 = 𝑑𝑖𝑎𝑔(ℎ1𝑡

1

2 , … , ℎ𝑁𝑡

1

2 ) with 𝑁 elements as in the return vector and 𝑃 is a 

positive definite constant conditional correlation matrix where 𝑝𝑖𝑖 = 1, 𝑖 = 1, … , 𝑁. ℎ𝑡 

in the 𝐷𝑡 represents the conditional volatility, 𝜎𝑡
2, thus becoming a conditional 

standard deviation. The off-diagonal elements of the matrix can be presented in a 

following way: 

 

[𝐻𝑡]𝑖𝑗 = ℎ
𝑖𝑡

1

2 ℎ
𝑗𝑡

1

2 𝑝𝑖𝑗 ,   𝑖 <> j                (8) 
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Where 1 ≤ 𝑖, 𝑗 ≤ 𝑁. The conditional variance of 𝑎𝑡 in the model is usually modeled 

by the univariate GARCH(p,q) process for example by the following equation: 

 

ℎ𝑡 = 𝜔 +  ∑ 𝐴𝑖
𝑝
𝑖=1 𝑎𝑡−𝑖  ° ∑ 𝐵𝑖ℎ𝑡−1

𝑞
𝑖=1                (9) 

 

Where 𝜔 is 𝑁 ∗ 1 vector, 𝐴𝑖 and 𝐵𝑖 are 𝑁 ∗ 𝑁 diagonal matrices, and ° denotes a 

Hadamard operator. Since the constant conditional correlation matrix 𝑃 is positive 

definite, the conditions for the positivity of the covariance matrix 𝐻𝑡 are that the 

members of 𝜔 as well as diagonal elements of the matrices 𝐴𝑖 and 𝐵𝑖 are positive.  

 

The CCC-GARCH(p,q) model has an extended version, Extended CCC-GARCH, 

which relaxed some of the assumptions of the model. However, it remains that the 

expectation that the conditional correlation is time-invariant is perhaps unrealistic. 

In fact, even in this study the simple unconditional correlations are found to vary to 

some degree between the two periods. And it is safe to assume that the conditions 

across markets do not update identically and at the same time. Dynamic Conditional 

Correlation GARCH model answers this shortcoming of having to have the 

correlation time-invariant. 

 

4.6 Dynamic conditional correlation GARCH 

 

Dynamic Conditional Correlation GARCH (DCC-GARCH) was introduced by Engle 

(2002) and Tse & Tsui (2002) at the same time and independently. The modeling is 

done in two stages: in the first stage the conditional volatility is estimated by using 

a chosen methodology, and in the second stage the examined that returns are 

transformed by the estimated volatility are used to estimate the conditional 

correlation (Cappiello et al., 2003, p. 13). While the conditional variance is usually 

modeled by using a GARCH(p,q) model, it is not a necessary condition. At this 

stage, as long as the stationarity condition is not violated, that is that the variance 

can be estimated, the conditional volatility can be modeled by using any variant of 

the models depending on the interests. For example, Olbrys (2015) modeled the 

conditional volatility in a multivariate GARCH model by using EGARCH in order to 

capture the possible asymmetries in the markets studied. Whereas in the CCC-
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GARCH model the covariance matrix was modeled by the equation (7), the matrix 

is estimated in the DCC-GARCH model by the following equation: 

 

𝐻𝑡 = 𝐷𝑡𝑃𝑡𝐷𝑡                 (10) 

 

Where 𝑃𝑡, the correlation matrix, is now varying in time. The same constraint of the 

positive definitiveness of the matrix is present in this model also, so to ensure the 

positivity, Engle (2002, p. 341) introduced the following proxy process: 

 

𝑄𝑡 = 𝑆(1 − 𝑎 − 𝑏) + 𝑎𝑧𝑡−1𝑧′𝑡−1 + 𝑏𝑄𝑡−1              (11) 

 

In equation (11) 𝑎 and 𝑏 are non-negative scalars with the condition that 𝑎 + 𝑏 < 1 

so that the model is mean reverting and that the 𝑄𝑡 has positive eigenvalues, 𝑆 is 

the unconditional correlation matrix of the standardized errors 𝑧𝑡. By using the 

estimated 𝑄𝑡, the conditional correlation matrix 𝑃𝑡 can be obtained by rescaling it: 

 

𝑃𝑡 = 𝑑𝑖𝑎𝑔(𝑄𝑡)−1/2𝑄𝑡𝑑𝑖𝑎𝑔(𝑄𝑡)−1/2              (12) 

 

Then, following the equations (5), (6), and (10) with the conditional correlation 

estimated by the equations (11) and (12), the DCC-GARCH model can be 

expressed by the following equation: 

 

𝑟𝑡 =  𝜇𝑡 + 𝑎𝑡                (13) 

 

𝑎𝑡 = 𝐻𝑡
1/2

𝑧𝑡  

 

𝐻𝑡 = 𝐷𝑡𝑃𝑡𝐷𝑡  

 

Equation (13) is the DCC-GARCH model. Every parameter of the model is now time-

variant, which more accurately represents the reality as new actions are taken 

based on the arrival of new information. However, the model doesn’t account for 

how the return series behave with respect to different news – it simply assumes that 

the series react to good and bad news in the same way. Hence, it doesn’t take in to 
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account the leverage effect, how the series react to it, and as a consequence how 

the correlation evolves over time in the presence of these news.    

 

4.7 Asymmetric dynamic conditional correlation GARCH 

 

ADCC-GARCH model was introduced by Cappiello et al. (2006) as a generalization 

of the DCC-GARCH but also allowing for the asymmetries to be present. It modifies 

the DCC-GARCH model in two ways: it introduces asset-specific correlation 

evolution parameters and conditional asymmetries in the correlation (Cappiello et 

al. 2006, p. 541). The model follows the estimation of the parameters in the same 

way as the equation (13), but in the model the dynamics of 𝑄𝑡 are now expressed 

in the following way: 

 

𝑄𝑡 = (𝑆 − 𝐴′𝑆𝐴 − 𝐵′𝑆𝐵 − 𝐺′𝑆−𝐺) + 𝐴′𝑧𝑡−1𝑧′𝑡−1
𝐴 + 𝐵′𝑄𝑡−1𝐵 + 𝐺′𝑧𝑡−1

− 𝑧𝑡−1
−′ 𝐺        (14) 

 

Where in the equation (14) A, B, and G are 𝑁 ∗ 𝑁 parameter matrices, 𝑧𝑡−1
−  are the 

zero-threshold standardized errors which are equal to 𝑧𝑡 when less than zero and 

zero otherwise, 𝑆 and 𝑆−are the unconditional correlation matrices of 𝑧𝑡 and 𝑧𝑡
− 

respectively.  
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5 RESULTS 

 

This portion of the study reports the empirical findings. First, model specification 

choices are explained. Then the results of the pre- and post-period volatility 

modeling are presented. Each of the series are analyzed for both pre- and post- 

global financial crisis periods and then a consensus if drawn. Then an ADCC-

GARCH model results for the dynamic conditional correlation are presented to study 

the co-movements of the markets. Based on the same model, news impact surfaces 

are also reported which demonstrate how the series correlate between each other 

in the presence of positive or negative shocks to series. Lastly, the results are 

discussed. 

