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Abstract 
The purpose of this study is to investigate changes in dynamic conditional correlations 
between Swedish equity sector indices and commodities using oil, gold, copper and a general 
commodity index. Additionally the purpose is to evaluate which of the two methods, DCC-
GARCH or GO-GARCH that is more efficient in estimating correlation for hedge ratio 
calculation. Daily data on the FTSE30 index of Sweden and its sector indices have been 
studied between the years 1994 and 2017. A DCC-GARCH (1,1) and GO-GARCH (1,1) 
model with one autoregressive term AR(1) using multivariate Student t- and Multivariate 
Affine Negative Inverse Gaussian distribution were used to estimate conditional correlations. 
Correlations between Swedish FTSE30, its sector indices and commodities are considerably 
lower than previous research has found American or emerging markets correlation with 
commodities to be. This suggests better diversification opportunities with commodities for 
the Swedish market. Optimal hedge ratios (OHR) was calculated and back tested using a 
rolling window analysis with 1000 days forecast length and 20 days re-estimation window 
and evaluated using a calculated hedge effectiveness index (HE). Determined by HE, copper 
is the best hedge for the Swedish composite FTSE30 and sector indices using conditional 
correlation from the GO-GARCH during the data period. Gold is considered as a semi-strong 
safe haven due to its negative correlation with all sectors. Additionally, this study identifies a 
temporarily large increase in the correlation between the Swedish equities sectors and 
composite index with commodities around the years 2015/2016. This study also emphasizes 
the difference between stressful and calm periods in the market.  
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1 Introduction 

1.1 Background 
The dynamics of correlation are suggested to change over time, which requires risk 
diversification strategies with commodities to be updated regularly. Revisiting correlation 
estimation and hedge ratio calculations is therefore constantly important. These issues can be 
modelled with a great variety of methods, which are also developed over time and applied on 
new and fragmented markets. Following the burst of the IT-market bubble in the year 2000, 
the Stockholm stock exchange more than halved in value between its peak in the year 2000 
and the lowest point in the year 2002. Considering a more recent event, the global financial 
crisis in the year 2008 caused the Stockholm stock exchange to drop to two thirds of its value. 
These dramatic changes in value are indeed a source of heavy discomfort for many investors. 
Market crashes created an incentive for large investors to find negative or non-correlating 
assets to balance out large market movements. When the markets became volatile, investors 
sought to invest in safe havens or use hedges for a more long-term commitment. 
Commodities have historically had low correlations with the equity markets and are therefore 
a favorable choice for stock market hedging (Silvennoinen and Thorp, 2013). Specifically, 
commodities have been considered a good hedge against inflation. This is because inflation, 
being the increase of prices, is expected to impact commodity markets proportionally (Stoll 
and Whaley, 2010).  
 
During the first decade of the 21st century, purchases of commodity index derivatives 
increased by 130 percent (Basher and Sadorsky, 2016; CFTC, 2008). Especially during the 
global financial crisis around the year 2008 the price level on commodities rose which argued 
by Masters (2008), were the effect of speculations rather than the result of real market 
demand for commodities. An increased volatility as well as inflow of new actors and capital 
in commodities suggests that the markets have become more financialized, meaning that the 
commodities themselves have become more correlated with each other as well as with stock 
markets (Tang and Xiong, 2010). The increase in correlation between equities and 
commodity futures in the US have been found to originate from the increased volume of 
taken hedging positions, primarily by large investors (Büyüksahin and Robe, 2014).  
 
Hedging positions is primarily of interest for large investors e.g. pension funds and insurance 
companies (CFTC, 2008) that need to maintain long-term value while simultaneously 
securing the outgoing cash flows. Additionally this is of interest for hedge funds that seek to 
reduce or eliminate risk. Low correlation between equities and commodities would infer that 
the inclusion of a commodity position in a portfolio would lower the joint risk of the portfolio 
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while retaining return (Stoll and Whaley, 2010). Given that equity market investors seek safe 
havens, which exhibit low correlation with the investment, the correlation measurement 
becomes a key factor in investment management. Furthermore correlation also becomes an 
important factor for risk managers that require more long-term hedge instruments. The size of 
a position in a hedge instrument is dependent on the hedge ratio. The hedge ratio is the 
product of the correlation and the standard deviation of the investment's return per standard 
deviation of the hedge instrument's return. Therefore, the correlation becomes determinant for 
how many contracts an investor must buy in order to hedge a position. This implies that a low 
correlation require less contracts whereas a high ratio requires more contracts. Consequently, 
more contracts infer higher costs of hedging, and increased correlations in between 
commodities and equities would therefore result in increased costs for risk managing equity 
positions. (Hull, 2012, p. 57-59) The cost perspective as well as the general value of a hedge 
position for risk managers or investors emphasizes the importance of correct correlation 
measurement.  
 
The dynamics of volatility is difficult to capture since the estimation techniques differ and are 
constructed upon varying assumptions. To date, there is no definite model, however, variants 
of Bollerslev's (1986) Generalized Autoregressive Conditional Heteroscedasticity, or 
GARCH have shown to be very popular. Much of contemporary research revolves around 
different models and their effectiveness. Engle's (2002) model of dynamic conditional 
correlation DCC-GARCH has been given a lot of attention because of the simplification of 
multivariate GARCH. Simultaneously van der Weide (2002) developed the generalized 
orthogonal GARCH (GO-GARCH) from Alexander's (2001) O-GARCH model. The GO-
GARCH did not receive the same attention as the DCC model because it required more 
powerful computational resources. GO-GARCH, was introduced as a theoretically better 
model because it captures more essential factors in the dynamics of volatility than the DCC. 
Since Zhang and Chan (2009) as well as Broda and Paolella (2009) found that 
orthogonalizing the covariance matrix via independent component analysis (ICA) was 
equally effective and produced as good results, the GO-GARCH model estimation has 
become a simpler task. Comparisons between the models have been done indicating that the 
GO-GARCH model is more effective than DCC in calculating hedge ratios for gold (Basher 
and Sadorsky, 2016). Although, it does not necessarily mean that the GO-GARCH produce 
consistent result regarding all commodities and markets. 
 
Correlations are not as simple as a single calculated coefficient of how two data series change 
with respect to each other since correlations can change over time. Time varying correlations 
between commodities and equity markets have been thoroughly researched during the last 
decade. However, little if any research has been done on the Swedish stock markets 
correlation dynamics and even less on sector level markets and commodities correlations. 
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Hence, it lies in the interest of investors and risk managers, as well as researchers to further 
investigate correlation dynamics on the Swedish market. Studies of dynamic correlation and 
changes in OHR’s have been done on European market, extensively on the US markets and 
increasingly on emerging markets. Arouri et al. (2011) found that conditional variances 
differed significantly between sectors in European sector stock indices.  
 
Returns in indices are an aggregate weighted reflection of the returns of individual equities or 
sector groups of equities. Therefore national indices does not fully account for differences 
between individual sectors. If, as an example, energy prices increase, energy related sectors 
should be affected differently than those of labor intensive sectors. The sectors with energy 
intensive inputs would then experience differences in returns since costs of inputs change 
(Lee and Ni, 2002). Because of heterogeneity like this in the market, research of correlation 
dynamics on large national indices only presents a narrow representation. This is a gap in the 
research which this study will contribute to filling for the Swedish market. Additionally, there 
is a discrepancy from a practical perspective concerning investors that are looking to hedge 
positions on sector level using a low correlation relationship with commodities. They are 
reasonably not considering to hedge positions in commodity intensive sectors and this 
constitutes an additional reason for investigating separate sectors rather than the aggregate 
national market.  
 
The sector level perspective of dynamic correlation is of interest for risk managers as well as 
investors in specific sectors as a complement to situations when more precise instruments do 
not exist i.e. derivatives. Because returns differ between sectors, the correlations with 
commodities should reasonably differ. Therefore, hedging equity positions with hedge ratios 
calculated from national equity indices is perhaps not the most efficient way to utilize 
commodity hedging. Instead, since different equity sector indices do not move 
simultaneously, the correlations between sector indices and different commodities should be 
investigated and used to calculate contemporary hedge ratios. Because it can be assumed that 
the conditional correlation or hedge ratio are not constant over time and that they are market 
specific, this subject is relevant to revisit on occasion. 

1.2 Purpose 
The purpose of this study is to investigate changes in dynamic conditional correlations 
between Swedish equity sector indices and commodities using oil, gold, copper and a general 
commodity index. Additionally the purpose is to evaluate which of the two methods, DCC-
GARCH or GO-GARCH that is more efficient in estimating correlation for hedge ratio 
calculation. 
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1.3 Research questions 
1. How have the conditional correlations of returns changed over time between Swedish 

sector indices and commodities? 
2. How does the correlations change dependent on method between the DCC-GARCH 

and GO-GARCH? 
3. What implications do the current correlation dynamics have in terms of hedge ratios 

for investors and risk managers? 

1.4 Limitations 
Most limitations in the extent of the study are time related but the study is also limited by 
accessibility to computation power in the heavy and time consuming calculations that are 
required. With more computational power available or more time, a more extensive array of 
robustness testing could be applied. Such test would include testing the rolling window 
analysis with other forecast lengths as well as other re-estimation frequencies. The study is 
also limited to large equities due to the availability of return series since the composite index 
with long returns consists of the largest stocks in Sweden. Since the forecast period is limited 
to 1000 days when estimating the hedge ratios, it is also implied that this study is only able to 
take a snapshot of hedge ratios and evaluate them. Implementing the strategy in reality would 
require to frequently make new calculations and evaluations. 

1.5 Ethics 
Since the study applies conventional methods in economics, it does not engage in any 
primary data collection and the data is financial time series, any potential ethical implications 
are considered to be minor. The study will, however, be performed with the utmost 
responsible scientific conduct in mind, reliant on the principles defined by Vetenskapsrådet 
(2011).  
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2 Literature review and theoretical framework 

2.1 Correlation 
Different GARCH models have been applied to study correlation and volatility dynamics. 
The different models at hand have different purposes such as e.g. estimating asymmetric 
characteristics or modeling structural changes in the series. The complicated issue is to try 
and capture all the elements that can affect the correlation and volatility. That is why previous 
studies apply a variety of methods besides the two which are given attention in this study. 
Chang et al. (2011) study hedging possibilities of crude oil spot prices with futures using 
different methods. They apply four different multivariate (M)-GARCH-models, the BEKK-, 
CCC-, DCC and VARMA-GARCH, which they evaluate from a hedging capability 
perspective using HE. The study is done using daily closing prices of both Brent and WTI oil 
from the 4th of November 1997 until the 4 of November 2009. Chang et al. (2011) 
recommend the DCC model as the best model in their case and conclude that the hedge ratios 
are time varying. 
 
