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Abstract 

This study analyzes the connectedness of returns between five Nordic stock markets, 

Germany, the United Kingdom, and the United States. The key focus of this study is how 

Iceland’s financial liberalization and subsequent frontier market classification affected 

Iceland’s connectedness to the other examined markets. The whole sample, ranging from 

March 2012 to July 2022, is split into three subperiods, reflecting Iceland’s capital 

controls (March 2012 to June 2015), their lifting (June 2015 to September 2019), and 

Iceland’s frontier classification (September 2019 to July 2022). The static and dynamic 

measures used in the analysis were estimated with an approach based on time-varying 

parameter vector autoregressions (TVP-VAR). The analysis of the static measures shows 

that Iceland’s return variations are largely explained endogenously during the capital 

controls and after they were lifted. However, after the frontier classification, Iceland 

became highly interconnected and received similar levels of spillovers as Denmark and 

the United States. The dynamic measures reveal a gradual increase in Iceland’s 

connectedness following Iceland’s financial liberalization. In addition, after COVID-19, 

the interconnectedness of the examined markets increases considerably. The total 

directional measures reveal that the connectedness of the examined markets has, for the 

most part, gone to pre-pandemic levels. However, Iceland has remained highly connected. 

Furthermore, Iceland is primarily a net recipient of spillovers, mainly from Finland, 

Sweden, and Germany after the pandemic. The frontier classification has shifted Iceland 

from the independence of shocks towards interdependence, but how much of this change 

is attributable to COVID-19, or the frontier classification, remains unclear. 
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1 Introduction 

Stock markets have become increasingly linked and connected due to market integration 

(Pukthuanthong & Roll, 2009) and financial liberalization (Awokuse et al., 2009; He et 

al., 2014). The stock markets of the United States and Europe have become more linked 

than other markets (Morana & Beltratti, 2008), and some of Europe’s most interdependent 

financial markets are within the Euro area. The increasing international economic and 

financial exposures, especially after the 1990s, have led to interdependence in Europe 

which has increased more than in any other part of the world (Forbes, 2012). Furthermore, 

the introduction of the Euro in 1999 significantly increased the interdependence within 

Europe’s financial markets (Baele, 2005). The substantial increase in economic and 

financial integration in this area has resulted in decreasing opportunities for investors who 

seek diversification benefits within the region (Fratzscher, 2002) and internationally 

(Brière et al., 2012). 

The Nordic stock markets share a similar trading platform and have shown 

increasing interdependence (Booth et al., 1997; Dengjun, 2015). The Nordic countries 

also share similar cultures and backgrounds and have historically experienced crises 

together (Honkapohja, 2012). In addition, the Nordic countries have high levels of export 

openness. In 2010, the highest bilateral exports were from Norway to the United Kingdom 

(28%), Denmark to Germany (19%), Finland to Sweden (13%), and Sweden to Germany 

(12%) (Vitek, 2013). These open, closely linked economies can be susceptible to global 

financial shocks, which may, in turn, be propagated between them regionally due to their 

close financial and economic ties (International Monetary Fund et al., 2013). 

Understanding how such shocks can transmit, or spill over, regionally and to other 

markets is of the utmost importance for participants in financial markets (Mensi et al., 

2016). 

The literature on spillover effects in the Nordic region is scarce, and studies 

overlook the Icelandic stock market as part of the Nordic group. This study attempts to 

fill this gap by analyzing the connectedness of Iceland’s stock market. In the last 10 years, 

Iceland has gone through a period of isolation with restricted capital flow towards 

financial liberalization and frontier classification. This study focuses on how these events 

affected Iceland’s stock market connectedness to other equity markets. Other stock 

markets in the analysis are the Nordic region, Denmark, Finland, Norway, and Sweden. 

In addition, Germany, the United Kingdom, and the United States are included to 
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understand better how Iceland is connected to some of the leading European and global 

stock markets. 

Two research questions are proposed for this study. The first question addresses 

the financial liberalization of Iceland and follows:  

Question 1: How did lifting Iceland‘s capital controls affect the connectedness of 

Iceland‘s stock market to Nordic and other stock markets? 

The second research question concerns the classification of Iceland as a frontier 

market and follows: 

Question 2: How did the classification of Iceland as a frontier market in 

September 2019 affect the connectedness of Iceland‘s stock market to Nordic and other 

stock markets? 

To analyze these events and answer the research questions, the TVP-VAR 

methodology of Antonakakis and Gabauer (2017) was utilized. This method builds on the 

widely recognized spillover methodology of Diebold and Yilmaz (2009, 2012, 2014). The 

empirical results show that Iceland‘s connectedness improved gradually with Iceland‘s 

financial liberalization. Most of Iceland‘s return variations are explained endogenously 

during the capital controls and for the period when they were lifted. After that, Iceland 

becomes substantially connected to all other examined markets following COVID-19. In 

contrast, other examined markets show similar levels of connectedness as before the 

pandemic, but Iceland remains highly connected. Taken together, this suggests that 

Iceland‘s frontier classification, which occurred a few months before the pandemic, 

considerably improved Iceland‘s connectedness to other examined stock markets. 

Nevertheless, a question remains on how much these events contributed to the increase 

in Iceland‘s connectedness. 

 The study is structured as follows: chapter 2 covers the relevant literature on 

methodologies and findings on spillovers and interdependence in equity markets. Chapter 

3 describes the Nordic stock markets, followed by discussions on the chosen sample 

periods and a preliminary analysis of the descriptive statistics and correlation coefficients. 

Chapter 4 describes the methodology used to analyze the examined market‘s return 

connectedness. The estimated static and dynamic measures are then analyzed in chapter 

5. The empirical results are discussed in chapter 6, followed by a conclusion in chapter 7. 
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2 Literature Review 

This chapter starts with a discussion on the relevant methodology used in the literature to 

measure and analyze spillover effects and connectedness between financial assets and 

markets. Then, subchapter 2.2 is dedicated to the phenomenon of interdependence and 

spillover effects between financial markets. Subchapter 2.3 covers the literature on the 

interdependence and spillover effects for the Nordic stock markets. 

2.1 Methodology of Spillovers and Connectedness 

The analysis of time series data was pioneered by Engle (1982) with his introduction of 

the Autoregressive Conditional Heteroskedasticity (ARCH) model. A few years later, 

Bollerslev (1986) introduced an extension called the Generalized ARCH (GARCH) 

model. The ARCH and GARCH models are common approaches to model financial data 

and deal with the frequent problem of heteroskedasticity (Rigobón, 2019). GARCH-type 

models, such as the VAR-GARCH (Ling & McAleer, 2003), BEKK-GARCH (R. F. 

Engle & Kroner, 1995), and DCC-GARCH (R. Engle, 2002), have received considerable 

attention in the literature and are extensively used to measure spillovers between financial 

markets (El Hedi Arouri et al., 2011; Mensi et al., 2013). Other notable methods have 

been, for example, Granger-causality (Billio et al., 2012) and conditional value-at-risk 

(CoVaR) (Shahzad et al., 2018). However, the popular GARCH-type models can-not 

quantify spillovers in-depth (Baruník et al., 2015). Thus, an intuitive method used to 

measure both return and volatility spillovers, called the spillover index, was introduced 

by Diebold and Yilmaz (2009). 

 The spillover index has gained considerable attention in the literature since its 

introduction. The method is based on a forecast error variance decomposition (FEVD) 

and builds on vector autoregressions (VARs) in the spirit of Sims (1980). Diebold and 

Yilmaz (2009) highlight in their paper that returns and volatility spillovers differ 

considerably. Returns display trends and can show clear evidence of growing integration 

between financial markets. In contrast, volatility spillovers show more sudden bursts, 

such as during crises, but display no trends. 

The original framework of the spillover index can be considered a prominent 

approach to measuring spillovers, but the methodology of Diebold and Yilmaz (2009) 

suffers from two main limitations. First, it relies on a Cholesky-type factorization, where 

ordering variables in the VAR model will affect the variance decompositions. Therefore, 

the results may be biased towards the ordering of the variables. In addition, it can only 
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measure the total spillovers between the variables, not the direction of spillovers 

emanating from or to a specific variable (Diebold & Yilmaz, 2012). These limitations are 

solved in a refined spillover index methodology (Diebold & Yilmaz, 2009, 2012). This 

approach uses a generalized VAR framework based on the works of Koop et al. (1996) 

and Pesaran and Shin (1998). In this refined methodology, the variance decompositions 

do not rely on variable ordering, and the direction of spillovers can also be measured 

(Diebold & Yilmaz, 2009, 2012).  

Combining network topology theory with their previous works, Diebold and 

Yilmaz (2014) highlight the concept of connectedness and provide a framework to 

measure the connectedness of variables in a network. They note how variance 

decompositions can be characterized as networks and provide measures for directional, 

total, and net connectedness amongst the variables under study. 

The methodology of Diebold and Yilmaz (2009, 2012, 2014) accounts for time-

varying connectedness by utilizing a popular rolling window approach. However, the 

chosen length of the window leads to loss of observations and is sensitive to outliers. To 

solve this, (Antonakakis & Gabauer, 2017) extend the connectedness measures of 

Diebold and Yilmaz (2014) with a time-varying parameter vector autoregressive model 

(TVP-VAR). The TVP-VAR method improves the measures of dynamic connectedness 

by allowing the variance-covariance matrix to vary by utilizing a Kalman filter estimation 

with forgetting factors, based on Koop and Korobilis (2014). The main benefit of the 

TVP-VAR model is that it overcomes the need for a rolling window analysis; hence no 

observations are lost, and it is not as outlier sensitive (Antonakakis & Gabauer, 2017). 

The TVP-VAR method has been used to examine the dynamic connectedness between 

numerous combinations of traditional (Antonakakis & Gabauer, 2017; Bouri et al., 2021; 

Korobilis & Yilmaz, 2018; Youssef et al., 2021) and newer financial assets (Adekoya & 

Oliyide, 2021; Aharon & Demir, 2022; Corbet et al., 2021), as well as uncertainty indices 

(Antonakakis et al., 2018; Gabauer & Gupta, 2018). Other notable methods of 

connectedness measures, which also build on the connectedness framework of Diebold 

and Yilmaz (2014), have been the Quantile-VAR (Ando et al., 2018) and time-frequency 

approaches (Baruník & Křehlík, 2018). 

2.2 Contagion, Interdependence, and Spillover Effects 

The financial crises over the last few decades have sparked many studies on the 

interdependence and transmission of shocks between global stock markets. Crises can 

provide the perfect event to study these two phenomenona (Mensi et al., 2016). In 
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particular, the literature on how stock markets are connected during times of turmoil 

grows rapidly following financial crises (Forbes & Rigobón, 2002). 

 King and Wadhwani (1990) study the correlation between the stock markets of 

the United Kingdom, the United States, and Japan during the stock market crash in 1987, 

also known as Black Monday. Their influential study reveals that a sharp increase in the 

correlation of asset returns between these markets right after the crash was evidence of 

contagion effects. In addition, they note that higher volatility exacerbated the contagion. 