 

5.1 Pre- and post-global financial crisis volatility characteristics 

 

EGARCH-model was chosen to model the conditional variance. The model is 

explained in more detail in the methodology section and the conditional volatility is 

estimated by using the equation (4). Important aspect of the model choice is that it’s 

able to present the asymmetric response to shocks. Furthermore, EGARCH-model 

has been found to be among the most consistent models in estimating the volatility 

parameters with the least error when compared to other asymmetric models, such 

as Threshold ARCH (Devi 2018; Miron & Tudor 2010). Conditional mean is also 

modeled and included in the results, but it’s not analyzed as it’s not part of the 

interests of this thesis – it’s merely present in the modeling stage. 

 

The order of both ARMA and EGARCH models was chosen by using the information 

criteria – both Akaike’s (AIC) and Bayesian (BIC) criteria are considered. Appendix 

8 presents the results of estimating different models up to order of (2,2). The results 

are reported in a two-by-two matrix with rows representing autoregressive and 

columns representing moving average terms for ARMA model while the rows are 

volatility of the previous period and the columns the fitted variance of the previous 

period for the EGARCH model. The best, in this case the lowest, result is bolded. 

As can be seen from the table, in every case BIC supports the model of order of 

(1,1). AIC supports (2,2) order ARMA model for Norway pre- and post-periods, 
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Denmark post-periods, and (2,2) order GARCH model for Norway pre-period and 

Iceland post-period. The criterions support different order of models. BIC is more 

consistent criterion and employs a stricter penalty term as the number of parameters 

increases, hence it’s more parsimonious than AIC, but not as efficient (Claeskens 

2016, p. 237). As such, AIC tends to favor models with more parameters. Hansen 

& Lunde (2005) compared many ARCH-type models forecasting the volatility. They 

used stock returns and out of sample period for the forecast. The results were that 

they found no evidence that models with more parameters outperformed a more 

simpler GARCH(1,1) model. One other realization of the study was that the 

GARCH(1,1) model was outperformed by the models that allow for the leverage 

effect, such as the EGARCH-model. Based on the information criteria and the 

evidence that the order of one models are usually enough for financial series, an 

ARMA(1,1)-EGARCH(1,1) model was fitted to the data. 

 

The distributions were chosen by using the Adjusted Pearson Goodness-of-Fit test 

and by examining the empirical density of the standardized residuals and how well 

the chosen distribution matched it. As is usually the case, it’s hard to get perfectly 

matching conditional distribution, but between the distributions, the results do not 

differ too much from each other if the chosen theoretical distribution somewhat 

matches the empirical density. The other case is that when the chosen distribution 

does not match the empirical distribution at all, the results can vary wildly. This will 

lead to an inconsistent estimator, and the results can no longer be trusted. 
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Table 5. Pre-Global financial crisis ARMA(1,1)-EGARCH(1,1) model fitted 

Pre-Global Financial Crisis  

  Finland Sweden Norway Denmark Iceland 

μ 
0.000  
(0.753) 

0.000  
(0.091) 

0.000  
(1.174) 

0.000  
(1.076) 

0.000  
(0.481) 

ar1 
0.199  
(3.503) *** 

0.087  
(1.531) 

0.847  
(18.750) *** 

0.472  
(5.924) *** 

0.474  
(3.727) *** 

ma1 
-0.213  
(-3.808) *** 

-0.175  
(-3.499) *** 

-0.875  
(-21.756) *** 

-0.499  
(-6.340) *** 

-0.270  
(-1.976) ** 

ω 
-0.441  
(-61.888) *** 

-0.442 
 (-63.215) *** 

-0.557  
(-72.264) *** 

-0.884  
(-53.508) *** 

-0.630  
(-4.240) *** 

α 
-0.167  
(-8.603) *** 

-0.164 
 (-8.236) *** 

-0.118  
(-5.767) *** 

-0.150  
(-6.351) *** 

-0.095  
(-3.070) *** 

β 
0.959 
(13234.460) *** 

0.958  
(26264.262) *** 

0.948  
(2793.167) *** 

0.913 
(443.318) *** 

0.942 
(68.668) *** 

γ 
0.0315  
(3.403) *** 

0.054  
(3.015) *** 

0.109  
(7.972) *** 

0.149  
(5.3550) *** 

0.260  
(4.593) *** 

Half-life 16.405 16.102 13.064 7.633 11.603 

Persistence 0.959 0.958 0.948 0.913 0.942 

Distribution NIG JSU NIG SGED GED 

Log-
likelihood 

2711.415 2662.720 2762.757  2560.028 2777.595  

Ljung-Box (1) 0.783 (0.076) 0.691 (0.159) 0.582 (0.303) 0.636 (0.224) 0.451 (0.568) 

Ljung-Box^2 
(1) 

0.705 (0.144) 0.789 (0.072) 0.512 (0.430) 0.216 (1.533) 0.342 (0.904) 

ARCH LM (3) 0.941 (0.006) 0.650 (0.206) 0.730 (0.119) 0.288 (1.127) 0.308 (1.039) 

Nyblom 2.634 (2.820) 2.447 (2.820) 3.3120 (2.820) 2.567 (2.820) 2.574 (2.590) 

Sign Bias 0.336 (0.737) 0.797 (0.257) 0.1704 (1.372) 0.964 (0.045) 0.961 (0.049) 

GOF (20) 0.177 (24.510) 0.04263 (30.780) 0.229 (23.190) 0.196 (23.990) 0.971 (9.144) 

***, ** and * indicate statistical significance at 1%, 5% and 10% risk level, respectively  

 

Table 5 presents the findings of fitting the AMRA(1,1)-EGARCH(1,1) model to the 

pre-global financial period log-returns. As fit diagnostics for the models, Ljung-Box 

test for both squared and non-squared standardized residuals, ARCH Lagrange 

multiplier test, joint Nyblom stability test, Sign bias test as well as chi-squared 

goodness of fit test (GOF) at 20 bins are reported. Ljung-Box and ARCH Lagrange 

multiplier report the adequacy of ARMA and ARCH term fits, respectively. Ljung-

Box test tests for a lag of up to one and ARCH LM test tests for a lag of up to three. 