Creti et al. (2013) used the DCC model over the period of January 2001 to November 2011 to 
further study the links between the price returns of the S&P 500 stock market and 25 
commodities such as different agricultures, metals and minerals as well as energy 
commodities. The study contributes to the collective emphasis of studying dynamic 
correlations between stock markets and commodities but also impacts of financialization. 
One of the main findings of the study is that correlations to the stock market has periods of 
high volatility during stock market stress, especially gold, copper and oil. Furthermore, a 
distinction is made between commodities suggesting that financialization is asymmetrically 
evident in different commodities, e.g. oil is singled out as being a very popular speculative 
commodity. Theoretically, Creti et al. (2013) argues that the oil price should have a negative 
relationship to stock markets, at least in the industrial sectors. Since, when oil price increase, 
the costs of inputs like energy, transport, increase and thus decreasing margins for dividend 
and causing stock prices to decline. Additionally, the study confirm the perception of gold as 
a safe-haven instrument during the financial crisis 2008, having observed an initial negative 
correlation increase to about zero.  
 
Sadorsky (2014) investigated the correlations between the prices of emerging market stock, 
oil, copper and wheat. The study argued that the increasing financialization requires a new 
way of thinking when diversifying portfolios. Sadorsky (2014) compared a VARMA-
AGARCH and DCC-AGARCH model using daily data between the year 2000 and 2012. 
They found evidence of time-varying correlations, which they used to calculate new hedge 
ratios. The DCC-AGARCH is able to model asymmetric volatility characteristics by 
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estimating an asymmetric parameter which if significant indicate whether or not negative 
returns increase volatility more than positive returns. The vector autoregressive moving 
average (VARMA)-AGARCH, is used with the same purpose but further specifications of the 
mean equation. The study found that oil is a cheap hedge alternative with emerging market 
stock prices in comparison to the other commodities. Furthermore copper was described as 
sensitive to business cycles and having potential predictive characteristics. Lin et al. (2014) 
studied the volatility dynamics between Brent oil and the Ghanaian stock market returns and 
calculated hedge ratios accordingly. They used a VAR-GARCH, VAR-AGARCH and a DCC 
model in order to model the volatility on weekly data between 7th of January 2000 to 31st of 
December 2010. Their result indicated the presence of short-term predictability in oil and 
stock market changes and they also suggested the DCC model as the best model for 
modelling volatility. Concerning risk management in the Ghanaian market, oil is suggested as 
a cheap and probable effective hedge. 
 
Basher and Sadorsky (2016) used daily data on emerging markets, continuous futures of oil, 
gold, bonds and VIX-index for the time period 7th of January 2000 to 31st of December 2010 
with the purpose of estimating and evaluating hedge ratios and investigating correlations. In 
their variables they found volatility clusters at the time of the global financial crisis around 
the year 2008. The study used a DCC (1, 1) model with an AR (1) term and a GO-GARCH 
model, which were estimated with multivariate Student t-distribution (mvt) and Multivariate 
Affine Negative Inverse Gaussian (MANIG) distribution respectively. In all variables they 
found short- and long-term persistence. Additionally the authors found that the correlations 
between the hedge instruments and emerging markets was mean reverting, thus eliminating 
the possibility of any exploding processes in the conditional correlations. Correlations 
between emerging markets and oil were found to be trending downwards. Between the DCC 
model and the GO-GARCH model they found the estimated correlations to differ generally in 
the sense that correlation estimated from the GO-GARCH model were much more stable over 
time. In the different correlation estimates, gold was generally positively correlated with 
emerging markets which Basher and Sadorsky (2016) account to the cultural significance of 
gold in many emerging markets, since gold and equities generally are thought to have an 
inverse relationship. Pearson correlations between correlations in Basher and Sadorsky 
(2016) are low between the DCC and GO-GARCH model, but however high between DCC 
and ADCC. The study also presented out-of-sample estimated OHR’s, which for gold were 
relatively more stable over time. Generally the GO-GARCH’s OHR’s have less variance. The 
hedge ratio from the DCC is concluded to be less effective for hedging emerging markets 
with gold but better than GO-GARCH using oil. Oil is also concluded to be the best hedge 
under the circumstances. Additionally the hedge ratio from the DCC model has a low 
correlation to the hedge ratio computed from the GO-GARCH model.  
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Baur and McDermott (2010) identified gold as a good hedge and strong safe haven for all 
European markets where Sweden was not specifically in the sample, however the German 
market was, which is very similar to the Swedish. The authors distinguished between strong 
and weak (negative and zero correlations) safe havens and implied that gold's price move in 
opposite patterns as the equity markets, thus potentially reducing financial losses if held as a 
risk management tool. The study was done on several data frequencies (daily, weekly and 
monthly) with a quantile regression approach on 53 countries in the world as well as on 
regional level for the years March 1979 to March 2009. The study made the distinction 
between safe haven and hedge as a perspective of time, a hedge being a long term 
characteristic of the commodity and safe haven, a safe investments during negative shocks to 
the financial markets, specifically one-percentile events. They also suggest that assets held 
for hedging purposes might synchronize with equity markets in volatile time periods since 
they are liquidated along with the main, equity asset. 
 
While a lot of research have been done on safe havens from the volatility of the equity 
markets and the shift of investment to e.g. gold in financial stress Chan et al. (2011) found a 
“flight-from-quality” relationship on the linkages between stocks and gold in times of 
financial stability. They used a Markow Switching Intercept Autoregressive model on the 
S&P 500 stock market index, West Texas intermediate oil price and gold spot price with 
monthly data between January 1987 and December 2008. The study found that during periods 
of low volatility and high returns there is a shift of investment from gold to equity markets. 
During financial stress and volatile periods which is characterized by decreasing stock 
returns, there is evidence of flight to quality, from oil and equity markets to gold thus driving 
gold prices. Previous research reveals an inconsistent use of GARCH-models, which 
emphasizes the difficulties in modeling volatility. Additionally, the majority of conducted 
studies use national markets, leaving sector indices unsatisfactory investigated.  

2.2 Financialization 
The definition of financialization is broad. To clarify the interpretation of financialization this 
study will follow Epstein's (2005) definition. That is, that financialization is considered as a 
collection of economic concepts that increases the domestic and international economic 
activity. In the perspective of commodities, financialization is commonly used in referring to 
how the activity in the commodity market has increased. This implies that the commodity 
market has evolved from simply being a market for commodities, to becoming more like the 
equity market, which is characterized by investments and speculations. That entails 
integration in the other financial markets as well as the risk of volatility spillover. 
 
Cheng and Xiong (2014) reviewed the existing literature on financialization and described 
how investing in commodities has been shown to distort signaling effects of commodity 
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markets as a health indicator of the global economy. Previous to when financialization is 
supposed to have occurred, commodity markets were seen as an indicator of growth rates and 
inflation because of its underlying distinct global supply and demand mechanisms. In their 
study, Chen and Xiong (2014) recognized that a consensual conclusion had been made, 
attributing rising commodity prices during the 21st century to the rapid growth of emerging 
markets. However, they dismissed this argument as an explanation to commodity price surges 
in early 2008. In explorative studies of the actors in commodity markets, the literature has 
historically concentrated on describing commercial traders and non-commercial traders. 
Commercial actors are managing risks for commodity related business, whereas 
noncommercial actors are primarily hedge funds. Since around the year 2000 however, a new 
actor has been identified which is the ‘index speculator’ who is accounted for the large 
investment inflows through the years 2004, 2005 and 2006 that pushed up price levels. 
 
Tang and Xiong (2012) investigated the causes of the rapid growth of index investments in 
commodity markets on daily data between 1998 and 2008. They found that the prices of 
commodities no longer seem to be determined solely by supply and demand. They illustrate, 
using regression analysis, the increasing correlation between oil prices and non-energy 
commodities and argue for the diversification possibilities as one of the major reasons. 
According to Tang and Xiong (2012), financial investors will continue to use commodities as 
long as they fulfill their function as the preferred hedge. This indicates that investors also 
affect the commodity market, which needs to be taken into consideration.  
 
Tang and Xiong’s (2012) results are supported by Silvennoinen and Thorp (2013). They 
analyze the impact of financialization in terms of correlation dynamics in order to distinguish 
gradual changes. Using a double smooth transition conditional correlation (DSTCC)-GARCH 
they are able to estimate structural breaks in the conditional correlation between stocks, bond 
and commodities. With weekly data between the years 1990 and 2009 they find that 
correlation have risen from 0 to almost 0.5 between commodities and American stock 
markets. Silvennoinen and Thorp's (2013) argue that the markets gets more integrated over 
time and unlike findings from some contemporary studies it does not appear to decrease. The 
study is built from the perspective that commodities are a safe haven instrument, which it 
now argues, does not apply any more. From the perspective of risk management, the 
increased correlation is of course not desirable as it would serve useless for hedging, but 
Silvennoinen and Thorp (2013) have an investor perspective like many studies on the subject 
and are more concerned with finding uncorrelated investments when financial markets are 
volatile. 
 
The increasing correlation induces possible consequences for financial investors’ usage of 
commodities. As Tang and Xiong (2012) states, commodities is a popular diversification tool, 
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but the increasing correlation rates presented by Silvennoinen and Thorp (2013) implies more 
expensive hedge costs. Therefore, financial investors will have to be prepared to allocate 
more capital to cover the increasing costs, and it can create incentive for financial investors to 
find other assets with low correlation instead of the costly commodities. As a result of 
increasing financialization, Baele (2005) suggests that spillover effects between markets 
increases. Baele (2005) investigates the financialization effects on the interdependence for 
Western European countries with weekly data between 1980 and 2001. Using a regime 
switching model, Baele (2005) quantifies volatility spillover and argue that it is dependent on 
the increasing market integration. The study argues that increasing trade integration, equity 
market developments and low inflation affects the intensity of volatility spillover. However, 
Baele (2005) did not investigate the extension of the spillover effect or the market's 
sensitivity to volatility spillover.  