Forbes and Rigobon (2002) show that the increased volatility during the crash in 1987 

resulted in correlation coefficients that are biased upward due to heteroskedasticity in the 

returns. They argue that there was no evidence for contagion effects because the markets 

showed high co-movements during both tranquil and turbulent periods, and they define 

this phenomenon as interdependence. Still, the literature does not always agree on what 

constitutes evidence of either contagion effects or interdependence, and both cases may 

be model dependent. Nevertheless, spillovers, or shock transmissions, can be found 

during all periods, and both have been significantly studied in the literature (Rigobón, 

2019). 

 The global financial crisis of 2008 sparked numerous studies as well. However, 

considerable attention has been paid to how connected emerging stock markets, such as 

the BRICS (Brazil, Russia, India, China, South Africa), are to other developed stock 

markets. The impact of the United States is commonly examined since it is the most 

influential market and played a large part in transmitting spillovers to other markets 

following the fall of Lehman Brothers (Mensi et al., 2016). Berger et al. (2011) argue that 

the literature largely overlooks frontier markets. They find evidence that frontier markets 

have low integration with other global stock markets, suggesting that international 

investors may benefit from diversifying to frontier markets. Kiviaho et al. (2014) study 

the co-movements of stock market returns between major developed markets (United 

States, United Kingdom, Germany, France) and eight European frontier markets (Baltic 

markets, Bulgaria, Romania, Slovakia, Croatia, and Slovenia). They find that the latter 

markets have the strongest co-movement with the United States. 

On a global scale, some of the smallest stock markets are frontier markets within 

Africa. Sugimoto et al. (2014) study return spillovers from 2004 to 2013 between seven 

of the largest African stock markets. In addition, three European markets, the United 

Kingdom, France, and Germany, and three of the largest global stock markets, the United 

States, China, and Japan, were examined. They find evidence that return spillovers within 
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the African region are much smaller than those from developed countries. They note that 

this is in contrast to the findings of Zhou et al. (2012), who find more interregional 

spillover effects between Hong Kong, China, and Taiwan than the transmission these 

markets receive from stock markets outside Asia, particularly in the Western region. 

As the recent COVID-19 crisis greatly affected financial markets around the world 

(Zhang et al., 2020), numerous studies have emerged on how connected financial markets 

were during the pandemic (Adekoya & Oliyide, 2021; Aharon & Demir, 2022; Bouri et 

al., 2021; Corbet et al., 2021; Umar et al., 2021; Wang et al., 2022; Youssef et al., 2021). 

The dynamic connectedness between stock market returns during COVID-19 is examined 

by Youssef et al. (2021). They use daily data, ranging from the 1st of January 2015 to the 

18th of May 2020, from the stock indices of China, France, Germany, Italy, Russia, Spain, 

the United Kingdom, and the United States. Using the TVP-VAR method of Antonakakis 

and Gabauer (2017), they find evidence that these stock markets were highly connected 

during the first months of 2020. Furthermore, European markets transmitted more shocks 

to the other markets, primarily France and Germany. Similarly, Aslam et al. (2021) use 

the spillover methodology of Diebold and Yilmaz (2012) and examine intraday volatility 

spillovers during COVID-19 between 12 European stock markets, which include Finland, 

Germany, and Sweden. They show that between December 2019 and May 2020, 

Germany and the Netherlands were the main contributors and receivers of spillovers and 

were, in addition, net transmitters to other examined markets. 

The interactions and interdependence between stock markets has evolved 

dramatically since the seminal study of King and Wadhwani (1990). Stock markets that 

are less developed can be more affected by spillovers from global, developed markets 

such as the United States (Mensi et al., 2016). In addition, during financial turmoil, 

participants in financial markets may turn to less integrated markets or assets for safe 

haven properties (Baur & Lucey, 2010; Bouri et al., 2021). Therefore, with the rising 

globalization and market integration, more attention has been paid to less integrated 

financial markets and assets for their different roles and diversification properties, acting 

as either net transmitters or receivers of spillovers during financial turmoil. 

2.3 Interdependence and Spillovers Between Nordic Stock Markets 

Mathur and Subrahmanyam (1990) study Nordic stock markets, that is, Denmark, 

Finland, Norway, and Sweden, and their relationship to the U.S stock market. With a 

method of Granger causality, and the sampled indices ranging from 1974 to 1985, the 

results indicate that the U.S market affected only the Danish stock market and not the 
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others. Furthermore, Sweden was the only market that influenced the other Nordic 

markets among the sampled Nordic countries. Similarly, Malkamäki et al. (1993) use 

daily data from 1988 to 1990, and their findings suggest that Sweden, the leading 

Scandinavian stock market, Granger-caused the other Scandinavian stock markets during 

this period. These were early studies on Scandinavian stock markets, but Booth et al. 

(1997) are arguably the first to study spillovers among the Nordic stock markets. Using a 

multivariate EGARCH model, and with the sample ranging from 1988 to 1994, they 

found weak evidence of spillover effects, albeit some between Sweden and Finland. The 

authors note that this might be reflected in the historical ties of these two countries, 

economically and culturally. Dengjun (2015) conduct a comparative study with Booth et 

al. (1997) on the interdependence between the same stock markets from 2001 to 2011. 

The results show that the long-run interdependence has been increasing since these two 

studies were conducted, which is arguably in line with the increasing integration within 

Europe in recent years. 

 Nielsson (2007) study the interdependence of Nordic stock markets, including 

Iceland, and Baltic stock markets, with the sample ranging from 1996 to 2006, when there 

were significant merger activities between these stock markets. Nielsson applied the 

analysis of generalized impulse response functions (GIRF) in the spirit of Koop et al. 

(1996) and Pesaran and Shin (1998). Weak evidence of interdependence is found between 

the markets. However, the author notes that this could be due to lack of stock exchange 

cooperation. In contrast, Hellström et al. (2013) study Nordic stock market returns 

between 1998 to 2010 and found increasing interdependence attributable to their common 

trading platform. 

 Overall, the literature on spillover effects and connectedness between Nordic 

stock markets is rarther sparse. In addition, most studies overlook the Icelandic stock 

market as part of the Nordic group, perhaps owing to its smaller size and illiquid market. 

However, Iceland may provide an interesting case, since after the global financial crisis 

of 2008, Iceland was effectively isolated for several years due to its capital controls. In 

addition, Iceland is the only developed country among the Nordic markets that is not 

classified as a developed stock market. Both factors suggest the conjecture that Iceland 

has been relatively unconnected to the other stock markets. The literature shows growing 

interdependence between Scandinavian stock markets, and within Europe. To the author’s 

best knowledge, the connectedness of Iceland has not been measured and analyzed in-

depth. 
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3 Data 

This chapter starts with a brief overview of the Nordic stock markets, see subchapter 3.1. 

Arguments for the chosen sample periods are discussed in subchapter 3.2, followed by 

data construction in subchapter 3.3. A preliminary analysis consisting of descriptive 

statistics and a correlation analysis is presented in subchapter 3.4. 

To summarize this chapter, the data spans over a 10-year range, from the 13th of 

March 2012 to the 1st of July 2022. The data is split into three periods, see subchapter 

3.2, to reflect Iceland’s capital controls (March 2012 – June 2015), financial liberalization 

(June 2015 – September 2019), and frontier classification (September 2019 – July 2022). 

Five Nordic indices, OMXC30, OMXH25, OMXI10, OMXO20, and OMXS30, represent 

the Nordic markets of Denmark, Finland, Iceland, Norway, and Sweden, respectively. 

DAX is included as a proxy for the European market. In addition, FTSE100 and the 

S&P500 are included. The daily closing values of each index are denominated in their 

respective local currency. All data is extracted from Datastream (Refinitiv, n.d.), and days 

for when any market is closed are excluded, yielding 2,392 observations for each index, 

or 19,136 observations in total for the eight examined markets. Returns are then calculated 

with log differences and a two-day moving average is then applied to all log differences, 

eliminating any non-synchronous effects from the respective markets due to differences 

in time zones (Forbes & Rigobón, 2002). 

3.1 Brief Overview of the Nordic Stock Markets 

Some of the oldest exchanges in the Nordic markets were established early in the 19th 

century, while Icelandic equities started trading much later or in 1990 (Nasdaq, n.d.-a). 

Since then, the exchanges have undergone significant changes considering merger 

activity (Nielsson, 2007). The Danish and Swedish stock exchanges merged in 1998 with 

the NOREX Alliance. Iceland became a partner of this platform in 2000, and several years 

later, these markets were merged under OMX. In late 2007, Nasdaq, headquartered in 

New York, acquired the OMX, forming the Nasdaq OMX Group, or Nasdaq Nordic. 

Ownership of the Oslo Stock Exchange, or Oslo Børs, had been divided, with Nasdaq 

acquiring a 10% stake in 2007. However, in 2019 Oslo Børs was acquired by Euronext. 

Although most Nordic stock markets cooperate on the same platform, they differ 

considerably. Iceland is the smallest market in terms of market capitalization and is 

therefore often excluded from studies (Grobys & Huhta-Halkola, 2019). Of the total 
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market capitalization of the Nordic countries in 2022, Iceland’s share was just under one 

percent, while Sweden, the largest, was near 40% (CEIC, n.d.). 

3.2 Sample Periods 

3.2.1 The Capital Controls 

The banking system in Iceland was about to crash in October 2008. The country’s 

exchange rate had dropped 25% one week before the three largest Icelandic banks, 

Kaupthing, Glitnir, and Landsbanki Íslands, collapsed entirely. To prevent substantial 

capital flight and further collapse of the exchange rate, the Central Bank of Iceland (CBI) 

implemented capital controls in November 2008. Until March 2012, the controls had been 

refined a few times, mainly to strengthen them, and the estates of the three Icelandic banks 

became significant barriers to the government’s plans to lift the capital controls. Further 

measures to strengthen the controls were implemented on the 13th of March 2012, 

restricting the estates‘ cross-border transactions (Baldursson et al., 2017).  

The first sample period in the study, Iceland’s capital controls, starts when the 

controls were further tightened on the 13th of March 2012. Then, to compare this sample 

to when Iceland went through a period of financial liberalization, a cutoff date is set on 

the 7th of June 2015, the day before Iceland‘s Ministry of Finance announced a strategy 

toward capital account liberalization (Ministry of Finance and Economic Affairs, 2015). 

3.2.2 Lifting of Iceland’s Capital Controls 

The capital controls were lifted gradually, with substantial changes in late 2016 

(Baldursson et al., 2017). However, a significant change regarding Icelandic equities 

occurred on the 14th of March, 2017, when the CBI enacted new rules on foreign 

exchange (Central Bank of Iceland, 2017). This change marked a point when the capital 

controls had been significantly removed (Baldursson et al., 2017). Since this study 

examines Iceland’s financial liberalization, it is appropriate to introduce a second sample 

for the lifting of Iceland’s capital controls. This sample continues from the previous 

sample, starting on the 8th of June 2015. Although the controls were entirely lifted in 

June 2021 (Central Bank of Iceland, 2021a), a cutoff date for this sample is set on the 

25th of September 2019, the day before FTSE Russell classified Iceland as a frontier 

market (FTSE Russell, 2019). This may adequately capture the gradual removal of 

Iceland’s capital controls which span over several years, mainly after 2015 (Baldursson, 

2019). 
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3.2.3 Iceland’s frontier classification 

On the 5th of March, 2019, another act towards removing Iceland’s capital controls was 

enforced (Central Bank of Iceland, 2019). The following year, Morgan Stanley Capital 

International (MSCI) announced on the 23rd of June 2020 that Iceland would be 

reclassified from a standalone market to a frontier market (MSCI, 2021). The change 

occurred after markets opened on the 28th of May 2021, three days after the Icelandic 

government passed legislation that lifted the last restrictions, which formally marked the 

end of Iceland’s capital controls (Central Bank of Iceland, 2021b). 