Null of the tests are that the autocorrelation of the residuals has been captured by 

the model. Nyblom stability test reports whether there is some structural change in 

the time series over time. Null of the test is that the parameter values are constant 

in time. Sign bias test tests the presence of leverage effects in the standardized 

residuals, how well the model has or has not captured these effects. Null of the test 
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is that the parameters are enough to explain the effects. Lastly, the chi-squared 

goodness of fit statistic (GOF) at 20 bins tests how the chosen distribution matches 

the distribution of the estimated standardized residuals using a histogram (Ghanalos 

2017, p. 28). For every test, the p-value is presented in the box and the t-statistics 

is presented in brackets, except for the Nyblom stability test, for which the value in 

the box is the t-statistic and the value in the brackets is the critical value for 1% 

confidence level. With the parameter estimates, the value in the cell is the estimate 

while the value in the brackets is the t-statistic. The stars indicate the significance 

level: 3 stars being significant at 1 percent risk level, 2 stars being significant at 5 

percent risk level and 1 star being statistically significant at 10 percent risk level.  

 

Starting with the results of the Finland’s model, which was estimated by using the 

normal inverse gaussian distribution, it can be seen that no test statistic is violated. 

It is likely that the model has captured the effects well and is correctly specified. 

According to the goodness of fit statistic, the chosen distribution matches the 

empirical distribution of the standardized residuals with good enough confidence. 

Every parameter is highly statistically significant except for the variance intercept 

parameter, which is not statistically significant. Of the parameters, alpha, beta and 

gamma estimates are of the interest. Alpha captures the ARCH process, beta 

captures the GARCH process, and gamma is the size effect in the context of this 

model along with the alpha estimate. It can be seen from the negative alpha estimate 

that the leverage effect applies to this series – negative shocks affect the volatility 

more than the positive shocks of the same magnitude do. From gamma it can be 

seen that the leverage effect magnitude is not great, but it is still present. Beta tells 

us the persistence of volatility, the past period’s volatility impact on the current 

periods, and as is typical for financial series due to the volatility clustering behavior, 

is relatively high. 

 

A useful way to look at the leverage effect, or the increased response to negative 

shocks, and the asymmetry of the series, is the news impact curve. Figure 2 plots 

the news impact curve of the Finland pre-global financial crisis series. X-axis 

represents the standardized residuals of the previous period while the Y-axis 

represents the volatility of the period after. It is apparent that the negative shocks to 
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standardized residuals increase the volatility more than the positive shocks, echoing 

the parameter estimates. This is a typical result for financial series. Positive shocks 

still have an increasing effect on the volatility as actors in the market react to the 

news, but interestingly the shock is lesser than if no shocks were to happen. 

Perhaps during the period, in a wake of good news, the actors simply preferred to 

hold on to their investments instead of preferring to sell them or increase holdings. 

From the table 5 the half-life statistic can also be seen. This represents the time it 

takes for the volatility in the system to reduce by half towards its expected volatility. 

It takes around 16 and half days for the volatility to be reduced by half when it hits 

the system for the Finland pre-period time series.  

 

 

 

Figure 2. News impact curve of the pre-global financial crisis - Finland 

 

For Sweden pre-period, every diagnostic test null hypothesis is not rejected, except 

for the empirical distribution, for which the null is rejected at 5% risk level, which 

would indicate that the model is adequate. Looking at the distribution using higher 

number of bins in the plot, which are not reported here, then the chosen distribution, 

Johnson’s reparametrized SU (JSU), better matches the empirical distribution. 
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While there is some evidence that the chosen distribution doesn’t match the residual 

distribution, the effect on the parameters is relatively small and as such the analysis 

still holds some credibility. Mean and autoregressive estimates are not statistically 

significant, the rest of the parameter estimates are. It can be seen from the 

combined effect of the alpha and gamma that the negative shocks cause more effect 

on the volatility and that the effect is noticeable. From beta it can be seen that the 

persistence of volatility is high - Half-life is around 16 days. Appendix 9 presents the 

news impact curves for the rest of the pre-period countries. Sweden’s curve is close 

to that of Finland’s. In fact, pre-period volatility characteristics are mostly identical 

for between the two countries. 

 

Norway’s model diagnostics seem to indicate that the model fits well as none of the 

null hypotheses are rejected, except for the Nyblom stability test. It may be that 

there’s some structural change in the observed period. The distribution that was 

used is normal inverse gaussian. Every parameter estimate is statistically significant 

at one percent risk level, except for the mean which is not statistically significant. 

Alpha and gamma estimates tell us that there is leverage effect present in this series 

and that the magnitude effect is relatively significant – it’s twice as high than for the 

Finland and Sweden. Persistence of volatility is not as high though, having a half-

life of around 13 days. Appendix 8 plots the news impact curve. It’s relatively similar 

to Finland and Sweden, but the positive shock’s lessened volatility effect is not as 

pronounced.  

 

For Denmark series the diagnostic nulls are not rejected. The model was estimated 

using the skewed generalized error distribution, which seems to match the empirical 

distribution. The conditional mean is not statistically significant while the rest of the 

parameters are. In this series, too, the alpha is negative indicating the presence of 

leverage effects. The magnitude effect is more pronounced than the rest of the 

series while the persistence is lower at around 7.5 days. The increased magnitude 

can be seen from the news curve in appendix 8. Positive shocks do not seem to 

cause an increased effect of either direction in the volatility. Lastly, in the case of 

Iceland series the model diagnostic nulls are not rejected so the model likely is 

properly fitted. Generalized error distribution was used to estimate the parameters. 
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The mean of the model is not statistically significant, and the moving average term 

is statistically significant at 5 percent risk level. The rest of the parameters are highly 

statistically significant. It can be seen that there are leverage effects present and 

that the magnitude is higher than the rest of the series. Persistence is close to other 

series, having a half-life at around 11.5 days. Appendix 8 highlights the leverage 

effect with the news impact curve. In this case both negative and positive news have 

an increasing effect on the volatility compared to no shocks at all, with negative 

shocks, as expected, having a higher impact due to the asymmetry. This is a more 

logical conclusion than for the rest of the countries as both bad and good news 

should cause movements in the market. But perhaps there were more conservative 

expectations during the period before the global financial crisis. Overall, the series 

do not differ greatly from each other except for the Iceland, but it’s also more 

geographically isolated from the rest of the countries and doesn’t have as developed 

financial market, which may contribute to it not behaving in similar way.  
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Table 6. Post-Global financial crisis ARMA(1,1)-EGARCH(1,1) model fitted 

Post-Global Financial Crisis  

  Finland Sweden Norway Denmark Iceland 

μ 
0.000  
(0.398) 

0.000  
(0.459) 

0.000  
(1.154) 

0.000  
(0.5257) 