2.3 Portfolio theory 
Markowitz (1952) presented the classical mean-variance asset allocation theory where a 
portfolio maximizes its expected return given a predetermined risk, in this case the variance.  
Markowitz's (1952) primary contribution was the perspective of considering the overall 
portfolio risk instead of individual assets alone. The benefit is that risks can cancel out each 
other, thus lowering total risk. The concept requires calculation of correlation and covariance 
matrix in order to analyze the assets behavior towards each other. This allocation approach 
has been the underlying factor to why investors diversify in non-financial assets such as 
commodities in their portfolios. Markowitz (1952) approach has been a cornerstone in 
modern portfolio theory and is one of the main methods in portfolio management used on 
Wall Street (Berk and DeMarzo, 2013). As correlation is a key factor to an efficient portfolio 
of Markowitz's framework, it relies on the values being accurate. Therefore, portfolio 
optimization deduces back to the fundamentals of measuring correlation, which emphasizes 
its importance. 

2.3.1 Sector strategies 
Depending on the business cycles current state, an investment strategy is to allocate capital to 
specific industries with a sector rotation strategy. There are some different approaches to this 
strategy depending on the investor's main goal. The investor can either choose to diversify 
through it or try to take advantage of the momentum through market timing in order to beat 
the market (Bodie et al. 2011). To clarify this strategy, consider a macroeconomic situation 
consisting of high inflation, interest rates and demand for commodities. This indicates the 
possibility of an overheated market. When a sector’s business cycle is near its peak like this, 
the more profitable investment should be in sectors such as energy, materials or industrials. 
On the other hand, when the business cycle tilts and enters a contraction, other sectors 
perform better than the previous sectors. When in contraction, people tend to consume less 
and return to the products that fill their fundamental needs, such as food, medicals etc. These 
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are also examples of sectors that are performing better at this stage, and that is why the 
investors reallocate their assets. Consequently, this leads to new rotations when the business 
cycle enters a recession and then the expansion phase (Bodie et al. 2011).  
 
Among the previous research there are mixed thoughts about the practical implementation of 
the strategy. Stangl et al. (2009) questions the strategies profitability. In order to test the 
strategy, they construct a best scenario process by equally weighting the portfolio into all 
sectors. Stangl et al. (2009) then use market timing, based on the NBER1 cycle, when 
entering a new business cycle stage. Their analysis includes ten business cycles in a 
timeframe between 1948 and 2007 where they focus on sub-samples in a monthly ratio. They 
could not find any evidence supporting sector rotation instead even though they sector rotated 
at the perfect time in the business cycle. Conover et al. (2008) uses monetary policy shifts as 
indicators on a timeframe of 33 years on yearly data in the U.S. They illustrate evidence of a 
sector-rotation strategy outperforming the market, an equally weighted benchmark portfolio 
and the studies best performing sectors. Another study by Froot and Teo (2004) investigates 
the institutional investors’ trades by characteristics. They allocated equities in five style 
dimensions (size, sector, country, cyclical and value) where each dimension was equally 
weighted. The data extended over 1995 to 2001 and were analyzed on a yearly basis. They 
found evidence that institutional investors values the equities sector and use it to allocate their 
capital. Avramov and Werner (2006) also emphasize the importance of industry allocation. 
Their data period is between 1975 and 2002 and monthly increments. They found that those 
mutual funds that were outperforming were those who treated sector allocation as essential. 
 
Bodie and Kane (2013) imply that the difficulties with a sector allocation strategy lie within 
stages of the business cycle. Not only is it difficult to identify the current business cycle stage 
but also its length and depth. According to Bodie and Kane (2013), this is the part that is most 
essential and will decide if the investor will face a profitable outcome. Both Stangl et al. 
(2009) and Conover et al. (2008) also stress the importance of rotation variables despite that 
they present contradicting results. Besides this, both Froot and Teo (2004) and Avramov and 
Werner (2006) argue for sector analysis to be vital when constructing a portfolio. The sector 
rotation analysis strategy is from an investment perspective an area where hedging sectors 
would serve as a useful tool. In a situation between rotation phases, there would probably be 
a lot of uncertainty concerning the timing of rotation. An additional situation is also possible 
where no profitable sectors can be identified. In situations like this, hedging sector returns 
could mitigate volatile periods and ease the investment transition into new sectors. 

                                                
1 National Bureau of Economic Research (NBER) is a U.S government department that is responsible for dating 
business cycles.  
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Furthermore, the research on sector rotation and sector allocation serves to highlight the value 
of a sector based perspective. 

2.4 Volatility Spillover 
A consequence of integrated markets is that events, such as local or regional shocks, are not 
isolated in the origin country. The behavioral change in risk, or volatility is one of the effects 
that may spillover due to events such as financial crises. (Xiangli et al. 2014) 
Ewing et al. (2003) showed how sectors of S&P 500 reacted independently of each other 
from macroeconomic shocks during the period January 1988 until July 1997. The study used 
a generalized impulse response analysis with monthly data. The specific results are not as 
important in this study as the issue of differentiating between sectors and identifying the 
asymmetrical reactions of external factors to sector level returns. 
 
Malik and Ewing (2009) investigate the volatility transmission across five equity market 
indices (financials, industrials, consumer services, healthcare, and technology) and oil prices. 
They use bivariate GARCH models on weekly data from 1st of January 1992 to 30th of April 
2008 with the aim to better understand volatility transmission in order to precise optimization 
of portfolio allocation. An important difference made in the study is that of contagion and 
volatility spillover. Volatility spillover is considered as the spread of volatility in returns 
which is suggested to derive from increased hedging and market integration. Contagion 
however, is defined as the spread of shocks in the financial system, which in turn results in 
volatility spillover. Additionally, contagion is described as a more short term phenomena. 
Malik and Ewing (2009) found evidence for indirect and direct spillover effects between oil 
prices, technology, consumer services and health care sector. Financial and industrial sector 
were seemingly unaffected by shocks in the oil market, which, in the case of industrial sector 
is suggested to be because actors in the industrial sector have learned to manage oil risks. 
They argue that their result support the idea of cross-market hedging and sharing information 
to increase the general understanding of the volatility transmission mechanism. The study 
concludes that understanding spillover effects and the market sector perspective is essential to 
portfolio risk management since market sector investing has become more common. 
 
Arouri et al. (2011) studied the extent of volatility spillover between oil and stock market 
assets on a sector level. The study was performed on the S&P 500 sector level U.S indices 
and European Dow Jones Stoxx 600 sectors index where Sweden was part of the 
composition. The method used was a multivariate VAR-GARCH to examine the 
directionality on weekly data from January 1998 to December 2009. In the different markets, 
the studied sectors were automobile, basic materials, technology, telecommunications and 
utilities. They conclude there are a unidirectional spillover from oil to stock markets in 
Europe and a bidirectional relation between (Brent) oil and stock markets in the U.S. In the 
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European sectors the volatility in oil price spills over to all but the automobile sector, which 
could be accounted to same reasoning as for industrial sector identified by Malik and Ewing 
(2009). They argued that the typical oil dependent sector have possibly developed the risk 
management tools to protect against oil price shocks. Accordingly, Arouri et al. (2011) found 
industrial sector in Europe to be resistant to oil price shocks as well. The study recommend to 
consider past oil shocks when making volatility forecasts of stock returns and stress the 
importance of studying this on sector level because of the heterogeneous impact oil price 
fluctuations can have on different equity sectors.  
 
The oil is suggested by Arouri et al. (2011) to be a useful asset in portfolio hedging. Notable 
is that the OHR’s varies which entails different hedge costs and needs to be taken into 
consideration. The industrial sector is identified in the study as having a high hedge ratio, 
which consequently implies higher costs of hedging. The hedge ratios was compared between 
different estimation methods and resulted in OHR’s for financial sector of 0.001 and 0.009 
with VAR-GARCH and DCC-GARCH respectively in the European market. 0.165 and 0.175 
for industrial sector, 0.2 and 0.194 for the composite DJ EU index. Additionally HE were 
calculated to evaluate hedge performance and risk reduction which resulted in generally 
higher variance and lower HE for the DCC-GARCH. Both Malik and Ewing (2009) and 
Arouri et al. (2011) emphasize the importance of volatility spillover. From these two studies 
the importance of managing volatility spillover is argued, regardless of econometric 
approach. Whether it is included in the modeling or externally analyzed depends on the 
model of choosing. The preferred method for hedge ratio construction should be models that 
include spillover effects in order to optimize the estimations.  
 
Choi and Hammoudeh (2010) used a markow regime switching GARCH and DCC-GARCH 
model with weekly spot price data for S&P 500, the commodities WTI oil, Brent oil, gold, 
silver and copper during the period 2nd of January 1990 until 1st of May 2006. During the 
period, Pearson correlations are positive in all cases, even for gold. Furthermore the Pearson 
or unconditional correlation against Brent oil is very low (0.008). The study used a high 
volatility regime and low volatility regime with consistent result over all commodities 
indicating that highly volatile periods comes less often than periods with low volatility. Brent 
oil and gold are found to have relatively long durations of low volatility regimes 73 and 61 
weeks respectively. Copper however displays patterns of volatility regime switching with 
only 29 weeks in the low volatility period. Choi and Hammoudeh (2010) identify a change in 
correlations, with higher levels since 2003 between the commodities. The findings might be 
an impact of a more financialized market. However, hedging potential against stock markets, 
oil, gold and copper are identified as promising hedge instruments because of lately 
decreasing correlations.  
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3 Method and Data 
When modeling time series with ARCH and GARCH, standard regression setups or OLS is 
not applicable. ARCH and GARCH consist of two equations, the second moment (variance) 
is dependent on the first moment (mean). In estimating these, the maximum likelihood (ML) 
estimation is necessary. The ML estimation is an iterative process choosing the parameters 
based on the likelihood function and fit to a distribution. The unknown parameters will 
therefore equal the value that provides as high probability as possible (Gujarati and Porter, 
2009). ML Estimation requires the sample size to be large and the distribution to be assumed. 
Furthermore, ML has the advantage of applicability in regression models that are non-linear 
(Gujarati and Porter, 2009).  