MSCI stated that, with the act from March 2019, international investors’ access to 

Icelandic equities would no longer be impaired, thus prompting a reclassification to 

frontier status. However, as previously noted, significant changes towards granting 

international investors’ access to Icelandic equities already occurred in March 2017, when 

the CBI published new rules on foreign exchange (Central Bank of Iceland, 2017). In fact, 

following this change, FTSE Russell effectively classified Iceland as a frontier market in 

their annual review on the 26th of September 2019 (FTSE Russell, 2019). 

 The classification of Iceland as a frontier market directly results from the removal 

of the capital controls in March 2019. Therefore, a third sample is included for Iceland’s 

frontier classification. This sample starts on the 26th of September 2019, following FTSE 

Russell‘s classification of Iceland as a frontier market, and ends on the 1st of July 2022. 

The cutoff date for this third sample is the 1st of July 2022, dictated by the data 

availability of this study. 

3.3 Data Construction 

The data is constructed similarly to the works of Booth et al. (1997) and Mensi et al. 

(2018), where stock market indices are used to represent each country‘s equity market. 

Representing the Nordic stock markets are OMXC20 (Denmark), OMXH25 (Finland), 

OMXI10 (Iceland), OMXO20PI (Norway), and OMXS30 (Sweden). These indices are 

the leading indicators for the Nordic stock markets, have a fixed number of constituents 

and include the most frequently traded equities (Nasdaq, n.d.-b). To reduce cross-listed 

equities between any index, all-share indices are avoided. For example, the Icelandic 

company Össur hf. is listed on both the Icelandic and Danish stock exchanges under 

OMXIPI and OMXCPI. However, the company is not a constituent of the OMXC20 

(Refinitiv, n.d.). Although the Icelandic index, OMXI10, has relatively few constituents, 

none are included in other examined indices. 
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In addition to the Nordic markets as the examined indices, DAX (Germany) is 

included as it can be considered a proxy for the European market (Syriopoulos, 2007). 

The DAX index comprises the 40 largest equities listed on the Frankfurt Stock Exchange 

(Qontigo, n.d.). Also, FTSE100 (United Kingdom) is included in the analysis as the 

London Stock Exchange is one of the leading financial centers in the world (Zhou et al., 

2012). Representing the North American market is the S&P500 (United States). The 

S&P500 is included since it is the largest index in the world by market capitalization and 

has a profound influence on other markets (Mensi et al., 2016; Tsai, 2014). Following 

Diebold and Yilmaz (2009), all indices are denominated in their local currency. 

All data are extracted from Datastream (Refinitiv, n.d.), with the whole period 

ranging from the 12th of March 2012 to the 1st of July 2022. Due to differences in 

national holidays, all days for when any market is closed are excluded, yielding 2,392 

observations for each index in total. The data is split down into three sample periods. As 

discussed in the previous subchapter, the first sample, capital controls, ranges from the 

12th of March 2012 to the 7th of June 2015. The second, lifting of Iceland’s capital 

controls, from the 8th of June 2015 to the 25th of September 2019. The third, Iceland’s 

frontier classification, from the 26th of September 2019 to the 1st of July 2022. 

3.4 Preliminary Analysis 

The raw data for each market, or the daily closing values of the examined indices, are 

presented in figure A1, see Appendix A. The markets follow similar trends, with Finland 

and Sweden displaying the most similarities. The co-movements during COVID-19 are 

notable when all markets dropped significantly. Thereafter, a downwards trend is 

observed for all markets in early 2022, except for Norway. This is attributable to rising 

global interest rates, inflation, and reduced economic growth in Europe and is further 

exacerbated by the Russian invasion of Ukraine (World Bank, 2022) which has 

significantly affected global stock markets (Boungou & Yatié, 2022). 

Figure A1 strongly indicates that all series are non-stationary. To confirm this, 

three well-known unit root tests are utilized, the Augmented Dickey-Fuller (Said & 

Dickey, 1984) (ADF), Phillips-Perron (Phillips & Perron, 1988) (PP), and DF-GLS 

(Elliott et al., 1996) (ERS). The results, provided in Table A1, see Appendix A, show that 

all series, except the United Kingdom for the ADF and PP tests, are non-stationary. Data 

for the United Kingdom appears to be non-stationary according to the ERS test. 

As the data is non-stationary, a widely recognized method in the literature is 

followed by converting the indices to the log differences of two consecutive days which 
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are then interpreted as the returns for each series or stock market. The indices are non-

synchronous due to time zone differences, such as between the United States and the other 

markets. To eliminate this time zone difference, the method of Forbes and Rigobón (2002) 

is followed by converting the returns to two-day moving averages. The log differences, 

converted to two-day moving averages, are presented in Figure A2, see Appendix A, and 

multiplied by 100. The figure indicates that the returns tend to converge around the mean. 

One can notice events which increased the volatility of the examined markets, for 

example, in 2016 following the decision by the United Kingdom to leave the European 

Union. The impact of the COVID-19 pandemic on global financial markets (Zhang et al., 

2020) is clear: all of the markets exhibited significant volatility in March 2020, when 

major stock markets exhibited strong co-movement (Youssef et al., 2021). 

3.4.1 Descriptive Statistics 

For the three subperiods, descriptive statistics of the returns are provided in Appendix B, 

see Panels A, B, and C, in Table B1. Descriptive statistics for the whole period are 

provided in Table 1, see page 20. For the whole period, the lowest returns on average are 

observed for the United Kingdom (0.0080). Conversely, Denmark displayed, on average, 

the highest returns (0.0535). For the three sample periods, see Table B1, Appendix B, 

Sweden showed negative returns (-0.0004) during the second sample, Panel B, and the 

United Kingdom (-0.0026) displayed negative returns during the third sample, Panel C. 

Except for Denmark, all highest and lowest returns occur in this period, notably due to 

COVID-19. Regarding standard deviations, the United States was the least volatile 

market during the whole period (0.7237). 

The negative skewness indicates that the distributions of all series are skewed to 

the left. This suggests that the markets experienced frequent small returns and a few large 

losses. Negative skewness is observed for all three samples, except for Iceland during the 

first sample (0.3054), see Panel A, Appendix B. All series have a positive excess kurtosis, 

indicating a leptokurtic distribution with a “fat” tail. 

Since the series appear to have an asymmetrical distribution, tests for normality 

are utilized with the Jarque-Bera (J.B.) (Jarque & Bera, 1980), Anscombe-Glynn 

(Anscombe & Glynn, 1983), and D’Agostino K-squared (D’Agostino, 1970) tests. For all 

series, during the whole period and for the three sample periods, the null hypothesis that 

the data is normally distributed is rejected at a significance level of 1%, see Table 1, on 

page 20, and Table B1, Appendix B. 
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The methodology which will be used to estimate the return connectedness 

between the examined markets, which is covered in chapter 4, requires stationary data. 

As the series are transformed to log differences, tests for a unit root is utilized again with 

the following unit root tests: Augmented Dickey-Fuller (Said & Dickey, 1984) (ADF), 

Phillips-Perron (Phillips & Perron, 1988) (PP), and DF-GLS (Elliott et al., 1996) (ERS). 

For the ADF and ERS tests, lag lengths are set by the modified Akaike criterion (MAIC), 

as suggested by Ng and Perron (2001), with 10 as the maximum amount of lags. Bartlett 

kernel is the utilized method in the Phillips-Perron test, and the selected bandwidth is 

found with the Newey-West (Newey & West, 1994) method. All series are stationary at 

either 1% or 5% significance levels, except for Germany (0.0551) and the United States 

(0.0534) from the ERS test in the first sample period, see Table B1, Panel A, Appendix 

B. Therefore, a KPSS (Kwiatkowski et al., 1992) test is utilized for Germany and the 

United States for the first sample period. LM-Stat for Germany and the United States are 

0.0493 and 0.0423, respectively, and the p values are 0.0227 and 0.0049, respectively. 

With a 1% level of significance, and an asymptotic critical value of 0.7390, the null 

hypothesis of stationary data can not be rejected for both Germany and the United States. 

After confirming that all data are stationary, a test for autocorrelation is utilized 

with a weighted portmanteau test, indicated by the weighted Ljung-Box statistics of Q(20) 

and Q2(20), where the returns are squared (Fisher & Gallagher, 2012). The lag size is set 

to 20, and all resulting Q-statistics are significant at a 1% level. The results suggest an 

ARCH error with significant autocorrelations for the series in all samples. This can be 

accounted for with the TVP-VAR method, see chapter 4, which uses a time-varying 

covariance structure to capture time-varying means and variances (Antonakakis et al., 

2020). 
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Table 1 

Descriptive Statistics of the Whole Period 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 

Mean 0.0535 0.0293 0.0416 0.0263 0.0223 0.0256 0.0080 0.0423 

Max 3.3298 5.5345 4.0180 3.5978 5.6394 6.0945 6.5089 5.0576 

Min -4.8164 -6.2017 -4.0654 -6.9809 -6.3029 -6.7034 -6.4634 -7.5024 

Std 

dev. 
0.8289 0.8924 0.7534 0.8141 0.8096 0.9108 0.7317 0.7237 

Skew. -0.5087*** -0.5511*** -0.1321*** -0.6411*** -0.6040*** -0.6246*** -0.5309*** -1.0064*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Ex. 

kurt. 
2.5919*** 4.3432*** 2.8957*** 5.4014*** 4.8928*** 5.3712*** 9.3275*** 9.6798*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

J.B. 772*** 1,999*** 842*** 3,069*** 2,529*** 3,028*** 8,776*** 9,734*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ADF -28.1654*** -16.1698*** -16.1336*** -15.8771*** -15.8150*** -16.0240*** -15.9911*** -13.0426*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

PP -25.1980*** -25.5094*** -25.3061*** -28.2736*** -28.2514*** -26.3207*** -27.3388*** -27.5730*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ERS -12.6486*** -5.4093*** -5.7859*** -3.8878*** -4.3072*** -4.0514*** -8.0251*** -4.3512*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Q(20) 615.2487*** 638.3583*** 650.3713*** 512.6934*** 525.9081*** 604.6674*** 549.4355*** 538.0131*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Q2(20) 882*** 1,507*** 953.3071*** 1233.9550*** 1139.8607*** 1,568*** 1,324*** 1430.8009*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

 

Note. This table consists of descriptive statistics of the examined stock markets. Returns 

are calculated with log differences, multiplied by 100, and then converted to two-day 

moving averages. The data represents the whole period, ranging from the 13th of March 

2012 to the 1st of July 2022. Mean represents the average values of the returns. Max and 

Min are the maximum and minimum values, respectively. Std. dev. are the standard 

deviations. Skew. represents skewness (D’Agostino, 1970). Ex. kurt. is the excess kurtosis 

(Anscombe & Glynn, 1983). J.B. is the Jarque-Bera statistic (Jarque & Bera, 1980). ERS 

is the DL-GFS (Elliott et al., 1996) test statistic with four lags. Q(20) and Q2(20) are 

weighted Ljung-Box statistics (Fisher & Gallagher, 2012) with 20 lags. 