0.000  
(4.100) *** 

ar1 
-0.349  
(-5.626) *** 

-0.917  
(-13.026) *** 

0.781  
(25.006) *** 

0.116  
(2.493) ** 

-0.576  
(-38.575) *** 

ma1 
0.373  
(6.095) *** 

0.947  
(17.017) *** 

-0.815  
(-28.706) *** 

-0.183  
(-3.783) *** 

0.623  
(41.457) *** 

ω 
-0.072  
(-24.135) *** 

-0.186  
(-7.797) *** 

-0.106  
(-10.519) *** 

-0.032  
(-14.994) *** 

-0.853  
(-4.235) *** 

α 
-0.078  
(-5.125) *** 

-0.151  
(-4.793) *** 

-0.041  
(-1.881) * 

-0.088  
(-4.647) *** 

0.016  
(0.414) 

β 
0.993 
(7287.977) *** 

0.982 
(425.497) *** 

0.989 
(1025.253) *** 

0.997 
(6175.535) *** 

0.9219  
(50.104) *** 

γ 
0.097  
(4.618) *** 

0.158 
(4.38) *** 

0.112  
(3.618) *** 

0.087  
(6.247) *** 

0.218  
(3.496) *** 

Half-life 97.743 37.872 67.908 206.724 8.521 

Persistence 0.993 0.982 0.989 0.997 0.922 

Distribution SGED SGED GED SSTD GED 

Log-
likelihood 

2545.173 2609.86 2648.706  2469.401 2890.977 

Ljung-Box (1) 0.734 (0.115) 0.049 (3.871) 0.198 (1.658) 0.618 (0.248) 0.645 (0.212) 

Ljung-Box^2 
(1) 

0.803 (0.062) 0.378 (0.772) 3.19e-05 (17.30) 0.411 (0.676) 0.542 (0.372) 

ARCH LM (1) 0.739 (0.111) 0.854 (0.034) 0.663 (0.190) 0.661 (0.192) 0.808 (0.059) 

Nyblom 1.672 (2.82) 2.050 (2.82) 1.543 (2.59) 1.663 (2.82) 2.254(2.59) 

Sign Bias 0.327 (0.981) 0.271 (1.103) 0.224 (1.217) 0.530 (0.628) 0.605 (0.518) 

GOF 0.051 (30.09) 0.592 (16.97) 0.003 (40.45) 0.393 (20.02) 0.078 (28.31) 

***, ** and * indicate statistical significance at 1%, 5% and 10% risk level, respectively  

 

Table 6 presents the results of the post-global financial crisis period. Starting with 

the Finland, the model diagnostics would suggest that the model is likely correctly 

specified. Goodness-of-fit statistic is suspect, though, as its null is nearly rejected at 

5 percent risk level. The chosen distribution was skewed generalized error 

distribution as it seemed to match the distribution of the residuals the best. Every 

parameter except for the conditional mean is highly statistically significant. There 

seems to be less bias for negative shocks, but the magnitude effect is higher for the 

post-period than that of the pre-period. Perhaps unexpectedly, the persistence is 

extremely high at 0.993. This makes sense as the period following the global 

financial crisis can be expected to be uncertain, and as such cause actors to take 

various measures. Half-life of the shocks is likewise high, about 98 days. Figure 3 

plots the news impact curve. Negative shocks expectedly affect the volatility more 
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than the positive shocks, but positive shocks also have an increasing effect on the 

volatility opposed to which was the case for the pre-period.  

 

Sweden’s model was also estimated using the skewed generalized error 

distribution. Null of the Ljung-Box test for non-squared residuals is rejected at 5 

percent risk level. It’s possible that the model does not have an adequate ARMA fit. 

Ljung-Box for squared residuals and ARCH LM test nulls are not rejected though, 

which would indicate that the conditional volatility is captured by the model. Mean 

parameter is not statistically significant, but all the parameters are highly significant. 

The leverage effect is the same size and sign as it’s for the pre-period, but the 

magnitude is higher. Volatility persistence is high, the series having a half-life of 

about 38 days. The value is significantly less than that of Finland, though. Appendix 

10 plots the news impact curves of Sweden, Norway, Denmark and Iceland. As was 

the case with the Finland’s curve, the positive shocks now also increase the 

volatility. Finland seemed to have more volatility following the positive news than 

Sweden during this period.  

 

 

Figure 3. News impact curve of the post-global financial crisis - Finland 
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Norway’s post-period model was fitted by using the generalized error distribution. 

Null of the goodness-of-fit test and Ljung-Box test for squared residuals are rejected, 

meaning that it’s likely that the model has not captured the ARCH-effect properly. 

Since the theoretical distribution doesn’t match the empirical one, the parameter 

estimates may not be consistent. Though testing different distributions, the 

estimates do not differ much. Also, if using 30 bins to measure the distribution fit, 

the null is not rejected. Since the GARCH-model portion is the main interest, and 

the null of ARCH LM test is not rejected, the results are still reported and analyzed 

here, but it’s possible that they are not consistent. Mean is not statistically 

significant, and alpha is statistically significant only at 10 percent risk level. The rest 

of the parameters are highly statistically significant. Alpha is negative indicating the 

leverage effect, but the effect is smaller than the pre-periodic, and gamma is slightly 

higher for the post-period. Especially the alpha statistic may not be consistent, but 

the result gotten here is intuitive. Persistence is high at 0.989 and consequently half-

life is at around 68 days. New impact curve presented in appendix 10 shows that 

the shock response is more symmetric for the post-period and the positive shocks 

is no longer less than no shock at all.  

 

Denmark model was fitted using skewed student’s distribution. As per diagnostics, 

the model seems to be adequate. The mean is not statistically significant, and the 

autoregressive parameter is statistically significant at five percent confidence. 

Leverage effect is present as indicated by the negative alpha, and gamma estimate. 

The magnitude effect is lower for the post-period. The persistent is extremely high, 

the highest of all the series, at 0.997. Half-life, then, is about 207 days. The shocks 

are felt in the system for an extremely long period of time. The news impact curve 

presented in the appendix 10 is similar shape to the pre-period but the shock’s 

impact on the volatility is higher.  

 

Lastly, Iceland model was fitted using the generalized error distribution. No null 

hypotheses of the diagnostic tests are rejected, though the goodness-of-fit test 

comes close to the five percent risk level. It’s possible that the distribution doesn’t 

match the data well. Every parameter except for the alpha is highly statistically 

significant. Alpha is positive and gamma is relatively high. The result would indicate 
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that the positive shocks have more effect on the volatility than the negative shocks. 

The news impact curve in appendix 10 would indicate as much as well. It’s an 

inconsistent result that is not supported by theory. Statistically not significant alpha 

parameter suggests so also. Volatility persistence is relatively low compared to other 

series at 0.9219. Half-life is at around 8.5 days, lower than for the pre-period. It’s a 

strange result in light of the other series where the volatility greatly increased 

following the global financial crisis. One explanation could be that the investor 

confidence completely shattered following the crisis and they were more 

apprehensive to invest. Positive shocks then would boost the confidence and, as a 

result, the trading activity. The low activity is clearly present in the figure 1 plotted 

log-returns. However, since the theory says otherwise and the parameter that 

explains the leverage effect is not significant, it’s likely that the model simply failed 

to capture the effects.  