3.1 ARCH/GARCH 
High volatility in time series is often followed by high volatility in subsequent periods. When 
consecutive time periods have patterns of increased volatility, it is referred to as volatility 
clustering. Formally, the variance in the error term is dependent on the squared error term in 
periods before (Verbeek, 2012:325). This is a violation of the requirements for ordinary least 
squares modeling and solved by using ARCH models. 
 
The origin of the GARCH-model (Bollerslev, 1986) is the ARCH by Engle (1982), which 
implies that the variance in a point in the series is dependent on the variance in previous 
points in contradiction to being constant (homoscedastic) which is an assumptions in the OLS 
model. The dependence on previous variance is often referred to as conditionality, that the 
variance in a period is dependent on the information in previous time periods. The GARCH 
models parameters are α and β, which if sum up to more than 1 indicates an explosive 
process, exactly 1 indicates an exponential decay of the volatility (never ending) and a unit 
root (non-stationarity), but the desired result is α  + β <1 which results in a mean reverting 
process (Verbeek, 2012:326). Most often the best model is a GARCH (1, 1) (Verbeek, 
2012:326), Rheinhard-Hansen and Lunde (2001) also empirically found that amongst the 
most common models in the GARCH-family it was the best one. 

3.1.1 DCC 
One of the key issues in estimating multivariate GARCH-models is its many parameters and 
how they increase exponentially (Asai and McAleer, 2012). The major advantage of the DCC 
model is its simplification of the conditional correlation and covariance matrices, making it a 
fast and easy model to estimate (Asai and McAleer, 2012). However, critique against the 
model is that the conditional covariance from the model has no real meaning (Caporin and 
McAleer, 2013). Still, it is one of the most recognized methods today in correlation 
measurement, which makes it an obvious choice to test. Many of the models in the GARCH-
family has their own specific applications. Basher and Sadorsky (2016) concluded that HE is 
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higher for hedge ratios constructed from the GO-GARCH model when there is higher short 
term persistence in the volatility. This is evident in their study for gold, which they argue, can 
be accounted for by the GO-GARCH model. Therefore, there might be a fit and special 
circumstances for every model, and research revolves more about identifying the right fit for 
every situation. 
 
The DCC model 
    
  𝑟! = µ+ 𝑎𝑟!!! +  𝜀!      (1.1) 
 
Where 𝑟! is a vector of assets  
and  𝜀! =  𝐻!

!,!𝑧!       (1.2) 
 
And 𝐻! is the conditional covariance matrix of 𝑟! and 𝑧! is a n x 1 i.i.d. random vector of 
errors. The DCC-GARCH model by Engle (2002) is a two-step model, which relies on an 
initial estimation of the GARCH parameters and continues to estimating the conditional 
correlation. 
  𝐻! = 𝐷!𝑅!𝐷! = 𝐶𝑜𝑣 𝑟!  𝐹!!!)    (1.3) 
 
𝐻! Is the conditional covariance matrix, 𝑅! the conditional correlation matrix equation, 𝐷! is 
dynamic standard deviation put on the diagonal.  
 
  𝐷! =  𝑑𝑖𝑎𝑔(ℎ!,!

!,!,… , ℎ!,!
!,!)      (1.4) 

 
Where the diagonal in the matrix is standard deviations in time t and 𝐷! is the N-dimensional 
diagonal matrix in which the i: th diagonal element is 𝑑!,!. 
 
  𝑅! = 𝑑𝑖𝑎𝑔(𝑞!,!

!!,!,… , 𝑞!,!
!!,!)𝑄!𝑑𝑖𝑎𝑔(𝑞!,!

!!,!,… , 𝑞!,!
!!,!)    (1.5) 

 
Were ℎ! is the GARCH equation for a single return series.   
 
  ℎ!,! = 𝜔! +  𝛼!𝜀!,!!!! + 𝛽!ℎ!,!!!    (1.6) 
 
In which the coefficients 𝛼 + 𝛽 should not equal 1 or the conditional process will become 
exponential. The 𝛼 term represent short term persistence in volatility and 𝛽 represent the long 
term dito. Usually in time series the 𝛽 coefficient is significantly larger. If the coefficients are 
not statistically significant, it would suggest that a conditional heteroscedastic model is 
inappropriate. 
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𝑄! is a symmetric n x n matrix consisting of only real numbers which product is not 0 for any 
non-zero column vector (positive definite). 
 
  𝑄! = 1− 𝜃! − 𝜃! 𝑄 + 𝜃!𝑧!!!𝑧!!!! + 𝜃!𝑄!!!   (1.7) 
 
Where 𝑄 is the unconditional correlation matrix of standardized residuals 𝑧!,! and the sum of 
𝜃! + 𝜃! must be less than 1 for the model to be mean reverting. Additional to the α and β 
parameters the DCC model estimate θ parameters, which are interpreted similar to β and α 
but concerning correlation. 𝜃! is short term persistent conditional correlation and 𝜃! is long 
term persistent conditional correlation. 
  𝑧!,! =  𝜀𝑖,!/𝐻!,!

!,!      (1.8) 

 
Conditional correlation series is calculated as 𝜌!,!,!, for series i and j in time t. 
 

   𝜌!,!,! =  !!,!,!
(!!,!,!!!,!,!)!,!

      (1.9) 

3.1.2 GO-GARCH 
The GO-GARCH model by Van Der Weide (2002) is a generalization of its predecessor 
orthogonalized (O-GARCH), with the advantage of always generating a diagonal matrix with 
independent residuals. Additionally, the estimation of GARCH parameters and specifically 
conditional correlations becomes better with the GO-GARCH than the inferior O-GARCH. A 
practical comparison between the DCC- and the GO-GARCH model resulted in much less 
varying conditional correlations from the GO-GARCH model than the DCC (Boswijk and 
Van der Weide, 2006). The method for constructing the GO-GARCH model has since been 
revised, making its estimation and interpretation more applicable (Boswijk and Van Der 
Weide, 2011;Van der Weide, 2006). Basher and Sadorsky (2016) argue that the GO-GARCH 
model is motivated due to its flexible characteristics. Both the GO-GARCH and the DCC can 
estimate the time-varying correlation and the persistence in volatility, but the GO-GARCH 
model also captures the volatility spillover, which the DCC cannot due to its simplification. 
Moreover, the DCC is not closed under linear transformation, hence, limiting estimates and 
making it the theoretically less desirable model (Basher and Sadorsky, 2016). This, however, 
must be considered in light of the fact that GO-GARCH has not gained any momentum in 
research yet, nor has it explicitly been excluded as a viable alternative. 
 
The GO-GARCH model is: 
  𝑟! = 𝑚! +  𝜀!        (2.1) 
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Where: 
  𝑟!  is the returns  
  𝑚!  is the conditional mean 
  𝜀!  is an error term 
 
  𝜀! =  𝐴𝑓!        (2.2) 
 
Where 𝑓!is unobservable independent factors on which 𝑟! −𝑚! is distributed on. 
 
  𝐴 =  Σ!,!𝑈        (2.3) 
 
A is a constant mixing matrix of the unconditional covariance matrix Σ and the orthogonal 
matrix 𝑈 where rows in A are the different assets, and columns are the factors 𝑓!. 
 
  𝑓! =  𝐻!

!,!𝑧!            (2.4) 
where 𝐻! is a diagonal matrix and 𝑧! is a random variable.  
 
The orthogonal matrix 𝑈 is calculated with Independent Components Analysis (ICA) via R 
package fastICA (Broda and Paolella, 2009) 
 
  𝑟! = 𝑚! +  𝐴𝐻!

!,!𝑧!       (2.5) 
 
Expected value 𝐸[𝑧!] is 0 and 𝐸[𝑧!!] = 1 
 
The conditional covariance matrix(𝑟! −𝑚!): 
 
  Σ! =  𝐴𝐻!𝐴        (2.6) 
 

3.2 Hedging 
 
Hedge ratio 
  𝑅!,! =  𝑅!,! − 𝛾!𝑅!,!       (3.1) 
 
Where 𝛾! is the hedge-ratio, 𝑅!,! is the return of the hedged portfolio, 𝑅!,! 
Is the return of spot price or asset that we seek to hedge and 𝑅!,! is the future or contrary 
position. E.g. if an investor has bought 100 contracts of commodity A, then assuming that the 
hedge ratio to a future position of that commodity would be 1, then the investor would have 
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to sell 100 future contracts of the same commodity to be protected of any price movements. 
The principle can also be expressed that the return of the portfolio is the difference of the 
assets returns and the cost of the hedge. Where the cost of the hedge is determined by the 
hedge ratio. If the two assets has a hedge ratio of 1, the return of the portfolio would become 
0. 
 
The variance of the hedged portfolio conditional on the previous time period is : 
 
  𝑣𝑎𝑟 𝑅!,!𝐼!!! = 

  𝑣𝑎𝑟 𝑅!,!𝐼!!! − 2𝛾!𝑐𝑜𝑣 𝑅!,!𝑅!,!𝐼!!! + 𝛾!!𝑣𝑎𝑟 𝑅!,!𝐼!!!   (3.2) 
 
Which is used to calculate the OHR. The optimal ratio is the hedge ratio that minimizes in the 
variance of the hedged portfolio and is derived through an optimization of the partial 
derivative of the variance with respect to the hedge ratio:   

  𝛾∗𝐼!!! =
!(!"# !!,!!!!! )

!"
 = !"# !!,!!!,!!!!!

!"# !!,!!!!!
    (3.3) 

 
The OHR can be rewritten for two different assets i and j. Then the OHR is conditional 
covariance of i and j is divided by the conditional variance of j. Where i is the hedged asset 
and j is the instrument which is used to hedge, usually through a short position.  

  𝛾∗𝐼!!! =
!"# !!,!!!,!!!!!
!"# !!,!!!!!

       (3.4) 

The OHR is evaluated by measuring hedging effectiveness (HE), which is the difference in 
variance attributed to a hedged position from an un-hedged position. To clarify, it measures 
to what extent an instrument has had an effect as a hedge on the position which it seeks to 
protect. 
 