*p < 0.1. **p < 0.05. ***p < 0.001 
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3.4.2 Correlation Analysis 

This chapter concludes with a brief correlation analysis of the relationship between the 

stock markets. As the data is non-normally distributed, Kendall’s rank correlation 

coefficient, or τ (Kendall, 1938) is used. Table 2 below shows the correlation coefficients 

for the whole period, from the 13th of March to the 1st of July 2022. Except for Iceland, 

all markets show strong relationships, the highest between Finland and Sweden (0.6374) 

and the lowest between Iceland and Norway (0.0790). 

Table 2 

Kendall’s Rank Correlation Coefficients for the Whole Period 

 Denmark Finland Iceland Norway Sweden Germany 
United 

Kingdom 

United 

States 

Denmark 1.0000 0.4102 0.0895 0.3355 0.4366 0.4350 0.3842 0.3267 

Finland  1.0000 0.1104 0.4965 0.6374 0.6164 0.5447 0.4385 

Iceland   1.0000 0.0790 0.1154 0.1104 0.1034 0.0839 

Norway    1.0000 0.4958 0.4752 0.5191 0.3705 

Sweden     1.0000 0.6348 0.5714 0.4455 

Germany      1.0000 0.5729 0.4633 

United 

Kingdom 
      1.0000 0.4279 

United 

States 
       1.0000 

 

The correlation coefficients for the three sample periods are provided in Table C1, see 

Appendix C. During Iceland’s capital control period, see Panel A, all stock markets, 

except Iceland, show strong positive relationships, the most between Finland and Sweden 

(0.6126). For all of Iceland’s correlation coefficients, the null hypothesis that τ is zero 

can not be rejected at a significance level of 1%. Therefore, there is no statistically 

significant relationship between Iceland’s stock market and all other stock markets during 

Iceland’s capital control period. 

For the second period, lifting of Iceland’s capital controls, see Panel B in Table 

C1, the correlation coefficients for the variables have decreased somewhat overall, mainly 

for the United Kingdom, the United States, and Denmark. The largest change is observed 

between the United Kingdom and the United States, from a correlation coefficient of 

0.4999 to 0.4218. Iceland’s correlation coefficients have increased slightly, at most with 

Germany, followed by Finland, Sweden, and Norway. However, for this sample, the null 
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hypothesis that τ is zero for Iceland’s correlation coefficients with Finland (0.0455), 

Germany (0.0477), and Sweden (0.0479), can be rejected at a significance level of 1%. 

For Iceland’s frontier classification period, all of Iceland’s corrrelation 

coefficients have increased considerably, at most with Finland, from 0.0455 to 0.2977, 

and the least with Denmark, from 0.0372 to 0.2115. The null hypothesis that τ is zero for 

all of Iceland’s correlation coefficients is rejected at a significance level of 1%. Iceland 

now displays a moderate relationship with other markets and shows a stronger 

relationship with Germany (0.2989) than the observed relationship between Norway and 

Denmark (0.2747). For other markets, most correlation coefficients are roughly similar, 

with the largest increase between Finland and Sweden, from 0.6217 to 0.6952. 

This brief analysis shows that there has been a significant increase in Iceland’s 

relationship to other markets between the sample periods, the largest increase occurring 

between the last two samples. This increase for Iceland is much higher than for other 

markets. All other markets continue to show similar, strong relationships between the 

samples. This might suggest that Iceland has become far more interdependent with other 

examined markets, particularly Germany, which is a proxy for Europe, after Iceland lifted 

its capital controls and after Iceland’s frontier classification. 

 

  



23 

 

4 Methodology 

The utilized methodology is built on the works of Diebold and Yilmaz (2009, 2012, 2014) 

(DY), who introduced a widely used framework that can measure and conceptualize 

spillover effects in a prearranged network of variables. The method of DY uses a standard 

vector autoregressive model (VAR) to estimate variance decompositions with a rolling-

window VAR approach. The connectedness measures depend on the chosen size of the 

estimation window, potentially resulting in the loss of valuable observations. To solve 

this, Antonakakis and Gabauer (2017) proposed a time-varying parameter vector 

autoregressive model (TVP-VAR). The TVP-VAR method uses a time-varying 

covariance structure, as proposed by Primiceri (2005), and relies on a Kalman filter, based 

on the works of Koop and Korobilis (2014). This study follows the steps of Antonakakis 

et al. (2020) and Antonakakis and Gabauer (2017) for the connectedness measures, see 

Equations 4.19 to 4.26. All interpretations of these connectedness measures are based on 

the works of Antonakakis et al. (2020), Antonakakis and Gabauer (2017), and Diebold 

and Yilmaz (2012, 2014). 

 Antonakakis et al. (2020) and Korobilis and Yilmaz (2018) argue that the TVP-

VAR method outperforms the rolling-window analysis. The main benefits are that there 

is no need to arbitrarily choose an appropriate rolling window size, no observations are 

lost, and the results are not sensitive to outliers. The TVP-VAR(p) model with N variables 

can be written as: 

   𝑌𝑡 = β𝑡𝑍𝑡−1 + ε𝑡 ,  ε𝑡 | Ω𝑡−1 ~𝑁(0, ∑𝑡) (4.1) 

𝑣𝑒𝑐(β𝑡) = 𝑣𝑒𝑐(β𝑡−1) + 𝑣𝑡 ,  𝑣𝑡  | Ω𝑡−1 ~𝑁(0, 𝑅𝑡) (4.2) 

 

where 𝑌𝑡 = (𝑦1𝑡, 𝑦2𝑡 , … 𝑦𝑁𝑡), 𝑍𝑡−1 = (𝑌𝑡−1, 𝑌𝑡−2, … 𝑌𝑡−𝑝) with p lag order, and ε𝑡 are N x 

1 dimensional vectors at time 𝑡. β𝑡 = (𝐵1𝑡, 𝐵2𝑡, … 𝐵𝑝𝑡) with ith lag order, and time-

varying variance-covariance matrices ∑𝑡 and 𝑅𝑡, are N x Np, N x N, and 𝑁2p x 𝑁2p 

dimensional matrices, respectively. 𝑣𝑒𝑐(β𝑡) and 𝑣𝑡 are 𝑁2 x 1 dimensional vectors, the 

former representing the vectorization of β𝑡, and Ω𝑡−1 represents all available information 

until 𝑡 − 1. 

For the intialization of the Kalman filter, the Primiceri (2005) prior is utilized and 

following Korobilis & Yilmaz (2018), β𝑂𝐿𝑆, ∑𝑂𝐿𝑆
β

, and ∑𝑂𝐿𝑆 are set equal to the results 

of the VAR estimation of the first 250 days with: 

𝑣𝑒𝑐(β0) ~𝑁(𝑣𝑒𝑐(β𝑂𝐿𝑆), ∑𝑂𝐿𝑆
β

) (4.3) 
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∑0 = ∑𝑂𝐿𝑆 (4.4) 

 

Then, following Antonakakis et al. (2020), a multivariate Kalman filter algorithm, 

based on Koop and Korobilis (2014) can be represented as follows: 

𝑣𝑒𝑐(β𝑡)𝑡|𝑍1:𝑡−1~𝑁(𝑣𝑒𝑐(β𝑡|𝑡−1 ), ∑𝑡|𝑡−1
β

 (4.5) 

β𝑡|𝑡−1 = β𝑡−1|𝑡−1  (4.6) 

ε𝑡 = 𝑦𝑡 − β𝑡|𝑡−1 𝑍𝑡−1 (4.7) 

∑𝑡 = 𝑘2∑𝑡−1|𝑡−1 + (1 − 𝑘2) 𝜀𝑡
′ε𝑡  (4.8) 

𝑅𝑡 = (1 − 𝑘1
−1) ∑𝑡−1|𝑡−1

β
 (4.9) 

∑𝑡|𝑡−1
β

= ∑𝑡−1|𝑡−1
β

+ 𝑅𝑡 (4.10) 

∑𝑡|𝑡−1 = 𝑍𝑡−1∑𝑡1|𝑡−1
β

𝑍′𝑡−1 + ∑𝑡 (4.11) 

 

where 𝑘1 and 𝑘2 are forgetting/decay factors.  

Following Koop and Korobilis (2013, 2014), both factors are set to a constant, or 

0.99, since fixing these factors may greatly increase computational burden, and the 

increased value in forecasting performance, with time-varying factors, may be 

questionable. Then, following Antonakakis and Gabauer (2017), β𝑡, ∑𝑡
β
, and ∑𝑡, with the 

information at time t, can be updated with: 

𝑣𝑒𝑐(β𝑡)𝑡|𝑍1:𝑡~𝑁(𝑣𝑒𝑐(β𝑡|𝑡 ), ∑𝑡|𝑡1
β

 (4.12) 

𝐾𝑡 = ∑𝑡1|𝑡−1
β

𝑍′𝑡−1∑𝑡|𝑡−1
−1  (4.13) 

β𝑡|𝑡 = β𝑡|𝑡−1𝐾𝑡(𝑌𝑡 − β𝑡|𝑡−1𝑍𝑡−1) (4.14) 

∑𝑡|𝑡
β

= (𝐼 − 𝐾𝑡) ∑𝑡|𝑡−1
β

 (4.15) 

ε𝑡|𝑡 = 𝑌𝑡 − β𝑡|𝑡𝑍𝑡−1 (4.16) 

∑𝑡|𝑡 = 𝑘2∑𝑡−1|𝑡−1 + (1 − 𝑘2)𝜀𝑡|𝑡
′ ε𝑡|𝑡 (4.17) 

 

where 𝐾𝑡 is the Kalman gain that estimates how much the parameters β𝑡 should be 

adjusted.  

After the adjustment, the TVP-VAR, or Equation 4.1, can then be transformed, 

based on the Wold representation theorem, into its vector moving average (VMA) 

representation with: 

𝑌𝑡 = ∑𝑖=1
p

β𝑖𝑡𝑍𝑡−1 + ε𝑡 = ∑𝑗=0
∞ A𝑗𝑡 ε𝑡−𝑗 (4.18) 
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where A𝑡 is an N x N dimensional matrix. 

After the transformation with Equation 4.18, the generalized forecast error 

variance decompositions (GFEVD), introduced by Koop et al. (1996) and Pesaran and 

Shin (1998) can be calculated. This procedure calculates variance decompositions 

invariant to the variable ordering, as Diebold and Yilmaz (2012) demonstrated. 

Furthermore, the connectedness measures of Diebold and Yilmaz (2014) rest on the 

GFEVD. By using the time-varying coefficients and variance-covariance matrices from 

the TVP-VAR method of Antonakakis and Gabauer (2017), the H-step ahead GFEVD 

matrix D𝑡
gH

= [d𝑖𝑗,𝑡
gH

] can be written as: 

d𝑖𝑗,𝑡
gH

=
𝜎𝑗𝑗,𝑡

−1∑𝑡=1
H−1(𝑒𝑖

′𝐴𝑡∑𝑡𝑒𝑗)2

∑𝑡=1
H−1(𝑒𝑖

′𝐴𝑡∑𝑡𝐴𝑡
′ 𝑒𝑗)

, (4.19) 

 

where 𝜎𝑗𝑗,𝑡 represents the jth diagonal element of ∑𝑡, which is a variance matrix of the 

error vector 𝜀, and 𝑒𝑖 is a selection vector with a value of 1 on the ith position and 0 

otherwise.  