 

Based on the fitted models for the pre- and post-periods, the volatility, in varying 

degrees, increased for the period following the global financial crisis. There’s a 

leverage effect present in every countries’ series except for the Iceland post-period, 

for the which the parameter estimate, which signals the leverage effect, is not 

statistically significant. The persistence of volatility was similar for the countries 

during the pre-period but then varied greatly between the countries for the post-

period – for Finland, Sweden, Norway and Denmark, the persistence increased 

while for Iceland it decreased. Denmark had the highest volatility persistence out of 

the countries during the period following the financial crisis. Finland also had 

relatively high volatility during the post-period, followed by Norway and then 

Sweden. Sweden’s volatility persistence raised comparatively little for the post-

period, but its bias to bad news lessened. Of the countries, Iceland behaved the 

most unexpectedly. One would think that lower volatility would be more desirable, 

at least within certain limits, but in this case the low volatility persistence of Iceland 

does not probably indicate good news, especially when compared to its previously 

examined periods’ volatility.  
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5.2 Time varying correlation between the countries 

 

In this section ADCC-EGARCH(1,1) model results are presented to examine the 

dynamic conditional correlation of the series over the full period. ARMA(1,1) 

component is retained in the model to estimate the conditional mean. The model is 

specified more in detail in the “methodology” section of this study. In the data 

explanation portion it was concluded that the unconditional correlation between the 

series is high – it’s positive and close to one. Iceland is an outlier in that the 

correlation is not nearly as high between it and the rest of the series as it is between 

other series. The correlation is still positive, though. The consequence of the of the 

high positive correlation is that we can expect the series to behave in the same way 

in the presence of the identical conditions. However, when examining the volatility 

characteristics, it’s clear that the series behave, at least after the financial crisis, 

quite differently from one another with respect to volatility. 

 

Table 7. aDCC-EGARCH model parameter estimates 

 
Estimate Std. Error t-value p-value 

Joint α 0.017 0.004 4.825 0.000 

Joint β 0.937 0.011 82.591 0.000 

Joint γ 0.023 0.008 3.047 0.002 

LB-test (FI) (1) 
   

0.441 

LB-test (SE) (1) 
   

0.352 

LB-test (NO) (1) 
   

0.733 

LB-test (DK) (1) 
   

0.116 

LB-test (IS) (1) 
   

0.990 

Likelihood 29677.29    

 

Table 7 presents the results of the fitted aDCC-EGARCH model. The model was 

fitted using the multivariate Student distribution. In the table, LB-test is Ljung-Box 

test on the squared residuals of lag of one for each of the series. Null of the test is 

not rejected in the case of every series so it would seem like there is no 

autocorrelation present in the residuals indicating that the model may be specified 

correctly. However, the test is done on the individual series that have been 

estimated by using the EGARCH specification, so the results do not apply to the 

multivariate model as is, but they are still reported. In the literature there doesn’t 
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exist many tests, or at all, how to provide some evidence that the conditional 

correlation matrix is constant (Silvennoinen & Teräsvirta, 2008). However, joint 

alpha, beta and gamma statistics tell whether the dynamic conditional correlation 

model makes sense. If they are not jointly statistically significant then model such 

as constant conditional correlation could make more sense. Every estimate is highly 

statistically significant, so the dynamic conditional correlation model usage seems 

to be justified. 

 

 

Figure 4. Dynamic conditional correlation between Finland and other countries 

 

Figure 4 presents the pairwise dynamic conditional correlation varying over time 

between Finland and other countries. The period considered is from the beginning 

of the pre-period to the end of the post-period. Based on the model, it is apparent 

that the correlation varies somewhat heavily over time between each of the series. 

Around the beginning of 2006 the correlation between the series dropped heavily. 

Between Norway it dropped the most in absolute terms. There are few points where 
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the correlation with Sweden dropped from around 0.8 to 0.7: middle of 2007, the 

end of 2007 and at the beginning of 2009, following the financial crisis. After 2009 

there have been quite a few spikes between the correlation but in absolute terms 

the jumps are not great. Regardless, it represents instability. The trend seemed to 

have been that the correlation just before the crisis raised and then immediately 

following it, it dropped. This is intuitive as one expects the markets to take their 

unique actions to the crisis. This was the case between Sweden and Denmark. 

However, besides the negative spike in the correlation at the beginning of 2006, it 

was at a relatively stable level between Norway. The correlation between Iceland 

was quite erratic and was even close to zero at points. Towards the end of the 

examined period there seems to have been a trend of rising correlation between 

Sweden, Norway and Denmark, but not with Iceland, with whom the correlation 

remained low.   

 

Sweden’s pairwise comparison with other countries is presented in the appendix 11. 

Overall, the dynamics look similar to that of between Finland and other countries – 

the same kind of chasms can be seen in both figures. Between Norway and Iceland 

they are almost the same. However, the dynamic correlation is tighter between 

Denmark and Finland than it is with Denmark and Sweden. Norway’s comparison is 

presented in the appendix 12. It can be seen that Norway’s correlation between the 

series doesn’t vary greatly over time, except with Iceland, which with the correlation 

is similar than what it is with other pairs. It is not the highest between the series but 

it’s the most stable. There aren’t any huge drops in the correlation besides the early 

2006 drop over time. Denmark’s comparison is presented in the appendix 13. The 

results are similar between other country pairs but the dynamic correlation between 

Denmark and Sweden is different than what is the correlation between Sweden and 

Finland – it is similar to the correlation between Denmark and Finland. In fact, the 

correlation between Denmark and Finland is almost the same as is the correlation 

between Denmark and Sweden. Iceland is the most isolated from the other 

countries, and the correlation varies over time similarly between it and the other 

countries. 
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Table 8. Unconditional correlation from the dynamic correlations  