  𝐻𝐸 = !"# !"!!"#!" !!"#(!!"#!")
!"!(!"!!"#!")

       (3.5) 

 

The OHR is conditional on the variance in previous time periods, which is why rolling 
window analysis will be used to construct out of sample hedge ratios. The OHR is the 
optimized on information in 𝐼!!! for 1000 days intervals per 20th day. 

The hedge ratios were back-tested and evaluated through HE on out-of-sample formula in 
order to measure and ensure the performance. This simulated a portfolio consisting of the 
index position and the hedge in order to measure how effective the hedge position is in 
lowering portfolio volatility. In the rolling window analysis, specific time periods (or rolling 
windows) was executed and continuously switched one time period forward to the next 
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window. The analysis evaluated and simulated a situation where an investor re-estimated 
hedge ratios every 20th day in order to increase and test the robustness of the ratios. The 
hedging effectiveness was calculated for the 1000 observation forecast length, the result is the 
percentage difference of value added by the hedged position compared by the un-hedged 
position. 

3.3 Data 
The return series for the study has been collected from DataStream as daily data of closing 
prices. The sample period between 1994 and 2017 making up 6048 days and observations. 
Hwang and Pereira (2006) suggested that the number of observations should surpass at least 
500 for GARCH (1, 1) modeling. Boswijk and Van der Weide (2006) evaluated the 
consistency of the GO-GARCH with root mean squared error (RMSE) for different sample 
sizes between n=1000 and n=6000. They showed a marginal difference between sample sizes 
with ML estimation in sample sizes n>1000. The volatility dependence on previous time 
period's volatility is observable primarily in higher frequencies of data such as daily or 
weekly data (Verbeek, 2012, p. 325). Though financial time series often was available in 
even higher frequencies i.e. hourly, per minute or continuous, a consideration has been made 
to the noisiness of higher frequency data. Daily data captured the GARCH effects, and using 
daily data offered five times the number of observations than weekly. Additionally, it is a 
conventional frequency to use when studying conditional correlation. 
 
The study has used Financial Times Stock Exchange (FTSE) industry sector level series, 
because they are the longest available series of the Swedish sector division. This enabled the 
study of 23 years of data beginning from the year 1994. The series are a division of the 30 
largest stocks in Sweden by market capitalization on sector level. However because of 
changes in the composition of the 30 largest stocks in Sweden over the last 20 years, all 
indices were not possible to study. Standard Industry Classification Breakdown (ICB) defines 
the sector division. Since Sweden’s 30 largest stocks during this period has been comprised 
mostly of companies classified as industrial, consumer goods and financial sector (Table 1), 
the representation of large stocks in other sectors is thin or non-existing during some years 
e.g. Telecommunication up to the year 1999, Utilities from the year 1999 until present day. 
Considering that the end of the utilities index in the year 1999 coincides with the end of 
telecommunications index subsequently, there is a possibility that those changes in 
classifications during the time period have disturbed the series. Disturbances in the series 
made them unable to estimate with ML for the DCC and GO-GARCH as the iterative method 
did not converge. 
 
The commodity instruments in this study were chosen partly because of their popularity and 
comparability with other studies, but also because of their theoretical characteristics. Gold is 
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generally considered as a safe haven and oil is a traditional commodity to research. Copper 
has received a lot of attention recently and the commodity index is a common object for 
speculation. For oil, gold and copper, continuous futures contracts series was used. The 
general commodity index is a weighted composition of the largest commodities. It is common 
to use the West Texas Intermediate (WTI) oils continuous future to represent oil price in 
studies about risk and volatility, however, the most common studies are also on the S&P500 
which is why the choice of oil series to study is characterized by geographical determinants. 
The majority of oil that is supplied in the US is WTI. Measuring correlations between WTI 
oil and the S&P 500 therefore makes sense, since intuitively, if trying to hedge for inflation, 
the WTI would increase as the inflation in the US increase. For studies on other markets i.e. 
Europe or Sweden (Arouri et al. 2011), the Brent oil is more suitable, it is also the world’s 
most traded oil type. Since the sector level indices are based in Swedish krona (SEK), the 
commodities (Table 1) which are based in US dollars (USD) were calculated to SEK with the 
daily exchange rate (SEK/USD). The return series have been calculated as continuously 
compounded logarithm ln(pt/pt-1). Both the DCC and GO-GARCH was estimated using the 
R-package rmgarch and calculation of the orthogonal matrix U is done using the fastICA-
package, specifically with much assistance from the script published by Basher and Sadorsky 
(2016). All testing of data and variables has also been done using R. There is a risk of using 
R, since the packages are open source, that there are malfunctions or errors in the packages. 
However this can also be advantageous since the quality and accuracy of packages rely on 
review by the R community. In light of this, consideration has been taken to use up to date 
packages.  
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Sector and hedge instrument summary 

Return Series DS Mnemonic Currency Number of stocks Share of total (2017) 

Oil & Gas (OG) F1SDO1L(RI)~SK SEK 1 1,01 % 

Basic Materials (BM) F1SDBML(RI)~SK SEK 1 2,1 % 

Industrials (Ind) F1SDIDL(RI)~SK SEK 11 32,33 % 

Consumer Goods (CG) F1SDCGL(RI)~SK SEK 4 10,22 % 

Health Care (HC) F1SDH1L(RI)~SK SEK 2 2,58 % 

Consumer Services (CS) F1SDCSL(RI)~SK SEK 1 7,16 % 

Telecommunications (Tc) F1SDT1L(RI)~SK SEK 2 3,6 % 

Utilities (Ut) F1SDU1L(RI)~SK SEK 0 0 % 

Financials (Fin) F1SDFNL(RI)~SK SEK 6 33,52 % 

Technology (Tech) F1SDG1L(RI)~SK SEK 2 7,48 % 

FTSE Sweden 30 (FTSE30) WISWDNL(RI)~SK SEK 30 100% 

Excluded sector series are underlined. For more information about composition, see (FTSE, 2017) 

Hedging instruments    

Gold (Gold) NGCCS00 USD  

Brent Oil (Oil) LLCCS03 USD  

Copper (Cop) NHGCS00 USD  

Goldman Sachs Commodity Index (GSCI) (Com) S03727~U$ USD  

SEK/USD S90267 SEK/USD  

Table 1 Data series 
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Figure 1 Sector time series 

All the series show similar patterns (Figure 1), there is a general increase in all sectors but 
Tech. The IT-crash of 2000 is especially evident in Tech which is to be expected, however, in 
the Ind and CG-sector it is less distinguishable. The global financial crisis of 2008 is also 
clearly visible in all sectors but Tech. 
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Figure 2 Commodities time series 

The commodity series (Figure 2) differ from each other more than the sector series. Cop 
experienced a dramatic increase in price after the year 2005 and attained a new high price 
level except for the financial crisis around the year 2008. The copper price change in the 
beginning of the 21st century can be deduced to the technological progress of microcircuits 
and that copper replaced aluminium as the primary conduit simultaneously as the 
technological market boomed. The oil price has a more volatile pattern where the last years of 
declining price and output surplus is evident. The oil price also exhibits a significant drop 
around the year 2008. Worth observing is that the impact of the financial crisis of the year 
2008 had significantly less impact on the oil price than events in the years 1995 and 2000. 
Gold however has steadily increased in price during almost the whole time period. Com, 
which is a composition of several commodities, should reflect parts of all the series increased 
around the year 2000 but show major drops in the years 2008 and 2015. 
 
The return series (Appendix 7) indicate stationarity, revolving around a mean of zero. 
Generally in the series there is a clustering of volatility around the year 2000, which decrease 
in 2005 and another cluster around the year 2008. The commodities return series (Appendix 
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7) show slightly less clustering than the equity returns, except for oil. The series show distinct 
peaks around the year 2008 and the oil returns are exhibiting clustering volatility after the 
year 2015, which is expected with declining oil prices. The clustering effects are more visible 
in the squared returns figure (Appendix 7). In the Ind series (Appendix 7), volatility is 
clustering around the years 2003, 2008 and 2013, this is also true for Fin and the FTSE30 
composite series. Generally the three series are very similar. The CS series have less evident 
volatility clustering but a few spikes around the years 2000. In (Appendix 7) the clustering 
becomes especially evident around the years 2000 and 2008 for the squared return series of 
oil, gold and com. In all the series there are major spikes around the year 2008 suggesting 
that the volatility from the financial crisis affects commodity markets as well. 
 
Descriptive statistics of price series 

 N Mean Std.dev Kurtosis Skewness 

BM 6048 755.977 469.652 3.460 0.874 

Ind 6048 3876.223 2908.853 2.651 0.870 

CG 6048 1736.411 1235.307 3.597 1.223 

HC 6048 1478.060 760.656 1.600 0.040 

CS 6048 1466.912 1028.457 2.280 0.546 

Fin 6048 770.418 504.501 3.125 0.903 

Tech 6048 589.490 532.520 15.347 3.369 

FTSE30 6048 1457.563 841.962 2.605 0.652 

Cop 6048 14.642 7.474 1.411 0.232 

Oil 6048 600.607 200.526 2.279 0.280 

Gold 6048 5438.230 3223.940 1.789 0.644 

Com 6048 30974.063 10171.483 2.960 0.534 

Table 2 Descriptive statistics 

The descriptive statistics (Table 2) concerns the raw data, before calculating logarithms and 
differencing for the return. 