Each component in the variance decomposition matrix d𝑖𝑗,𝑡
gH

 is then normalized so 

that all rows sum up to 1, which can be represented as: 

�̃�𝑖𝑗,𝑡
gH

=
d𝑖𝑗,𝑡

gH

∑𝑗=1
𝑁 d𝑖𝑗,𝑡

gH
 (4.20) 

with ∑𝑗=1
N �̃�𝑖𝑗,𝑡

gH
= 1 and ∑𝑖,𝑗=1

N �̃�𝑖𝑗,𝑡
gH

= 𝑁 

  Equation 4.20 represents the pairwise directional connectedness from variable j to 

variable i, reflecting variable i’s share of forecast error variance that is contributed by 

variable j. With the normalization of d𝑖𝑗,𝑡
gH

 to �̃�𝑖𝑗,𝑡
gH

, the connectedness measures, introduced 

by Diebold and Yilmaz (2012, 2014), can be calculated. 

First, total connectedness, or the Total Connectedness Index (TCI), can be defined 

as the interconnectedness amongst the variables. It measures how much a variable, on 

average impacts other variables. A high value suggests that, following a shock, one 

variable tends to greatly impact all other variables, indicating high interconnectedness in 

the network. Conversely, a low value value suggests that the variables are not as affected 

by a shock in one variable, indicating that the variables in the network are independent. 

Thus, the TCI measure can reflect systemic risk from the interactions of the examined 

variables. The TCI can be represented as: 
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𝐶𝑡
𝑔𝐻

=
∑ �̃�𝑖𝑗,𝑡

gH𝑁
𝑖,𝑗=1,𝑖≠𝑗

∑𝑗=1
N �̃�𝑖𝑗,𝑡

gH
∗ 100 =

∑ �̃�𝑖𝑗,𝑡
gH𝑁

𝑖,𝑗=1,𝑖≠𝑗

𝑁
∗ 100 (4.21) 

 Chatziantoniou and Gabauer (2021) argue for an adjustment, or correction, to the 

TCI index so that it can range between zero to one, thus providing a more informative 

measure. This can be achieved with the following step: 

𝐶𝑡
𝑔𝐻

=
∑ �̃�𝑖𝑗,𝑡

gH𝑁
𝑖,𝑗=1,𝑖≠𝑗

𝑁 − 1
∗ 100 (4.22) 

where 0 ≤ 𝐶𝑡
𝑔𝐻

≤ 1. 

The second measure is the total directional connectedness to others (TO). It 

measures the total influence variable i has on all other variables j, following shocks to 

variable i. This can be measured as: 

𝐶𝑖→𝑗,𝑡
𝑔𝐻

=
∑ �̃�𝑗𝑖,𝑡

gH𝑁
𝑗=1,𝑖≠𝑗

∑ �̃�𝑗𝑖,𝑡
gH𝑁

𝑗=1

∗ 100 (4.23) 

The third measure is the total directional connectedness from others (FROM). This 

measures the total impact variable i receives from all other variables j, and can be 

represented as: 

𝐶𝑖←𝑗,𝑡
𝑔𝐻

=
∑ �̃�𝑖𝑗,𝑡

gH𝑁
𝑗=1,𝑖≠𝑗

∑ �̃�𝑖𝑗,𝑡
gH𝑁

𝑖=1

∗ 100 (4.24) 

The fourth measure is the net total directional connectedness (NET). It measures 

whether a variable in the network is a net contributor or a recipient of shocks. It is derived 

by subtracting Equation 4.23, the total influence variable i has on all other variables j, 

from Equation 4.23, the total impact that variable i receives from all other variables j, or 

simply (𝑇𝑂 − 𝐹𝑅𝑂𝑀). This can be measured as: 

𝐶𝑖,𝑡
𝑔𝐻

= 𝐶𝑖→𝑗,𝑡
𝑔𝐻

− 𝐶𝑖←𝑗,𝑡
𝑔𝐻

 (4.25) 

If 𝐶𝑖,𝑡
𝑔

> 0, or positive, then variable i has more impact on other variables than it 

receives. Thus, variable i is a net contributor of spillovers. Conversely, if 𝐶𝑖,𝑡
𝑔

< 0, or 

negative, variable i receives more impact from other variables than it receives. Thus, 

variable i would be a net receiver of spillovers. 

The final measure of connectedness is the net pairwise directional connectedness 

(NPDC) which can be measured as: 

𝑁𝑃𝐷𝐶𝑖𝑗
𝑔𝐻

= (�̃�𝑗𝑖,𝑡
gH

− �̃�𝑖𝑗,𝑡
gH

) ∗ 100. (4.26) 
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When 𝑁𝑃𝐷𝐶𝑗𝑖
𝑔(𝐻) > 0, or positive, variable 𝑖 dominates variable j. Thus, variable 

i is a net transmitter of spillovers to variable j. If 𝑁𝑃𝐷𝐶𝑗𝑖
𝑔(𝐻) < 0, or negative, then 

variable j dominates variable i. As such, variable i would be a net receiver of spillovers 

from other variables j. 
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5 Empirical Results 

This chapter starts with a static analysis of the connectedness measurements in subchapter 

5.1, followed by a dynamic analysis in subchapter 5.2. All results are estimated with the 

TVP-VAR method of Antonakakis and Gabauer (2017), with the R programming 

language (R Core Team, 2022), and the ConnectednessApproach package by Gabauer 

(2022). Model specifications are reported under Table 3 on page 34. 

5.1 Static Analysis of Connectedness 

Estimated results of the connectedness measures, from the examined stock market’s 

returns, are presented in Table 3, see pages 32 to 33. The diagonal values are highlighted, 

representing shocks that are explained by the market’s own-shares, or own contribution, 

of the forecast error variance. In other words, it shows variation in the examined market 

returns that can be explained endogenously. The off-diagonal elements represent the 

interactions or direction of spillovers between the stock markets. That is, how much a 

market contributes, or explains, the variation of returns in another market. Aggregating a 

horizontal (vertical) line of off-diagonal elements yields the total contribution that the 

examined market receives from (transmits to) other markets, as represented by FROM 

(TO). In addition, the Total Connectedness Index (TCI), representing systemic risk, is 

measured by dividing the total directional connectedness FROM, which also equals TO, 

by the number of variables in the examined system.  

5.1.1 Static Measures for the Whole Sample 

This subchapter starts with an analysis of the static measures for the whole sample, see 

Table 3, Panel A, on page 32. The highlighted, diagonal elements show that all market’s 

explain a large share of the forecast error variance with their own contributions. However, 

there is a considerable difference between the highest, Iceland (72.50%), and other 

examined markets that range from 22.43% (Sweden) to 35.57% (the United States). 

Iceland receives the least spillovers out of all pairs (27.50%), represented by FROM, with 

most shocks coming from the United States (5.24%) and the least from Denmark (2.96%). 

In addition, Iceland is the only market dominated by all other markets and thus receives 

more spillovers than it transmits, as represented by the net pairwise directional 

connectedness (NPDC). In turn, Iceland’s contribution of spillovers to other markets, 

represented by TO, is low (11.01%) compared to other markets and ranges from 1.50% 

to Denmark and 1.67% to the United States. 
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The main contributor of spillovers to other markets is Germany (88.06%), 

followed by Sweden (87.85%), Finland (82.84%), the United Kingdom (81.38%), and the 

United States (75.98%). Similarly, the top recipients are Sweden (77.57%), Germany 

(76.93%), Finland (76.59%), and the United Kingdom (75.92%). Denmark and the United 

States received relatively fewer spillovers than other markets, except for Iceland, with 

65.98% and 64.43%, respectively. Denmark, Iceland, and Norway were net recipients, as 

indicated by NET, with -18.93%, -16.49%, and -9,26%, respectively. 

Among the Nordic markets, Sweden is the primary transmitter of shocks to other 

Nordic stock markets, followed by Finland, Norway, Denmark, and Iceland. In addition, 

the highest value of total directional connectedness is the transmission of shocks from 

Sweden to Finland (15.98%). However, outside the Nordic region, Denmark receives 

more spillovers from Germany (12.42%) than Sweden (12.05%), Iceland from the United 

States, as previously mentioned, and Norway from the United Kingdom or 14.03% versus 

13.31% from Sweden. 

5.1.2 Static Measures for the Three Sample Periods 

Results for the first sample period, during the capital controls, are displayed in Panel B. 

Iceland stands out among the examined markets. Most of the variations in Iceland’s 

returns are attributable to own-shares, or endogenous shocks (84.56%), with the majority 

of spillovers coming from the United States (3.81%) and the least from Sweden (1.14%). 

Iceland has little impact on other markets, most towards the United States (0.77%) and 

Germany (0.27%) receiving the least spillovers. Denmark and Finland receive the most 

shocks from Sweden, with 12.53% and 14.79%, respectively. However, Iceland and 

Norway receive the most shocks from the United States and the United Kingdom, with 

3.81% and 14.11%, respectively. The United States dominates all other markets, 

transmitting more shocks towards all other markets than it receives, but the United 

Kingdom is the main contributor of spillovers towards other markets (84.67%). The TCI 

value of 65.79% suggests that one market tends to have a considerable impact on all 

others, suggesting high systemic risk. An adjusted TCI with Equation 4.22 indicates that 

75.65% of any market’s forecast error variance is due to impacts from other markets. 

Comparing the first two sample periods, from Panel B to C, Iceland’s endogenous 

shocks are reduced more than any other market, from 84.56% to 79.10%. As such, total 

directional connectedness from and to Iceland has increased to 20.90% and 7.36%, 

respectively. Unlike the first sample, Germany takes over the United Kingdom1 as the 

 
1 Perhaps attributable to the decision by United Kingdom to leave the European Union. 
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primary contributor of spillovers to the other markets (88.63%) and dominates all other 

markets. There is a slight change observed in the Nordic markets. Sweden has the most 

impact on other Nordic markets in this period, except for Denmark, which is more 

affected by Germany. Iceland receives more spillovers from Sweden (3.53%) than the 

United States (3.38%) in this period, and the least from Norway (2.19%). The systemic 

risk similar to the previous period, with a TCI level of 66.19%, or 75.64%, with Equation 

4.22. 

Comparing the last two sample periods, from Panel C to D, substantial changes in 

the connectedness measures for Iceland are observed. Iceland’s endogenous shocks have 

reduced from 79.10% to 36.86%. This reduction is far larger than what can be observed 

for other markets between the samples. As such, Iceland appears to be contributing more 

spillovers to other markets after it was reclassified as a frontier market. The total 

directional connectedness to Iceland (FROM) increases to 63.14%, see Panel D, 

compared to 7.36%, see Panel C, in the previous sample. In the last sample, see Panel D, 

the spillovers that Iceland receives from other markets are nearly on-par with the 

spillovers that Denmark (66.01%) and the United States (66.74%) receive. However, 

Iceland is still a net recipient, dominated by all other markets, and receives most 

transmissions from the United States (10.93%), followed closely by Sweden (10.92%), 

and the lowest from Denmark (5.18%). 