Pre-period 

FI Min 1st Qu. Median Mean 3rd Qu. Max SD 

SE 0.623 0.795 0.819 0.816 0.844 0.917 0.043 

NO 0.120 0.611 0.654 0.647 0.702 0.805 0.081 

DK 0.401 0.634 0.666 0.667 0.708 0.804 0.056 

IS 0.140 0.328 0.386 0.392 0.458 0.691 0.103 

SE        

NO 0.275 0.629 0.667 0.662 0.705 0.806 0.073 

DK 0.455 0.569 0.607 0.609 0.645 0.761 0.056 

IS 0.094 0.305 0.382 0.381 0.459 0.661 0.010 

NO        

DK 0.202 0.539 0.586 0.585 0.642 0.785 0.086 

IS 0.166 0.318 0.383 0.390 0.466 0.627 0.097 

DK        

IS 0.075 0.272 0.322 0.337 0.406 0.555 0.093 

Post-period 

FI Min 1st Qu. Median Mean 3rd Qu. Max SD 

SE 0.773 0.828 0.839 0.838 0.849 0.891 0.017 

NO 0.592 0.709 0.727 0.724 0.743 0.796 0.025 

DK 0.692 0.773 0.785 0.782 0.797 0.866 0.025 

IS 0.042 0.167 0.192 0.197 0.224 0.359 0.049 

SE        

NO 0.545 0.646 0.664 0.660 0.676 0.729 0.028 

DK 0.643 0.720 0.742 0.737 0.752 0.833 0.026 

IS 0.017 0.165 0.187 0.192 0.217 0.336 0.048 

NO        

DK 0.588 0.694 0.712 0.709 0.727 0.789 0.027 

IS 0.079 0.182 0.205 0.214 0.236 0.401 0.050 

DK        

IS 0.037 0.171 0.193 0.201 0.227 0.406 0.051 

 

Table 8 presents the unconditional correlations gotten from the dynamic conditional 

correlations for both pre- and post-global financial crisis periods. The dynamics of 

the correlation is lost in the values but they illustrate the differences between the 

two periods. Minimum, 1st quartile, median, mean, 3rd quartile, maximum and 

standard deviation (SD) statistics are reported. Generally, based on the mean value, 

it can be said that the correlation is greater between the countries for the post-period 

than it’s for the pre-period, except in the case of Iceland for which it has decreased. 

This could mean that the means that are used to tackle a financial crisis are similar 

to countries, leading to same results. Iceland is an exception in that trading was 
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actually suspended immediately following the financial crisis. After it reopened after 

several days, around 75 percent of the value was lost. During the examined period 

in this thesis, the value did not rebound but remained low, which is not the case for 

the other series. Also, after the crisis few stocks were removed from the index, 

further destroying the wealth.  

 

 

Figure 5. Pairwise News impact surfaces of Finland 

 

News impact surfaces between Finland and rest of the series are presented in the 

figure 5. Y-axis represents shocks to Finland while the X-axis represents the shocks 

to the counterparty. Z-axis is the joint correlation between the shocks. The series’ 

correlation behaves to the shocks as one would expect it to. When a positive shock, 

for example, hits Finland and a negative shock of the same magnitude Sweden, the 

correlation between the series drops to zero or below, as markets react differently 

to good and bad news. Overall, it seems like there is more correlation between the 
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response to good news than there is to bad news of the same magnitude. 

Appendices 15-18 present the news impact surfaces for the rest of the countries. 

Generally, there aren’t any differences between the pairwise comparison between 

the rest of the countries than what is the case between Finland and other countries.  

 

5.3 Discussion 

 

The main research question of this thesis was “did the global financial crisis change 

the volatility characteristics of the Nordic markets?” Markets are presented by their 

respective biggest indices as a proxy for market behavior. The answer to the main 

research question is yes, the global financial crisis did change the volatility 

characteristics of the markets, at least for the duration of the time period studied. 

There’s some reason to believe that the effects would leave the system after +5 

years following the event since studies have shown that around that time the effects 

of a financial crisis can be felt. However, this is not easily verifiable as European 

Sovereign debt crisis hit soon after the global financial crisis. If we take the gamma 

(magnitude) term in the EGARCH model used in this study as a measurement of 

sensitivity, the short-term volatility, then following the crisis it increased in the case 

of Finland, Sweden, and Norway. In the case of Denmark and Iceland it actually 

lessened, indicating that the short-term economic activity contracted during the 

studied period. It would appear that Finland, Sweden, and Norway more conform to 

what was found about developing countries generally more than Denmark and 

Iceland, which appear to be more conservative in this regard. With respect to 

persistence – how long the effects of shocks are felt in the system – it increased 

greatly in the case of every country except Iceland, for which it decreased. However, 

for the post-global financial crisis period the sign parameter (alpha) was not 

statistically significant even at 10 percent risk level for Iceland so no reliable 

conclusion can be drawn, at least with respect to the sign of it. It would be 

counterintuitive, perhaps, to think that shocks would remain shorter time in the 

system following financial crisis when the market rapidly adjusts. Expressed in days 

that it takes for the volatility to return by half to its expected value, the persistence 

increased from 16 days to 98 days, 16 days to 38 days, 13 days to 68 days, and 8 

days to 207 days for Finland, Sweden, Norway, and Denmark respectively. 
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Especially for Denmark the shocks are felt very long time in the system. The 

persistence before the crisis was similar across the countries but differs significantly 

following the crisis. Since the persistence is high, it can be said that the markets 

exhibit the volatility clustering behavior as the shocks remain in system long, 

causing compounding effects. Other studies have found similar results that the 

persistence is higher following a financial crisis. There are, though, some studies 

where they found that the persistence was lower for the period following the global 

financial crisis. With this mind, perhaps the persistence was indeed lower for the 

Iceland following the crisis. 

 

Before the global financial crisis every series exhibited the leverage effect, where 

the negative shocks have a greater effect on the volatility than the positives ones. 

This can be seen from the alpha parameter, which measures the sign effect of a 

shock, magnitude of which is measured by the gamma parameter, and from the 

news impact curves. After the crisis the leverage effect was also present in every 

series, but in this case of Iceland it can’t be said for certain as the sign parameter is 

not statistically significant. The news impact curves present the asymmetric volatility 

clearly. For Finland, Sweden, Norway, and Denmark there is a clear bias to negative 

news for the pre-period. Moreover, positive shocks resulted in less volatility than no 

news at all. For Iceland the curve is more symmetric – there is a bias to negative 

shocks, but positive shocks also increase the volatility more than no shocks at all. 

For the post-period, in the case of Finland, Sweden, and Norway there is now more 

symmetric response to shocks, though the leverage effect is still present. Out of 

these three countries, Sweden’s response to positive shocks is the lowest. 

Denmark’s response to shocks is similar for both the pre- and post-period, there not 

being a change from the bias following the crisis. Iceland’s alpha parameter is not 

statistically significant so no conclusion can be drawn. Looking at its news impact 

curve, it appears that positive news have a greater impact on the volatility, which 

does not make economic sense. In the case of every country, the volatility is greater 

for the post-period. Several studies have found that the leverage effect lessens 

following a financial crisis. This can be expected as investors should react to any 

kind of news more strongly following a crisis. However, there are some studies 

which find the leverage effect to be stronger following a crisis. It would seem that 
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there are country differences, but for Nordic countries the leverage effect is present 

in both periods, with it being lessened for the post-period.  