3.4 Structural breaks 
A requirement for accuracy in estimating conditional correlation with a GARCH-model is the 
lack of structural breaks in the variables of interest. Structural breaks must therefore be 
identified and samples chosen exclusive of these break periods (Hassan and Malik 2007). The 
existence of structural breaks would have implications for unit root tests as well, the ADF-
test would be meaningless under such conditions. Considering this the ADF-test will be 
complemented with the Phillips-Perron unit root test which is robust to breakpoints. (Gujarati 
and Porter, 2009)  
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The sample was split in two time periods in order to better find breaks without old data 
spilling over and affecting the test. The years 1998 until 2003 and 2003 until 2017 were set, 
intentionally overlapping the years 2000 and 2008 respectively. The 10th of March the year 
2000 and the 8th of September the year 2008 was tested as potential breakpoints. The 10th of 
March the year 2000 is the date of the Nasdaq Index peak before the burst of the dot com 
bubble which is also the start of the increased activity in commodities that is supposed to 
have preceded the change in correlations against equities. In the later part of  the year 2008 
previous to the bankruptcy of Lehman Brothers the second breakpoint was tested.  
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4 Result and analysis 

4.1 Test and model selection results 
Test summary of daily returns series 

 Skewness Kurtosis J-B ADF (incl. c) PP-test p-value ARCH-test 
P-value (Lags) 

Box-ljung (1) P-value 

Ind 0.021 7.143 4329.324*** -76.123(0)*** <0.01*** 0.00011*** (12) 0.3111 

CG 0.032 8.297 7078.483*** -76.546(0)*** <0.01*** 4.4e-08***(12) 0.2756 

CS -0.388 14.083 31125.7*** -38.298(4)*** <0.01*** 6.05e-06***(12) 0.5513 

Fin 0.224 8.258 7023.842*** -77.423(0)*** <0.01*** 3.61e-05***(12) 0.4236 

Tech -0.375 12.349 22181.5*** -56.273(1)*** <0.01*** 1.46e-06***(12) 0.6825 

FTSE30 0.029 7.100 4241.657*** -78.141(0)*** <0.01*** 0.00371***(11) 0.1605 

Cop -0.160 6.314 2796.611*** -83.433(0)*** <0.01*** 6.26e-06***(12) 8.138e-10*** 

Oil -5.343 178.597 7802953*** -83.014(0)*** <0.1*** 1.85e-10***(12) 1.409e-08*** 

Gold 0.110 9.396 10329.5*** -59.036(1)*** <0.01*** 7.65e-09***(12) 0.02403** 

Com -0.142 5.515 1617.017*** -82.199(0)*** <0.01*** 0.00451***(11) 4.668e-06*** 

Significance levels: 1%, 5%, 10% → ***, **, * respectively 
Phillip-Perron test, p-values lower than 0.01 are not reported in the R-package used. 

Table 3 Test results 

The tests show consistency among the variables and normality (JB-test) is rejected in all 
cases as is expected with financial time series. The ADF-tests indicate stationarity in first 
difference (1) for the raw time series. The series has been differenced as return series 
appropriately. This is confirmed by the Phillip Perron test which is more robust to structural 
breaks that could occur in these series. The stationarity tests have been done for up to eleven 
lags. ARCH effects are found in all the series with high statistical significance and tested for 
up to twelve lags. Independence is indicated in all sectors with one lag given the Box-Ljung 
test (the null cannot be rejected), however, serial correlation is indicated in the commodities. 
It is however only weakly indicated for gold.  
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DCC Model selection result 

 Ind CG Fin CS Tech FTSE30 

 Dist AR (p) HQ BIC HQ BIC HQ BIC HQ BIC HQ BIC HQ BIC 

 (1,1) mvt 1 15.733* 15.764* 15,905* 15,936* 15.848* 15.879* 16.045* 16.076* 16.756* 16.787* 15.573* 15.604* 

(1,1) mvt 0 15.739 15.767 15,910 15,937 15.853 15.880 16.051 16.078 16.762 16.789 15.578 15.606 

(1,1) mvnorm 1 17.080 17.107 17,280 17,307 17.205 17.231 17.439 17.465 18.214 18.241 16.927 16.953 

(1,1) mvnorm 0 17.093 17.116 17,290 17,313 17.215 17.238 17.449 17.472 18.224 18.247 16.937 16.961 

(2,1) mvt 0 15.744 15.776 15,914 15,946 15.857 15.889 16.055 16.087 16.766 16.798 15.582 15.614 

(2,2) mvt 0 15.744 15.780 15,914 15,950 15.857 15.893 16.053 16.089 16.762 16.799 15.583 15.619 

(2,1) mvnorm 0 17.097 17.124 17,294 17,322 17.209 17.240 17.453 17.481 18.228 18.256 16.942 16.969 

(2,1) mvt 1 15.737 15.772 15,909 15,944 15.852 15.888 16.049 16.085 16.760 16.796 15.577 15.612 

(2,2) mvt 1 N/A N/A 15,909 15,949 15.852 15.892 16.047 16.087 16.756 16.796 N/A 15.617 

(2,2) mvt 2 N/A N/A 15,912 15,955 15.855 15.899 16.050 16.094 16.759 16.802 15.580 15.624 

* Minimum information criterion 

Table 4 Model selection results 

After testing the variables and models, the best fit and parsimony have defined the best 
model. The Bayesian- (BIC) and Hannan-Quinn (HQ) information criterion were determinant 
as goodness-of-fit measure. It was predetermined that if differences in goodness-of-fit 
between models had been of little difference, the choice of model was going to be more 
dependent on the parsimony of the model. However since the models with longer 
specifications only approached the DCC (1, 1) information criterion, no “better” models had 
to be excluded. Therefore, the optimal DCC models for extracting correlation series are DCC 
(1, 1) with an AR(1) term and multivariate t-distribution based on HQ and BIC. Models fitted 
with multivariate normal distribution result in significantly higher information criterion. The 
sector BM resulted in an equally low information criterion for the DCC (2, 1) model which 
also were one of the best fits for the other sectors. Amongst the sectors, which were excluded, 
a preliminary attempt of modelling the sector HC were unable to converge and produce any 
results. This was probably due to inconsistencies in the raw time series data. Since no 
goodness of fit measures are available for the GO-GARCH, a similar configuration as that of 
DCC was applied. The GO-GARCH models were estimated with (1, 1) GARCH variance 
specification and AR(1) term exactly as the DCC. The GO-GARCH models however, was 
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estimated with multivariate affine negative inverse gaussian distribution (MANIG) since it 
cannot be estimated with t-distribution. 

4.2 DCC models 
Inspecting the DCC estimation outputs (Appendix 3) reveals consistency in that the sum of α 
and β parameters are less than one, indicating a mean reverting pattern of volatility. 
Therefore, permanent persistence of shocks is considered as avoided in our estimations. 
Through all sectors the relationship between α and β is similar. The highest α value is found 
in the Fin output at 0.0850. Non-significance is shown in α for CS, which is a concern 
regarding the importance of the short term aspect for this series. However, the other sector 
series data exhibit significance for the α parameter which is notable since this also concerns 
the composite FTSE30 series. The β values are all significant throughout the whole data set 
and predominantly larger than α. The difference in parameter estimates concerns the mean 
reversion pace and indicates the magnitude of its volatility. This means that sectors that tend 
to have higher α (high is usually considered when above 0.05) have less memory in the 
volatility. When examining the θ coefficients which is the conditional correlation parameters, 
the sum is less than 1 for all data series (Some are not distinguishable from 1 until the fifth 
decimal which due to rounding of decimals is not visible in the output). These results implies 
that the dynamic conditional correlation is mean reverting. Additionally, as a result of the 
values being very close to 1, it indicates that the mean reverting process is very slow since 
when θ1 and θ2 equals 1 it would imply a permanent persistence in conditional correlation. 
The results also reveals positive values and they are significant at a 1 percent level, which are 
prerequisites for this interpretation.  
 
Since the estimations are done with multivariate t-distribution, which have an additional 
moment compared to the normal distribution, the shaper parameter indicates the fit of the t-
distribution, and since the data observations are sufficiently large, the distribution should 
therefore resemble the normally distributed. The result differs between the sector markets. 
There seem to be consistency throughout all sectors for the data series com and oil, 
estimating shaper parameters above seven.  

4.3 GO-GARCH models 
The GO-GARCH estimations reveals similar results. The GO-GARCH α coefficients are 
lower than the β which is consistent with the DCC. Since the GO-GARCH output (Appendix 
4) results in factors unlike the DCC which result in specific parameter estimates, it does not 
produce any standard error or significance values. Generally, for all sectors the estimated 
shape parameter is low. In all cases and for all factors, it is less than four, indicating that t-
distribution is unsuitable. None of the α and β estimates jointly indicate any exploding 
processes summing up to less than one. The β parameter is larger than α in all cases. Short-
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term persistence is evident in all series, estimates for Ind sector indicate higher short term 
persistence in the third (F3) and fourth (F4) factor with an α parameter of 0.115 and 0.0775, 
respectively. The composite FTSE30 series also result in higher short-term persistence 
0.1149 in the third factor. Tech, Fin and CS have high α parameter in the second factor, 
0.1158, 0.1150 and 0.1153, respectively.  

4.4 Conditional correlations 

4.4.1 FTSE30 

 
Figure 3 FTSE30 conditional correlations 

The conditional correlation for FTSE30 and oil appears to slightly increase. The DCC is 
fluctuating considerably more than the GO-GARCH, which is rather stable at 0.1 throughout 
the whole time period. Generally the correlation is positive but it reaches negative values 
around the years 1997, 2005, 2008 and 2013. From the year 2005 until late in the year 2015, 
the FTSE30 vs. oil correlation has an upward trending pattern. The movement in the oil series 
highlights some significant peaks. The first is before the year 2000 where the DCC shows 
heavy fluctuations from negative values at -0.1 to above 0.3. Likewise effects are shown 
before the financial crisis in the year 2009 and early 2014. 
 
A similar pattern as for the oil correlation can be illustrated for FTSE30 and cop where it 
seem to generally increase between the years 1995 to 2015, whereas the GO-GARCH 
correlation is less fluctuant and reverses back to its mean faster, which is approximately 0.2 
(Appendix 5). The GO-GARCH model is however a bit more fluctuating for FTSE30 against 
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cop compared to what is observed in the other correlations. The GO-GARCH model remains 
stable in comparison with the DCC. A notable time period is around the year 2000 where the 
DCCs correlation is below zero and the GO-GARCH spiking above 0.4. In the case with 
FTSE30 and gold the graph has a downward trend around the years 2008/2009 for the DCC 
model whereas the GO-GARCH remains slightly positive and stable. As the downward trend 
results in negative correlation values this commodity can be considered beneficial as a 
diversification tool for correlations. This applies both to the DCC correlation series since the 
year 2007 and GO-GARCH throughout the whole period. The correlation estimated with the 
DCC exhibit recurring values around zero, which suggests a non-stable semi-negative 
relationship with commodities. The GO-GARCH also indicates the correlation to be slightly 
below zero over time, which could be effective but would require a long position instead of a 
short to counter the market.  
 