The total connectedness index (TCI), which reflects the interconnectedness in the 

system, has increased between the last two periods, from 65.79% to 73.34%. In addition, 

with Equation 4.22 suggests that 83.81% of any stock market’s forecast error variance 

can be explained by the impact of shocks from other markets. This substantial increase 

suggests high systemic risk during the last sample period. However, it must be noted that 

a large part of the increase is due to Iceland’s decrease in endogenous shocks. Iceland’s 

increase of total directional connectedness from others accounts for nearly 70% of the 

total increase of the FROM contributions between the last two sample periods. In turn, 

the increase in TCI levels over the last two periods is primarily driven by the increase in 

Iceland’s directional connectedness with other markets. This may be an extreme case, but 

it shows how the TCI can perhaps be overestimated. 

The TCI can fail to identify primary, time-specific events (economic or financial). 

Such events can shift the interconnectedness in the system, which may be primarily driven 

by a specific market, as Iceland does in this case. Nevertheless, the static measures 

suggest high systemic risk among the examined markets, particularly during the last 
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sample. In addition, the measures have shown that Iceland’s connectedness to the 

examined markets has changed considerably. The samples are intended to reflect a period 

of gradual financial liberalization and frontier classification of Iceland’s stock market, 

which includes specific events that shifted Iceland’s interconnectedness. As the static 

measures alone are insufficient in identifying such events, a dynamic approach is utilized 

in the next subchapter. 
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Table 3  

Connectedness Table for the Whole Period and Three Sample Periods 

Panel A: Whole Sample 

13 March 2012 – 1 July 2022 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 
FROM 

Denmark 34.02 10.42 1.50 8.35 12.05 12.42 10.59 10.65 65.98 

Finland 7.21 23.41 1.62 10.95 15.98 15.50 13.26 12.07 76.59 

Iceland 2.96 4.05 72.50 2.98 4.25 4.02 3.99 5.24 27.50 

Norway 6.76 13.12 1.51 27.29 13.31 12.58 14.03 11.41 72.71 

Sweden 8.11 15.50 1.58 10.58 22.43 15.81 13.92 12.05 77.57 

Germany 8.33 15.05 1.52 10.16 15.81 23.07 14.13 11.94 76.93 

United 

Kingdom 
7.03 13.27 1.61 11.69 14.58 15.13 24.08 12.61 75.92 

United 

States 
6.67 11.43 1.67 8.74 11.87 12.60 11.45 35.57 64.43 

TO 47.05 82.84 11.01 63.45 87.85 88.06 81.38 75.98 537.62 

Inc. own 81.07 106.25 83.51 90.74 110.28 111.13 105.46 111.55 TCI 

NET -18.93 6.25 -16.49 -9.26 10.28 11.13 5.46 11.55 67.20 

NPDC 1 4 0 2 6 6 3 6  

 

Panel B: The Capital Controls Period 

13 March 2012 – 5 June 2015 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 
FROM 

Denmark 31.64 10.68 0.57 11.26 12.53 11.77 11.96 9.60 68.36 

Finland 7.22 24.89 0.46 11.62 14.79 14.48 13.32 13.21 75.11 

Iceland 1.52 1.76 84.56 2.00 1.14 2.06 3.14 3.81 15.44 

Norway 7.99 12.62 0.55 27.37 12.14 12.57 14.11 12.64 72.63 

Sweden 8.53 15.29 0.40 11.07 22.55 14.91 14.77 12.48 77.45 

Germany 8.09 14.97 0.27 11.48 15.18 22.66 14.47 12.88 77.34 

United 

Kingdom 
7.30 13.10 0.45 12.47 14.58 14.39 23.51 14.21 76.49 

United 

States 
5.64 12.10 0.77 10.72 11.85 12.70 12.89 33.33 66.67 

TO 46.28 80.52 3.47 70.62 82.22 82.88 84.67 78.84 529.50 

Inc. own 77.92 105.40 88.03 97.99 104.77 105.54 108.18 112.17 TCI 

NET -22.08 5.40 -11.97 -2.01 4.77 5.54 8.18 12.17 66.19 

NPDC 1 5 0 2 4 3 6 7  
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Panel C: Lifting of Iceland‘s Capital Controls Period 

8 June 2015 – 25 September 2019 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 
FROM 

Denmark 34.30 11.08 1.63 7.38 11.99 13.35 10.41 9.85 65.70 

Finland 7.84 23.53 0.97 10.35 16.38 16.09 13.02 11.82 76.47 

Iceland 3.08 3.34 79.10 2.19 3.53 2.81 2.57 3.38 20.90 

Norway 7.12 13.52 1.07 26.60 14.14 12.53 13.93 11.10 73.40 

Sweden 8.29 15.59 1.07 10.53 22.97 16.29 13.46 11.79 77.03 

Germany 9.17 15.28 0.81 9.05 16.10 24.20 13.72 11.68 75.80 

United 

Kingdom 
7.77 13.18 0.96 10.89 14.33 15.16 25.18 12.54 74.82 

United 

States 
7.17 11.67 0.85 7.58 11.58 12.40 10.91 37.84 62.16 

TO 50.43 83.66 7.36 57.97 88.06 88.63 78.03 72.15 526.28 

Inc. own 84.74 107.19 86.46 84.57 111.03 112.82 103.20 109.99 TCI 

NET -15.26 7.19 -13.54 -15.43 11.03 12.82 3.20 9.99 65.79 

NPDC 1 4 0 2 5 7 3 6  

 

Panel D: Iceland‘s Frontier Classification Period 

26 September 2019 – 1 July 2022 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 
FROM 

Denmark 33.99 9.08 2.84 7.47 11.50 11.65 9.90 13.57 66.01 

Finland 6.47 20.14 4.69 12.14 16.35 15.98 14.34 9.89 79.86 

Iceland 5.18 9.97 36.86 7.28 10.92 9.87 9.00 10.93 63.14 

Norway 5.45 13.58 4.15 26.21 13.62 13.05 14.45 9.50 73.79 

Sweden 7.66 15.45 4.58 11.08 19.94 16.25 14.26 10.79 80.06 

Germany 7.29 14.60 4.65 11.25 15.45 21.39 14.93 10.44 78.61 

United 

Kingdom 
5.95 14.14 4.68 12.87 14.77 16.53 21.49 9.57 78.51 

United 

States 
7.71 10.35 4.79 8.52 11.62 13.10 10.64 33.26 66.74 

TO 45.71 87.17 30.38 70.61 94.22 96.42 87.52 74.68 586.70 

Inc. own 79.70 107.31 67.24 96.82 114.17 117.81 109.01 107.94 TCI 

NET -20.30 7.31 -32.76 -3.18 14.17 17.81 9.01 7.94 73.34 

NPDC 1 4 0 2 6 7 5 3  
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Note. This table consists of average connectedness measures of the stock market’s returns. 

All values are estimated with a TVP-VAR model. Lag order is set to 1, and the 

generalized forecast error variance decompositions are estimated on a 10-step-ahead 

forecast. The forgetting/day factors k1 and k2 are both constant at 0.99. Primiceri prior is 

set to 250 days. The whole sample is displayed in Panel A (13 March 2012 – 1 July 2022), 

Iceland’s capital control period in Panel B (12 March 2012 – 5 June 2015), financial 

liberalization in Panel C (8 June 2015 – 25 September 2019), frontier classification in 

Panel C (26 September 2015 – 1 July 2022). The column FROM represents total 

directional connectedness from other variables j to variable i. The row TO measures total 

directional connectedness from variable i to all other variables j, reflecting the total 

contribution of spillovers towards the system. NET equals the difference between TO and 

FROM, or (𝑇𝑂 − 𝐹𝑅𝑂𝑀). Inc. own measures total directional connectedness from 

variable i to all other variables j, including variable i’s endogenous shocks. NPDC 

measures the number of pairs where variable i transmits more shocks to other variables j 

than variable i receives. TCI represents the average impact a variable has on all other 

variables, measured by dividing FROM, which also equals TO, by the number of 

examined variables. 

5.2 Dynamic Analysis of Connectedness 

5.2.1 Total Connectedness Index 

By observing the dynamic measures over time, the interactions between the stock markets 

and how they have changed due to specific events can be analyzed in-depth. Figure 1 

displays results for the TCI levels for the whole period. The TCI varies throughout the 

period, ranging from 53.22% in August 2018 to 82.51% in March 2020. The period starts 

in March 2012 with high TCI levels until mid-2013. This reflects the impact of the 

European debt crisis, which continued to trouble several economies, such as Greece, 

Spain, and Italy. 

There are two notable bursts of rising TCI levels. The first one occurred in July 

2016 when the markets reacted strongly to the decision made by the United Kingdom to 

leave the European Union. Although the decision does not appear to have lasting effects 

on the overall interconnectedness, Iceland appears to be the primary driver of rising TCI 

levels from this event. Figures D1 and D2, see Appendix D, show that all markets were 

affected by this event, but Iceland received and transmitted relatively more spillovers than 

other markets. Iceland appears to be so adversely affected by spillovers from other 

markets that interpretations of interconnectedness and systemic risks from TCI levels may 
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be, to some extent, overestimated. Figure E1, see Appendix E, supports this. It shows that 

changes in the system interconnectedness, such as due to the decision by the United 

Kingdom, is greatly underestimated when Iceland is excluded (red line). However, the 

overall system interconnectedness, from the start of the sample until early 2020, is 

underestimated when Iceland is included. This is because Iceland was relatively 

unconnected to other markets during this period, see Figure D1 and D2, Appendix D. As 

the TCI is an average measure of the total connectedness from all examined variables, a 

nearly unconnected variable, or Iceland in this case, may greatly underestimate the system 

interconnectedness. An explanation for this may be that the estimations are based on 

returns, and do not account for other factors such as the relative size of each market in 

terms of market capitalization. 

The second rise of interconnectedness occurred in early 2020, notably due to 

COVID-19, which affected financial markets worldwide (Zhang et al., 2020). The impact 

of COVID-19 on the system interconnectedness results in TCI reaching its highest level 

of 82.51% for the whole period, or 94.30% with Equation 4.22. Afterward, the TCI levels 

decreased steadily but rose again sharply in December 2021, following the spread of the 

Omicron variant, and in March 2022, due to the Russian invasion of Ukraine. 

Figure 1 

Total Connectedness Index (TCI) for the Whole Period 

 

 

Note. The total connectedness index is displayed on the vertical axis, representing, on 

average, the percentage of total forecast error variance attributable to the interactions 

between the stock markets. A high value indicates systemic risk and interdependence 



36 

 

while a low value indicates that the examined variables are independent to shocks in the 

system. 

5.2.2 Net Directional and Net Pairwise Directional Connectedness 

So far, the presented dynamic measures of connectedness for the examined markets have 

have been informative for how the interconnectedness of the examined markets has 

changed over time. The final two measures of connectedness are specific to each market. 

However, for brevity, as this study analyses how the connectedness of the Icelandic 

market has changed over time, the analysis is limited to Iceland’s net pairwise directional 

connectedness measures (NPDC). The net directional connectedness measure (NET) for 

a variable is found by subtracting a specific variable’s total influence on all other variables 

by the impact the specific variable receives from all other variables, see Equation 4.25. 

NPDC is measured similarly, except the latter part is confined to a specific variable, 

thereby giving a pairwise measure of spillovers between two variables, see Equation 4.26. 