 

Another aim of this thesis was to look at the co-movements of the markets. This was 

done by using unconditional correlations of both periods as well as a conditional 

correlation model. The conditional correlation was modeled using the ADCC-

GARCH model, and the markets were studied pairwise. The problem with using the 

said model, and many multivariate GARCH models, is that there aren’t many good 

statistical hypothesis tests for them. Such tests exist for CCC-GARCH model and 

for some of its extensions but not for all other types of models (Silvennoinen & 

Teräsvirta 2008, p. 15). So, it’s possible that models are misspecified and as such 

are not unbiased or consistent. Looking at the unconditional correlations for the 

whole period between Finland and other countries, the correlation is highest 

between Sweden; they move almost one to one. Between Norway and Denmark, 

the correlation is also high. Between Iceland the correlation is still positive but not 

especially high. The other country pairs behave similarly to Finland. Separating the 

period to pre- and post-periods, the correlation between Finland and Sweden and 

Norway doesn’t change much between the periods. Between Finland and Denmark, 

the correlation is higher for the post-period. Between Finland and Iceland the 

correlation drops somewhat significantly for the post-period. Again, other country 

pairs are similar to that of the Finland. Looking at the aggregate correlations 

between the two periods from the conditional correlation model, the correlations 

increased following the financial crisis except in the case of Iceland where they 

halved. Standard deviations are generally lower for the post-period, which indicates 

that the changes between the countries aren’t as big following the global financial 

crisis. Focusing on Finland, it moves the closest with Sweden as the minimum and 

maximum correlation are highest for both the pre- and post-periods. Looking at the 

dynamic correlation over time in figure 4 there doesn’t seem to be any structural 

break when the global financial crisis happened except between Finland and 

Denmark and Sweden and Denmark, but the absolute change is not huge. Overall, 

the correlation does vary over time between the series but in absolute terms the 

change is not huge. News impact surfaces reveal that the markets respond to good 
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news more similarly than they do to bad news – there are likely differences in 

mentality at play here. 

 

It can be said that the co-movement of the markets does vary in time as is clear 

from the figure 4. Focusing on the correlation between Finland and other countries 

from the conditional correlation model, the range of values for the pre-period is  

0.294, 0.685, 0.403, and 0.551, and for the post-period 0.076, 0.204, 0.174, and 

0.317, between Sweden, Norway, Denmark, and Iceland, respectively, while the 

interquartile range is 0.049, 0.091, 0.074, and 0.13 for the pre-period and 0.021, 

0.034, 0.009, and 0.057 for the post-period for the respective country pairs. There’s 

a relatively big change between minimum and maximum values when moving from 

pre-period to post-period. The change is mainly explained by few bigger events as 

is seen from the figure 4 and from the IQR. The change, however, cannot be 

explained by the global financial crisis, likely meaning that the markets reacted to it 

similarly overall.  

 

The notion that the correlation varies over time has some economic implications. 

One use case could be portfolio optimization. Under modern portfolio theory (mean-

variance optimization) standard deviations and correlations are an important 

concept in finding the efficient frontier and the minimum variance portfolio on the 

line. Since the constant correlation expectation is found to be naïve, and the 

correlation varies in time, a decision made using dynamic conditional correlation 

may prove to provide a better portfolio. Dynamic conditional correlation models also 

capture the conditional variances, which may further help in the optimization. 

Indeed, for portfolios constructed out of equity securities, it has been found portfolios 

constructed using correlations and variances gotten from a dynamic conditional 

correlation type models were more efficient than the classical sample covariance 

and correlation estimation (Evans et al. 2017; Tolgahan 2010). The same thing has 

been found also using a commodity market – thermal coal, high correlation, but not 

perfect, and varies in time (Gupta & West, 2013). However, the diversification 

benefits may not be available for all time horizons. Bacha et al. (2015) studied the 

diversification benefits between Malaysia and various other European, Asian, and 

American markets using dynamic conditional correlation models. It was found that, 
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generally, the diversification benefits were lost when the investment period 

exceeded one year, as then the correlation between the markets was too high to 

enjoy the benefits. Focusing more on the global financial crisis period, Masih & 

Yildirim (2014) analyzed diversification opportunities between Asian Islamic Market 

and other regions’ Islamic Markets. They found that for the markets studied, the 

correlation between them increased following the global financial crisis and did not 

return to the level it was before it. There were diversification benefits to be had for 

a short time horizon, but these were quickly lost when moving to medium time 

horizon. Long term time horizon, year and more, there were no diversification 

benefits between the market studied and other markets, except for USA market, 

which still offered some benefits. Looking at the correlation over time between 

Nordic countries in this thesis, without any closer inspection, it could be that the 

diversification benefits of adjusting a portfolio constructed out of Nordic indices, if 

there are any, are short lived.   
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6 SUMMARY AND CONCLUSIONS 

 

In this thesis the effects of the global financial crisis on the volatility of Nordic 

markets has been studied, as well as their co-movements during the period of the 

crisis. The global financial crisis originated from the US as financial institutes began 

giving loans, subprime loans, which they normally wouldn’t be giving, due to the 

liberalization of financial regulations and some suspect monetary policy decisions. 

The “global” aspect of the crisis became apparent as it quickly spread to other 

countries as the markets are nowadays more and more interlinked. Financial crises 

are characterized by sudden unexpected drop in asset prices. The aftermaths of the 

crises are the abovementioned drop in asset prices, reduced output in the system, 

and increased debt. As such, the crises affect the volatility greatly. 

 

There are several empirical facts about volatility. One important fact is that the price 

changes rarely are isolated cases. Instead, they tend to follow other similarly sized 

price changes of the either sign, but the same sign as the previous change. This 

stylized fact is known as volatility clustering. Another important fact is the leverage 

effect, or the asymmetric response to news. There is a bias to bad news, or shocks, 

in that the volatility tends to increase more following bad information than good 

information. Contrary to the name, the effect is not thought to be caused by the 

leverage of a firm, but instead is likely caused by human nature. Generally, as 

measured by the styled facts, the volatility increases following a financial crisis. 

However, there are differences in developing and developed economies. For 

example, following the global financial crisis, the persistence of volatility increased 

relative more for developing countries than for developed countries, for which the 

short-term volatility was higher. 

 

This thesis aims to contribute to the volatility studies from the Nordic – Finland, 

Sweden, Norway, Denmark, and Iceland – economies perspective. A period from 

early 2006 to late 2011 was analyzed in order to capture the effects of the global 

financial crisis. The period was split into two sub-periods – 2006 to 2008 and 2008 

to 2011 for pre- and post-crisis periods, respectively – and the volatility of these 

periods was modeled. EGARCH model was used to model the volatilities of the both 
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periods and the results were compared. The model was chosen because it allows 

for the asymmetric response to shocks to be captured. 