The conditional correlation between FTSE30 and com is rather stable at 0.1 for both models 
and the DCC-FTSE30 correlations are stable relative to other DCC-correlations. Between the 
years 2013 and 2014 the correlation drops and then increase dramatically, which results in 
increasing volatility in the correlation. The correlation falls to its lowest point late in the year 
2014 and subsequently reaches its highest peak short there after. This pattern is not exhibited 
by the GO-GARCH, instead the volatile characteristics remain from the year 2000 to 2016.   

4.4.2 Consumer goods 

 
Figure 4 Consumer goods conditional correlation 
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The conditional correlation for CG and oil is fluctuating around zero for the DCC and it 
seems to be increasing over time. The GO-GARCH remains just below 0.1 for oil and do not 
spike significantly in either direction. The DCC do however drop to -0.3 in the year 1995 and 
peaks at 0.4 in 2015, which are the min and max values in the time series. The CG and cop 
illustrates a similar pattern where the DCCs correlation is moderately increasing. 
Furthermore, the DCC correlation for cop appears to be a bit more fluctuating at the end of 
the time series in comparison to the initial years. The correlation with cop reaches the lowest 
points in 2016 and 1996 at a level of -0.2, while the correlation reaches its maximum at above 
0.4 late in the year 2015. The GO-GARCH is fairly persistent above 0.1 and does not 
fluctuate as much as the DCC for cop. In the beginning though, the GO-GARCH is a bit more 
volatile which seem to diminish at the year 2005 and further on. 
 
The correlation for CG and gold show similarities between the DCC and GO-GARCH. Both 
indicates a trend downwards over time where the correlation has gone from positive to 
negative for the DCC and from zero to slightly negative for the GO-GARCH. The DCC 
correlation peak in the years 2005 and 1997 at 0.4 and reach its lowest value in the years 
2010 and 2013 at -0.4. The GO-GARCH reach its lowest in the latter part of the time series 
where a change can be distinguished in the year 2006. The CG and com correlations values 
are rather consistent between the DCC and GO-GARCH as well. Both models circulate 
around its mean at zero, indicating the com to be a good option for diversification. The DCC 
correlation series is however peaking at the end of the time series for all commodities except 
gold which suggest that something out of the ordinary happened around the year 2015. 

4.4.3 Financial 

 
Figure 5 Financial conditional correlation 
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The DCC seems to be trending more than the GO-GARCH correlation. In both oil and cop 
there are indications of the correlations increasing, the series exhibit increasingly higher 
peaks in correlation. Meanwhile the gold correlations illustrates a downward trend. The com 
correlations display a much more varying pattern which is also to be considered in the oil 
time series. The com and oil series also illustrate a successive more volatile pattern and 
suggests that the correlations are more fluctuating in present time in comparison to earlier 
periods.  
 
The correlations of the GO-GARCH in oil, gold and com do not suggest any up- or down 
going trend in any of the series. It remains consistent at its level where oil is at just below 
zero, gold at -0.2 and com at 0.1. Cop however, is a bit more varying, relative to other GO-
GARCH correlation series.  The highest values illustrated in the com series is at 0.4 which is 
in 1998 and 2004. When comparing the DCC and GO-GARCH model it is the cop series that 
present some similarities. There are peaks in the DCC correlation series in the years 1998 and 
2004, the GO-GARCH do however illustrate a higher correlation in the year 1998 in 
comparison to the DCC than in the year 2004. Notable, this relationship is not evident when 
the series decrease. The Gold for the GO-GARCH exhibit some drops concurrent with the 
DCC in the same years, 1998 and 2004. It is however not of the same magnitude but an 
interesting deviation.  

4.4.4 Consumer services 

 
Figure 6 Consumer services conditional correlation 
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Except for around the years 2004 in the cop series, 2004 and 2015 in the com series the 
correlations are relatively stable. The oil series exhibit an upward going trend with its highest 
values in the latter part of the series. Gold display an opposite pattern, the series is declining 
except for a large peak around the year 2005. Despite being stable, the cop fluctuates between 
0.4 and -0.2, whereas com vary between 0.3 and -0.2. The gold spikes at nearly 0.3 and drops 
to almost -0.5. The oil is similar to the com and varies between 0.3 and -0.2. The GO-
GARCH series are relatively constant at close to zero levels. The GO-GARCH correlation for 
cop is slightly higher but still stable. The oil illustrates correlations close to zero, as does the 
com series. The GO-GARCH correlation for CS and gold show some small drops around the 
years 2000, 2009 and in 2013.  
 
The models differ significantly in its varying correlation. The DCCs shifts are far wider than 
the rather consistent GO-GARCH series. The trends, which are easier distinguished in the 
DCC, are not evident in the GO-GARCH, early in the year 2005 the models diverge slightly 
in all the correlation series for CS. For most periods in all of the time series, the CS 
correlation from both the GO-GARCH and DCC model exhibit a mean at a slightly lower 
level than the other models. This is expected, as consumer services should reasonably be one 
of the sectors with the lowest correlations to commodities. The rationale behind this idea is 
that since the primary input in the service sector is labour, it is less affected by temporary 
changes in the volatility of other inputs commodities.  

4.4.5 Industrials 

 
Figure 7 Industrials conditional correlation 
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DCC correlation series (Figure 7) for Ind illustrate a changing trend for oil, cop and gold. Oil 
and cop appears to increase while gold exhibit structurally lower correlation after 2008. The 
correlation with gold in particular show a clear change in mean correlation. Gold is the only 
time series that seem to have a negative mean correlation after the year 2009. In general, the 
series variation seems to remain similar throughout the series, exclusive of any trends or 
breaks. Cop has the highest peak, reaching almost 0.5 whereas gold has the lowest point at -
0.4. Gold estimated with the DCC actually suggest a potential bad hedge before the year 2008  
and financial crisis, since correlation estimates of 0.4 is very high for gold relative to the 
other series considering the average correlation (Appendix 5) between 0.15 and 0.2 for the 
entire FTSE30 series. 
 
The GO-GARCH is for this sector rather volatile except for correlation with gold that show a 
stable pattern, except for a spike around the year 2000. The correlation series com, cop and 
oil fluctuate heavily in comparison to gold and are more similar to the DCC correlation. The 
correlations reach the same levels as DCC at nearly 0.5 for the cop but do not fall as low as 
the DCC. Gold is indicated to be a better hedge estimated with GO-GARCH than DCC for 
the Ind series. Both models illustrate some similarities in cop and com, since they experience 
peaks simultaneously and of similar magnitude. Around the years 1999 and 2005 however, 
the models diverge, resulting in an increase of the GO-GARCH correlation and decreasing 
DCC. This is primarily evident in the cop and com series, but to a smaller degree also in the 
oil series. The GO-GARCH correlation generally exhibits similar patterns as the DCC but 
with lighter fluctuations. 
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4.4.6 Technology 

 
Figure 8 Technology conditional correlation 

In the DCC-correlations for Tech (Figure 8) there are more evidence of the concept about 
increasing correlations when the market is volatile. Oil, gold and com show declining 
correlations from around 1998 until around 2003. It appears as if the correlations of gold and 
cop move in contradiction to each other. During the period 2000-2005 it is clear that 
correlations against gold decrease while cop increases and 2005-2009 cop increase while gold 
decrease. Connecting this to the financial stress, after 2001, gold, com and oil DCC-
correlations decreased, though not as much in the case of oil, while cop increased. Cop would 
be expected to exhibit high correlations with the technology sector around the year 2000 
when demand for copper probably were very driven by the growth in this sector globally. In 
case of the crisis in the year 2008 only correlations with gold display a distinguishable pattern 
of major decline. During that period, the other commodities correlations do not show signs of 
any obvious changes besides the normal volatility in the series. Gold correlations with tech 
are low and often negative. In the year 2006 there is an explicit shift downwards for the gold 
correlation permanently changing about 0.02 points. Oil, cop and com DCC-correlations are 
mostly positive but volatile and during large declines sometimes negative. 
 
The GO-GARCH correlation series in (Figure 8) varies between 0 to 0.2 for the sector tech 
correlations with the commodities oil, cop and com, except for one occasion, around the year 
2003 when correlations against cop spiked and reached 0.3. GO-GARCH correlations against 
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gold are negative but fairly stable except for around the year 2013 when they dropped to -0.2. 
Considering periods of financial market stress, gold correlations experience a small drop 
before 2000, between the Russian default crisis and the dot com bubble. Tech should 
reasonably be most affected by the dot com crisis but no explicit movements are visible in 
gold correlations. Post 2001 though, oil, cop and com start to trend upwards for GO-GARCH 
correlations which is consistent with the concept of increasing correlations in times of 
financial stress. 

4.5 Correlation dynamics 
Structural breaks (Appendix 2) were found in most correlation series except DCC-
correlations of FTSE30 against gold, CG against oil, GO-GARCH correlations of Fin against 
oil, Fin against cop FTSE30 against oil, FTSE30 against com regarding the breakpoint date 
10th of March 2000. For the breakpoint 9th of September 2008, breaks were found in all 
series but GO-GARCH correlations of Tech against oil and Ind against gold. The Chow tests 
were executed with a significance level of 1 percent. The results of the structural break point 
test should however be taken with some caution, since adjusting the sample period length 
showed to be an easy way of receiving significant results. A long sample period almost 
always guarantee significant result while a short enough period would make it possible to 
keep the null hypothesis. The test results are therefore considered to be inconclusive in 
determining a structural break in this study and not applicable in order to substantiate any 
conclusions regarding financialization of the Swedish market. This issue alone could perhaps 
be better studied using a DTSCC-GARCH which would allow the modelling of gradual 
dynamics. 
 
Financialization might very well be a contributing factor for the increasing correlations as 
suggested in the literature. Since financialization is theoreticized to have begun after the year 
2000, it seems likely that this is part of the trend that can be observed in the correlation series. 
 