 Net directional connectedness for each market is presented below in Figure 2. For 

the whole sample period, Denmark, Finland, Iceland, and Norway have primarily been 

net recipients of spillovers, while Sweden, Germany, the United Kingdom, and the United 

States are net transmitters. After the Eurozone crisis subsided, Norway has steadily 

transitioned into receiving increasingly more spillovers than it transmits. In contrast, 

Sweden has progressively been more of a net transmitter of spillovers throughout the 

period. For the most part, Iceland and Denmark are net recipients of spillovers. 

 Iceland is a large net recipient of spillovers following the Eurozone crisis until 

early 2013. After that, the NET measures vary considerably between October 2014 to the 

middle of 2016. From there on, the NET measures appear to be relatively stable and show 

an increasing trend. In 2019, Iceland had high NET transmissions to other markets. 

Afterward, following the COVID-19 pandemic in early 2020, Iceland became a large net 

recipient from all other examined markets. The NET measures for all examined markets, 

except Iceland and Norway, went back to similar levels as before the pandemic. 

Figure 3, see page 38, shows the NPDC measures between Iceland and the other 

examined markets. For the most part, Iceland has been a net receiver of spillovers. 

Denmark, Norway, the United Kingdom, and the United States, while still net transmitters 

to Iceland, show recent NPDC measures similar to the ones before COVID-19. 

Furthermore, a decreasing trend is observed in net spillovers to Iceland from Finland, 

Sweden, and Germany. 

 



37 

 

Figure 2 

Net Total Directional Connectedness (NPDC) for the Whole Period 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. Net total directional connectedness is measured by the difference between variable 

i’s impact on other variables j by the influence other variables j have on variable i. The 

whole period ranges from the 13th of March 2012 to the 1st of July 2022.  
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Figure 3 

Iceland‘s Net Pairwise Directional Connectedness for the Whole Period 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. Net pairwise directional connectedness is measured by the difference between 

variable i’s impact on variable j by the influence variable j has on variable i. The whole 

period ranges from the 13th of March 2012 to the 1st of July 2022. 



39 

 

6 Discussion 

The purpose of this study is to understand better how Iceland’s financial liberalization 

and frontier classification has affected the connectedness of Iceland’s stock market to 

Nordic and other stock markets. After analyzing the static and dynamic measures of 

connectedness, which were estimated with the TVP-VAR method of Antonakakis and 

Gabauer (2017), the two proposed research questions can be answered. 

The first research question concerns how the connectedness of Iceland’s stock 

market to Nordic and other stock markets has changed with the lifting of Iceland’s capital 

controls. The results indicate that Iceland’s financial liberalization, which occurred in 

steps, has gradually increased the connectedness of Iceland’s stock market to Nordic and 

other stock markets. The second research question concerns how Iceland’s classification 

as a frontier market in September 2019 affected the connectedness of Iceland’s equity 

market to Nordic and other stock markets. There may not be direct evidence from the 

results that Iceland’s frontier classifcation affected the connectedness of Iceland’s stock 

market to Nordic and other stock markes. However, there is evidence that Iceland’s 

connectedness with Nordic and other stock markets has substantially increased after 

COVID-19 which may be more attributable to Iceland’ frontier classification 

The start of the pandemic occurred just a few months after Iceland was classified 

as a frontier market, in September 2019. In turn, this global event overlaps with the last 

sample which was intended to reflect Iceland’s connectedness after the frontier 

classification. Identifying which event contributed more to the increase of Iceland’s 

connectedness after the pandemic may be difficult. The estimated results do not 

specifically take into account the pandemic, which affected global financial markets 

(Zhang et al., 2020). However, the results show that the directional connectedness 

measures, from and to, Iceland have remained high relative to other examined markets 

after COVID-19. In other words, other examined markets display similar levels of 

connectedness as before the pandemic, whereas Iceland remains highly connected. 

Iceland’s return variations are primarily explained by shocks from other markets. Taken 

together, the frontier classification may have ultimately been a more significant factor in 

Iceland’s increase of connectedness to other examined stock markets. 

The sample starts with high interconnectedness, reflected by the Eurozone crisis. 

The findings of Ahmad et al. (2014) support this, who show that Denmark, Sweden, 

Germany, and the United Kingdom were greatly affected by contagion shocks from 

GIPSI stock markets following the European debt crisis. After the crisis subsided, rising 
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levels may be attributable to events such as the Ukraine-Russia war in 2014, uncertainty 

of economic slowdown worldwide, and falling energy prices (Fletcher, 2014). The 

relatively short bursts following the Brexit referendum are consistent with Nishimura and 

Sun (2018). In addition, Zhang et al. (2021) also reveal a sharp increase in systemic risk 

following the referendum. A sharp rise in systemic risk observed in December 2021 and 

again in March 2022 is due to the Omicron variant and the Russian invasion of Ukraine, 

which is consistent with the findings of Umar et al. (2022). 

The empirical result in the current study reveal that the COVID-19 pandemic 

greatly increased the connectedness between the examined stock markets. This is in line 

with numerous studies on the connectedness of financial assets worldwide during the 

pandemic (Adekoya & Oliyide, 2021; Aharon & Demir, 2022; Bouri et al., 2021; Corbet 

et al., 2021; Umar et al., 2021; Wang et al., 2022; Youssef et al., 2021). Youssef et al. 

(2021) find considerable spillovers from Germany to the United States, European 

markets, and the United Kingdom, before and during the pandemic. However, the current 

study finds that the United States became a net transmitter, and Germany a net receiver 

of spillovers. In anay case, both the United States and Germany are leading markets for 

the Nordic region during stress periods, transmitting considerably more spillovers to them 

than they receive. 

The findings are complimentary to Aslam et al. (2021), who find similar strong 

connections between Sweden, Germany, and Finland following COVID-19. Both studies 

show that Nordic markets were highly connected during the pandemic, receiving 

substantial spillovers from Germany and Sweden. In addition, the current study shows 

that Sweden and Finland are more connected than any other pairs, reflecting their strong 

economic ties. A similar connection between Finland and Sweden is also shown by Booth 

et al. (1997) in their seminal study on spillovers between Nordic stock markets, and more 

recently by Dengjun (2015). Although the current study extends to other markets within 

and outside Europe, the most influential stock market among the Nordics is Sweden. 

Certain limitations of this study could be addressed in future research. Firstly, the 

utilized approach narrows to the interactions between the Nordic stock markets and only 

three other markets, Germany, the United Kingdom, and the United States. Future 

research may consider the connectedness of Nordic stock markets with other equity 

markets, and even sectors such as energy, manufacturing, and tourism. In addition, the 

current study overlooks other asset classes, such as bonds and oil. Furthermore, including 

exchange rates may be paramount due to the strong linkages between stock markets and 
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exchange rates (Hau & Rey, 2006). Also, the Nordic countries have different exchange 

rate regimes which can in turn affect each country’s flow of capital and therefore 

connectedness. Secondly, the sample for Iceland’s frontier classification may be too short, 

so the long-term effects of Iceland’s connectedness remain uncertain. Thirdly, the 

analysis on the measures of connectedness is based on returns and not volatility. 

Analyzing both may provide a more comprehensive conclusion on the interconnectedness 

between the Nordic stock markets. Fourthly, the study is limited to the TVP-VAR method 

of Antonakakis and Gabauer (2017). Other methods, which are extensions of the spillover 

methodology of Diebold & Yilmaz (2014), see subchapter 2.1, can be considered. 

The results may have valuable implications for investors, portfolio- and risk 

managers. These groups could benefit from knowing that the Icelandic stock market has 

become highly interdependent and connected with other stock markets. Understanding 

the dynamic connectedness measures and how they change with continuous monitoring 

can improve diversification strategies. In addition, portfolio- and risk managers could 

benefit from early warning signs of the risks of regional and international spillovers while 

recognizing the measures of systemic risk, directional and net directional connectedness 

from, to, and between pairs of financial markets (Bouri et al., 2021). 
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7 Conclusion 

This study analyzes the return connectedness between the Nordic stock markets of 

Denmark, Finland, Iceland, Norway, and Sweden. In addition, Germany, the United 

Kingdom, and the United States are included in the analysis due to their leading roles.  

Two research questions are provided, which entail an analysis of how Iceland’s 

financial liberalization, and subsequent classification as a frontier market, have changed 

the connectedness of Iceland’s stock market to these examined equity markets. 

The methodology utilized is the TVP-VAR model of Antonakakis and Gabauer 

(2017), which is an extension of the spillover methodology and connectedness framework 

of Diebold and Yilmaz (2009, 2012, 2014). The daily data consists of closing prices of 

leading stock indices for each examined market. The whole sample, ranging from the 12th 

of March 2012 to the 1st of July 2022, is split into three subperiods. The first sample 

reflects Iceland’s capital controls from March 2012 to June 2015. The second covers their 

lifting from June 2015 to September 2019, and the third reflects Iceland’s frontier 

classification from September 2019 to July 2022. 

 The static measures reveal that Iceland was relatively unconnected to other 

markets when Iceland had tight capital controls. Iceland continued to remain, to a great 

extent, independent from the shocks of other examined markets after Iceland liberalized 

its financial market. Thereafter, when Iceland received a frontier status, spillovers from 

other markets primarily explain Iceland’s return variations. This indicates a substantial 

increase in interconnectedness to the examined system.  

The dynamic measures reveal a gradual increase in Iceland’s connectedness to 

other examined markets as the capital controls were lifted in steps. All examined markets 

became substantially interconnected following COVID-19, potentially masking Iceland’s 

frontier classification event. However, Iceland has remained highly connected, while the 

dynamic measures for most other examined markets have decreased to pre-pandemic 

levels. Taken together, this suggests that Iceland’s frontier classification has substantially 

increased the connectedness of Iceland’s stock market to the other examined markets, 

primarily with Finland, Sweden, and Germany. Nevertheless, an open question remains 

regarding how much these two events contributed to Iceland’s increase in connectedness 

to other stock markets. 
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Appendix A 

Figure A1 

Daily Closing Values of the Examined Indices for the Whole Period 
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Note. Data is extracted from Datastream (Refinitiv, n.d.). The whole period ranges from 

the 13th of March 2012 to the 1st of July 2022. 

 

Table A1 

Unit Root Tests for the Examined Indices for the Whole Period 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 

ADF -0.4778 -1.4774 -0.8031 -1.0700 -1.5425 -1.9945 -2.8828 0.7376 

 (0.8930) (0.5452) (0.4220) (0.7296) (0.5120) (0.2895) (0.0475)** (0.8353) 

PP -0.4685 -1.4957 -0.7929 -1.2634 -1.5766 -1.9862 -2.9279 -0.7542 

 (0.8948) (0.5359) (0.8205) (0.6483) (0.4945) (0.2931) (0.0423)** (0.8310) 

ERS 1.4188 0.0596 0.7174 0.3579 -0.1489 -0.2313 -1.2401 0.9282 

 (0.1561) (0.9525) (0.4732) (0.7205) (0.8816) (0.8171) (0.2151) (0.3534) 

 

Note. This table reports the t-statistics and p values for the following unit root tests: 

Augmented Dickey-Fuller (Said & Dickey, 1984) (ADF), Phillips-Perron (Phillips & 

Perron, 1988) (PP), and DF-GLS (Elliott et al., 1996) (ERS). Lag lengths for the ADF 

and ERS tests are set by the modified Akaike criterion (MCAIC), as proposed by Ng and 

Perron (2001), with the maximum lags set to 10. Bartlett kernel is utilized in the PP test, 

where the selected bandwidth is found with the Newey-West (Newey & West, 1994) 

approach. The whole period ranges from the 13th of March 2012 to the 1st of July 2022. 