 

It was found that every market exhibits the volatility clustering behavior during the 

both examined periods. As measured by the persistence of volatility, it greatly 

increased for the period following the financial crisis for every market except for 

Iceland, for which it lessened. The increase was extremely strong for Denmark for 

which the half-life – the time it takes for the volatility to return by half to its expected 

value – of a shock increased from around 8 days to around 207 days. The leverage 

effect was found to be present in each of the countries also. After the crisis, the 

effect was found to be lessened; the positive shocks to the system were now more 

symmetric with the negative shocks. For Iceland, the parameter measuring the 

leverage effect was not statistically significant for the post-period. Hypothesis testing 

would indicate that the models were correctly specified, so it can be said with 

relatively high confidence that the Nordic countries do exhibit volatility clustering as 

well as leverage effect behavior. The persistence of volatility was significantly higher 

following the crisis, and the leverage effect, while still present, was lessened. The 

results are similar to what have been found about other developed countries. 

 

Another aspect of this thesis was to look at the co-movements of the Nordic 

countries, represented by time-varying conditional correlations. This was studied by 

fitting a multivariate GARCH model (ADCC-EGARCH), and a pairwise analysis was 

conducted. The findings confirm that the co-movements do vary in time, and in 

different ways between the country pairs. Finland and Sweden correlate the most 

similarly over time, while Finland and Iceland the least similarly. There were several 

points in time where the correlation varied to a good degree, though in the case of 

each pair it was always positive. The country pairs’ response to shocks correlated 

more highly in the case of positive news than negative news of the same magnitude. 

However, no break in the dynamic correlation can be found to have happened during 

the global financial crisis. It would seem that the countries behaved the same with 

respect to it. The results could be useful in portfolio optimization. 
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There are some limitations to this study. First, the results of this study are limited to 

the global financial crisis. The crises when they happen are the result of the climate 

at that time, so it’s possible that the results will differ. Another limitation is with 

respect to the conditional correlation model. There doesn’t exist any good statistical 

hypothesis testing methods for the model, so it’s possible that the results are not 

trustworthy.  

 

Future research could be extended to also other financial crises to form a consensus 

how the volatility of the Nordic countries behaves during a crisis. Another research 

aspect would be to study the conditional correlation more in-depth with respect to 

time, how long the possible diversification benefits are available. It was noted that 

the correlation varied over, but the changes seem to be short lived. There are 

studies which have confirmed that during the global financial crisis there were 

diversification benefits available, but these were mostly short lived. 
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APPENDICES 

 

Appendix 1. Autocorrelation and partial autocorrelation function plots 
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Appendix 2. Autocorrelation and partial autocorrelation function plots for pre-period 

 

 

Appendix 3. Pre global financial crisis period unconditional correlation 

  FI SE NO DK IS 

FI 1.000      

SE 0.854 1.000    

NO 0.742 0.726 1.000   

DK 0.697 0.636 0.656 1.000  

IS 0.433 0.397 0.419 0.362 1.000 
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Appendix 4. Autocorrelation and partial autocorrelation function plots for post-

period 

 

 

Appendix 5. Post global financial crisis period unconditional correlation 

  FI SE NO DK IS 

FI 1.000      

SE 0.863 1.000    

NO 0.763 0.708 1.000   

DK 0.791 0.778 0.729 1.000  

IS 0.239 0.236 0.228 0.254 1.000 
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Appendix 6. Pre-period logarithmic returns plotted 

 

Appendix 7. Post-period logarithmic returns plotted 
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Appendix 8. AIC and BIC of up to (2,2) models matrix 

 

  
ARMA-
AIC   

ARMA-
BIC   

GARCH-
AIC   

GARCH-
BIC   

FI-pre -5223.92 -5221.98 -5205.74 
-
5199.26 

-7.735 -7.732 -7.690 
-7.680 

  
-5221.96 -5220.27 -5199.24 

-
5193.00 

-7.731 -7.728 -7.672 -7.663 

FI-post -4929.92 -4928.01 -4911.74 
-
4905.29 -7.286 -7.273 -7.240 -7.221 

  -4928.01 -4926.13 -4905.29 
-
4898.87 -7.277 -7.274 -7.218 7.208 

SE-pre 
-5154.43 

-5152.43 
-5136.26 

-
5129.71 -7.603 -7.600 -7.558 -7.547 

  -5153.14 -5152.71 -5130.42 
-
5125.44 -7.600 -7.598 -7.542 -7.532 

SE-post -5018.46 -5016.68 -5000.28 
-
4993.96 -7.463 -7.437 -7.417 -7.3852 

  -5016.66 -5015.02 -4993.94 
-
4987.76 -7.458 -7.456 -7.399 -7.390 

NO-pre -5356.92 -5354.93 -5338.75 
-
5332.21 -7.884 -7.880 -7.838 -7.828 

  -5356.11 -5357.82 -5333.39 
-
5330.56 -7.890 -7.891 -7.831 -7.826 

NO-
post -5145.54 -5143.90 -5127.37 

-
5121.18 -7.569 -7.565 -7.523 -7.513 

  -5143.91 -5154.39 -5121.20 
-
5127.12 -7.566 -7.564 -7.508 -7.498 

DK-pre 
-4979.89 

-4978.14 -4961.72 
-
4955.42 -7.326 -7.323 -7.280 -7.271 

  -4978.24 -4978.66 -4955.52 
-
4951.40 -7.328 -7.326 -7.269 -7.260 

DK-post -4708.36 -4706.34 -4690.19 
-
4683.62 -7.050 -7.028 -7.004 -6.975 

  -4706.31 -4708.53 -4683.59 
-
4681.27 -7.038 -7.036 -6.980 -6.970 

IS-pre -5377.81 -5375.84 -5359.64 
-
5353.12 -7.937 -7.936 -7.891 -7.884 

  -5375.80 -5373.81 -5353.08 
-
5346.55 -7.938 -7.935 -7.879 -7.870 

IS-post -5578.52 -5577.85 -5560.35 
-
5555.13 -8.109 -8.107 -8.064 -8.055 

  -5577.87 -5575.85 -5555.15 
-
5548.59 -8.107 -8.114 -8.048 -8.049 
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Appendix 9. Pre-period SE, NO, DK and IS news impact curves 
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Appendix 10. Post-period SE, NO, DK and IS news impact curves 

 

Appendix 11. Dynamic time varying correlation – Sweden 
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Appendix 12. Dynamic time varying correlation – Norway 

 

 

Appendix 13. Dynamic time varying correlation – Denmark 
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Appendix 14. Dynamic time varying correlation – Iceland 

 

 

Appendix 15. News impact surface – Sweden 
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Appendix 16. News impact surface – Norway 

 

 

Appendix 17. News impact surface – Denmark 
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Appendix 18. News impact surface – Iceland 

 