**p < 0.05. 
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Figure A2 

Log Differences of the Examined Indices for the Whole Period 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: The figure shows two-day moving averages of the log differences, multiplied by 

100, for each examined market. The whole period ranges from the 13th of March 2012 to 

the 1st of July 2022. 
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Appendix B 

Table B1 

Descriptive Statistics for the Three Sample Periods 

Panel A: During Iceland’s Capital Controls 

13 March 2012 – 5 June 2015 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 

Mean 0.1023 0.0552 0.0508 0.0372 0.0532 0.0662 0.0206 0.0563 

Max 3.3298 3.1248 2.4872 3.5422 2.2617 2.7381 1.7368 2.1940 

Min -3.1920 -3.5371 -1.9100 -3.5590 -3.1974 -3.1769 -2.5836 -1.9768 

Std. 

dev. 
0.7350 0.8585 0.5567 0.7208 0.6799 0.7917 0.5822 0.5449 

Skew. -0.1522* -0.0709 0.3054*** -0.2598*** -0.4902*** -0.3348*** -0.4598*** -0.3003*** 

 (0.0886) (0.4258) (0.0008) (0.0040) (0.0000) (0.0002) (0.0000) (0.0009) 

Ex. 

kurt. 
1.5956*** 0.9809*** 1.0426*** 2.2879*** 1.3344*** 0.9162*** 1.2690*** 1.4216*** 

 (0.0000) (0.0001) (0.0000) (0.0000) (0.0000) (0.0002) (0.0000) (0.0000) 

J.B. 81.9044*** 30.4895*** 45.3279*** 170.8732*** 85.1178*** 39.9713*** 76.2476*** 73.9264*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ADF -8.0379*** -8.7992*** -6.7537*** -8.5930*** -7.9305*** -8.5128*** -8.6750*** -16.3264*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

PP -14.7159*** -13.7159*** -14.4249*** -16.0404*** -15.8265*** -15.5822*** -15.3082*** -14.5851*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ERS -7.4653*** -3.1503*** -2.4807** -1.9953** -2.2351*** -1.9216* -4.1347*** -1.9345* 

 (0.0000) (0.0017) (0.0133) (0.0464) (0.0257) (0.0551)* (0.0000) (0.0534)* 

Q(20) 195.3793*** 226.9350*** 215.5116*** 169.5089*** 174.3443*** 173.2876*** 179.7858*** 185.4127*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Q2(20) 81.5578*** 127.7381*** 85.0577*** 161.9678*** 152.8616*** 87.8243*** 141.0329*** 79.1532*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

 

Panel B: Lifting of Iceland’s Capital Controls 

8 June 2015 – 25 September 2019 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 

Mean 0.0063 0.0159 0.0320 0.0185 -0.0004 0.0075 0.0054 0.0345 

Max 3.1694 2.9571 3.3458 3.3811 3.2926 2.6462 3.0625 3.1149 

Min -4.0126 -3.9811 -3.6769 -3.5196 -4.1744 -4.1514 -3.8254 -3.6290 

Std. 

dev. 
0.7862 0.7961 0.7123 0.7659 0.7677 0.8296 0.6595 0.6273 

Skew. -0.5562*** -0.3920*** -0.2645*** -0.1614** -0.4596*** -0.6489*** -0.1576** -0.8497*** 

 (0.0000) (0.0000) (0.0007) (0.0366) (0.0000) (0.0000) (0.0412) (0.0000) 

Ex. 

kurt. 
2.5710*** 1.9627*** 2.7616*** 1.7580*** 2.5871*** 2.5822*** 3.1676*** 4.4138*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

J.B. 328.2917*** 186.8553*** 330.7321*** 133.6539*** 315.3359*** 349.3826*** 423.9023*** 935.8106*** 
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 Denmark Finland Iceland Norway Sweden Germany 
United 

Kingdom 

United 

States 
 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ADF -18.6404*** -18.6018*** -18.6134*** -19.7333*** -19.5412*** -18.4765*** -19.0687*** -14.6656*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

PP -16.5433*** -16.4147*** -16.8437*** -18.0975*** -17.8234*** -16.5268*** -17.1876*** -17.4038*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ERS -2.9070*** -2.1906** -6.8393*** -6.9479*** -5.5634*** -3.0075*** -6.9026*** -10.6966*** 

 (0.0037) (0.0287) (0.0000) (0.0000) (0.0000) (0.0027) (0.0000) (0.0000) 

Q(20) 268.0127*** 276.7345*** 252.2164*** 218.0995*** 228.2534*** 285.1687*** 255.2263*** 234.2718*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Q2(20) 443.3226*** 363.9753*** 111.0018*** 433.1239*** 300.4118*** 310.9339*** 319.0388*** 409.0162*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

 

Panel C: Iceland’s Frontier Classification 

26 September 2019 – 1 July 2022 

 
Denmark Finland Iceland Norway Sweden Germany 

United 

Kingdom 

United 

States 

Mean 0.0706 0.0202 0.0459 0.0258 0.0221 0.0066 -0.0026 0.0384 

Max 3.1368 5.5345 4.0180 3.5978 5.6394 6.0945 6.5089 5.0576 

Min -4.8164 -6.2017 -4.0654 -6.9809 -6.3029 -6.7034 -6.4634 -7.5024 

Std. 

dev. 
0.9806 1.0590 0.9814 0.9748 0.9918 1.1344 0.9605 0.9963 

Skew. -0.6285*** -0.9234*** -0.1290 -1.1465*** -0.6950*** -0.6481*** -0.6554*** -1.0388*** 

 (0.0000) (0.0000) (0.1793) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Ex. 

kurt. 
2.3208*** 6.3073*** 1.6516*** 7.5888*** 5.8223*** 6.3620*** 9.6718*** 7.8768*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

J.B. 186.0541*** 1153.6201*** 74.6342*** 1678.5336*** 956.9973*** 1125.9013*** 2544.2928*** 1772.3608*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ADF -7.3298*** -8.5517*** -6.6395*** -6.9444*** -6.9434*** -6.8868*** -7.1207*** -6.1552*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

PP -13.0931*** -14.0881*** -12.5913*** -14.6134*** -14.6781*** -13.5689*** -14.6847*** -14.7652*** 

 (0.000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

ERS -4.9838*** -4.2805*** -2.9738*** -2.3214** -3.3940*** -4.8608*** -3.6390*** -4.9033*** 

 (0.0000) (0.0000) (0.0031) (0.0206) (0.0007) (0.0000) (0.0003) (0.0000) 

Q(20) 179.3346*** 206.6019*** 194.6594*** 154.4621*** 159.2115*** 198.2552*** 161.0589*** 161.4309*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Q2(20) 266.6192*** 521.5896*** 362.4538*** 375.5116*** 363.5644*** 506.9197*** 374.3226*** 377.4834*** 

 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

 

Note. This table consists of descriptive statistics from the log differences, multiplied by 

100, of two-day moving averages. Each sample is seperated into a panel. Panel A shows 

results for Iceland’s capital controls period, from the 13th of March 2012 to the 5th of 

June 2015. Panel B for the period of Iceland’s financial liberalization, from the 5th of 
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June 2015 to the 25th of September 2019. Panel C for Iceland’s frontier classification 

period, from the 26th of September 2019 to the 1st of July 2022. Mean represents the 

average values of the returns, which are two-day moving averages of log differences. Max 

and Min are the maximum and minimum values, respectively. Std. dev. are the standard 

deviations. Skew. represents skewness, followed by their respective p values (D’Agostino, 

1970). Ex. kurt. is the excess kurtosis (Anscombe & Glynn, 1983). J.B. is the Jarque-Bera 

statistic (Jarque & Bera, 1980). ERS is the DL-GFS (Elliott et al., 1996) test statistic with 

four lags. Q(20) and Q2(20) are weighted Ljung-Box statistics (Fisher & Gallagher, 2012) 

with 20 lags. 

*p < 0.1. **p < 0.05. ***p < 0.001 
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Appendix C 

Table C1 

Kendall‘s Rank Correlation Coefficients for the Three Sample Periods 

Panel A: Iceland’s Capital Control Period 

13 March 2012 – 5 June 2015 

 Denmark Finland Iceland Norway Sweden Germany 
United 

Kingdom 

United 

States 

Denmark 1.0000 0.4321 0.0256 0.3832 0.4677 0.4480 0.4272 0.3170 

Finland  1.0000 0.0171 0.4929 0.6126 0.6015 0.5612 0.4733 

Iceland   1.0000 0.0099 0.0212 0.0066 0.0426 0.0249 

Norway    1.0000 0.4737 0.4847 0.5314 0.4235 

Sweden     1.0000 0.5993 0.5959 0.4747 

Germany      1.0000 0.5753 0.4767 

United 

Kingdom 
      1.0000 0.4999 

United 

States 
       1.0000 

 

 

Panel B: Lifting of the Capital Controls Period 

8 June 2015 – 25 September 2019 

 Denmark Finland Iceland Norway Sweden Germany 
United 

Kingdom 

United 

States 

Denmark 1.0000 0.4199 0.0372 0.3484 0.4279 0.4398 0.3875 0.3281 

Finland  1.0000 0.0455 0.5003 0.6217 0.6199 0.5221 0.4392 

Iceland   1.0000 0.0327 0.0479 0.0477 0.0226 0.0078 

Norway    1.0000 0.5152 0.4716 0.5119 0.3755 

Sweden     1.0000 0.6391 0.5484 0.4489 

Germany      1.0000 0.5513 0.4604 

United 

Kingdom 
      1.0000 0.4218 

United 

States 
       1.0000 
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Panel C: Iceland’s Frontier Classification Period 

26 September 2019 – 1 July 2022 

 Denmark Finland Iceland Norway Sweden Germany 
United 

Kingdom 

United 

States 

Denmark 1.0000 0.3790 0.2115 0.2747 0.4175 0.4185 0.3415 0.3341 

Finland  1.0000 0.2977 0.4980 0.6952 0.6320 0.5618 0.4062 

Iceland   1.0000 0.2090 0.2958 0.2989 0.2676 0.2341 

Norway    1.0000 0.4907 0.4726 0.5189 0.3162 

Sweden     1.0000 0.6704 0.5824 0.4193 

Germany      1.0000 0.6035 0.4630 

United  

Kingdom 
      1.0000 0.3759 

United  

States 
       1.0000 
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Figure D1 

Total Directional Connectedness From Other Markets 

 

Appendix D 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. The figure displays the impact of shocks a market receives from all other markets. 
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Figure D2 

Total Directional Connectedness to Other Markets 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. The figure displays the impact of shocks a market transmits to all other markets. 
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Figure E1 

Sensitivity of the Total Connectedness Index to Variable Exclusion 

Appendix E 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. The figure depicts estimations for the Total Connectedness Index (TCI). Excl. 

(Variable) depicts an estimation of the TCI when a specific market is excluded. For 

example, the red line depicts the TCI when Iceland is excluded. Model specifications for 

the estimations are the same ones that are used for the estimated static and dynamic 

measures in chapter 5, see notes under Table 3 on page 34. 
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