Baele (2005) suggested a greater risk of spillover effects from financial shocks as 
financialization integrates the markets. Even though Baeles (2005) study did not suggest to 
which extent the spillover effects occur, more recent research has provided appreciations of 
the volatility spillover effect (Malik and Ewing, 2009; Arouri et al. 2011).  Additionally Choi 
and Hammoudeh (2010) found evidence for less volatile periods to appear more often than 
high volatile periods. These dynamics of volatility could reflect back on a portfolio's risk due 
to the evolution of financialization. The fact that low volatility regimes happens more often is 
positive to the investors since it limits the extent of unexpected turbulent periods. However, 
in Choi and Hammoudeh’s (2010) study, the duration of volatility regimes are not consistent 
in length over different commodities. Investors should therefore be cautious with the 
developments of financialization when diversifying with different commodities, and oil in 
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particular. The extent of the market integration, spillover effects and the economic activity 
are all aspects that generates consequences. The major issue is if periods of high volatility is 
not reflected properly in the overall portfolio risk. 
 
Almost all conditional correlations illustrate increasing patterns in some degree. Increased 
correlations is argued to be the result of a higher degree of market integration which Epstein 
(2005) argues is financialization. Financialization therefore suggests a reason which would 
explain the increasing conditional correlations. Tang and Xiong (2012) describes the interest 
for investors in commodities as limited in a long term perspective. They argue that 
commodities will remain as the preferable risk diversification strategy for investors for now, 
suggesting a future scenario where this could change. Most likely, if the correlation between 
these markets continue to increase, it might result in investors seeking hedge opportunities in 
other assets. This will probably not be the case for gold since the correlation seem to remain 
low in the foreseeable future. The Swedish sector markets and FTSE30 exhibit fairly stable 
and low correlations relative to the American and emerging markets which would support the 
use of commodities in diversification strategies for now. 
 
In comparison to previous studies, predominantly on the S&P500, this study has identified a 
major difference, the correlations are much lower for the Swedish sector markets (around 0.4 
at most). The definite trends which are visible in the correlation series in the study by Tang 
and Xiong (2012) are far from similar to series of the FTSE30 and sector correlations with 
commodities in this study. Their study investigated emerging market index and S&P 500 
correlations with commodities that appear to have a much stronger connection and steadily 
rising correlations reaching 0.8 in the year 2010. Studies suggest increased correlations to be 
the effect of emerging markets growth rather than the inflow of new capital in commodities 
(Cheng and Xiong, 2014). Reasonably then, the correlation would be higher with emerging 
markets. Therefore, differences in correlation are to be expected compared with the Swedish 
market and sector correlations to commodities. These differences could also be contributed to 
the exchange rate, considering that all prices have been calculated from USD to SEK. 
 
Even though commodities are considered to be or becoming more financialized, the 
synchronization to equity markets seem to be isolated to larger composite markets. The 
increased correlation is similar between the emerging markets and the S&P 500 (Tang and 
Xiong, 2012). This suggests that returns in both of those markets and the commodity markets 
are more integrated and financialization of commodities has a heterogeneous effect on other 
markets such as the Swedish. The major fluctuation in correlation during financially stressful 
periods are distinctly shown for the Swedish FTSE30 and sector indices. Previous studies 
(Tang and Xiong, 2012; Silvennoinen and Thorp, 2013; Creti et al. 2013) also illustrate an 
increasing pattern for correlation values for shorter time periods. In the perspective of longer 
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time periods, such as in this study, the variation in correlation in previous studies is not 
unanimous with this study. Even though, oil, copper and the general commodity index show 
increasing trends, it has to be emphasized that correlation has its high and low occurring 
periods in the FTSE30 index and sector indices. E.g. the sector indices correlation with oil or 
the general commodity index has frequent periods of negative correlation, one of which is the 
lowest and occur as late as around year 2015.  
 
Generally the DCC correlation series illustrate a slightly increasing trend for oil and cop in all 
sectors since the year 2000. Likewise, the DCC gold correlations indicate a decreasing trend 
for all sectors, starting with the financial crisis 2008. An interesting deviation in the 
correlation series is around the year 2015. There appears to have happened something 
extreme which is primarily visible in the oil and com correlation series. Given those series, it 
is likely that this is an oil related event, keeping in mind that the general commodity index is 
weighted with at least 50 percent on oil and related commodities. This change in correlation 
could be because of the general oil price plunge which has been an ongoing concern in 
markets around the year 2015. The peak of this event would also coincide with the oil price 
falling below 30USD/barrel in early 2016. This suggest volatility spillover from oil 
considering that the equity prices in Sweden suffered a major decline in early 2015 (Figure 
1). It could also be related to the Chinese stock market turbulence between 2015 and 2016 
which caused a major decline that also coincides with the peak in correlation in the early year 
of 2016. Additionally, considering that oil price is argued to be driven, to some extent, by 
emerging markets and especially China (Cheng and Xiong, 2014) it is also likely that this is 
an interrelated event. The correlation to cop also display major correlation peaks for all 
sectors during this period. Gold, however, fall rapidly in the same period. In some series the 
highest observed correlation values for the last 20 years occurred in this period. Generally 
gold correlation moves in the opposite of the other commodities.  
 
Creti et al. (2013) described the rationale behind the equity market oil price relationship, that 
it should be inverse to heavy industrialized sectors. However, after an initial inspection of the 
(Figure 2) it is very visible that this is not the case. Theoretically, when oil price decline, the 
Swedish industry sector should increase, if oil is a significant input. The increasing 
correlation trend for sectors and oil in market stress and post year 2008, market recovery, 
suggest that there is no inverse relationship for any specific sectors. That could be the reason 
of a low oil dependency by the sectors or that the spillover effects of oil price volatility is an 
overbearing driver during the period. The intense decline in oil price inversely to the gold 
price when the market is volatile suggest that flight to quality is more likely and consistent 
with Chan et al. (2011). According to Malik and Ewing (2009), and Arouri et al. (2011) the 
spillover effects of oil prices should be especially observable in indices such as the industrial 
sector. On average, correlation is higher in the industrial sector than the other sectors, but not 
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high considering other commodities correlation. In all, this argues for more of the volatile and 
speculative characteristics of oil. The correlation with the industry sector (Figure 7) increase 
slightly after the financial crisis of 2008 for oil in all sectors, but it remains one of the lower 
on average correlations (Appendix 5).  
 
Unlike Creti’s et al. (2013) conclusion about low correlation with gold, the Swedish sector 
indices correlation to gold exhibit very low correlations (below -0.4) just before the year 
2010. This indicate that when the stock market fall, the gold price remains relatively stable 
which can be observed in the price series (Figure 2) as a short plateau between 2005 and 
2010. These result support Basher and Sadorsky’s (2016) description of the inverse 
relationship between gold and equity markets. Though this is only evident during significant 
market stress, referring to how the sector indices and gold exhibited high correlations just 
previous to the financial crisis of 2008. However, since the correlation keep falling until 2010 
and reaches even lower values, it also implies that when the stock market is volatile, there is a 
shift of capital out of Swedish stock markets pushing down the price of stocks. 
Simultaneously, there is a shift of capital towards gold in search of a safe haven since the 
gold price increase significantly after the plateau because of large demand. Because of the 
low correlation, gold can be considered as a semi-strong safe haven during financial stress for 
the Swedish 30 largest stocks and sector indices in concurrence with Baur and McDermott 
(2010). However, their suggestion of market synchronization is not valid, for gold and the 
Swedish FTSE30 market at least. Of course the correlation says nothing about causality, and 
the Swedish market is of little significance relative to the gold price but the relationship 
correspond well to the concept of ‘flight to quality’ suggested by Chan et al. (2011). 
Although, since the correlation for gold declines, it suggest that gold is not held as a hedge 
instrument and being liquidated simultaneously as the primary asset in any predominant 
extent during this period. Such a strategy would synchronize the equity and commodity price, 
thus increase correlation. This argument also assumes that the majority of markets 
experienced similar decline as the Swedish during this period.  
 
On average, the correlations for cop over time are much higher than the other commodities. 
This is illustrated in (Appendix 5), where it also is observable that correlations for gold are 
negative on average for all sectors and especially low in the case of Fin with both methods. 
Differences in correlation could imply differences in costs for hedging and hedging 
effectiveness. This could result in more expensive hedge positions and would be a concern 
regarding the commodities as a solid hedge alternative. The lower correlation patterns in gold 
today suggest that gold is a contemporary safe haven instrument and a good hedge for the 
Swedish largest 30 stocks and individual sector indices. This is consistent with the result 
from Creti et al. (2013) on the S&P500. The correlation with gold is currently (since the last 
couple of years) approaching zero for all sectors in an increasing trend. One of the concluding 
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remarks in Silvennoinen and Thorp's (2013) study, was to question if commodities were still 
reliable as a safe haven instrument. This study indicates that gold is still reliable considering 
correlations. Consequently, Silvennoinen and Thorp's (2013) uncertainty is still valid for the 
remaining commodities and the commodity index. Tang and Xiong (2012) do however argue 
that the commodities have retained much of their value as a hedge instruments on for the 
S&P 500 as well as emerging markets. When this becomes an issue for investors and 
commodities have exhausted their function as a hedge instrument is still an interesting 
question.  

4.6 GO-GARCH vs. DCC 
Interestingly, in the year 2005, the GO-GARCH correlation and DCC-correlation diverge, 
though in different extents, GO-GARCH correlations increase or stay relatively stable while 
DCC-correlations experience a substantial decrease, this is especially evident in the Tech 
correlations, but it occurs in the other series as well. Generally for all sectors and 
commodities, the GO-GARCH correlations vary much less than DCC-correlations and are 
almost stable within 0.1 correlation points except for Ind correlations against oil, cop, com, 
Fin correlations against cop, FTSE30 correlations against cop and com. These sectors are also 
the sectors which have been identified previously as being much more susceptible to a 
commodity hedge position in the perspective of lowering portfolio variance. Observing the 
out of sample correlations and hedge ratios (Appendix 6) this is consistent with a higher 
volatility in the respective correlation and OHR series. In the sectors industry, financial and 
FTSE30 the out of sample series estimated by the GO-GARCH also appear to react similar to 
the DCC series.  
 
The OHR’s from these correlations also get amongst the highest HE values. This appear to be 
a consistent pattern for Fin with cop, Ind with oil, cop, com, FTSE30 with cop and com. In 
those situations, the GO-GARCH is able to model the correlation better in both the out of 
sample process, as well as the regular conditional correlation series from a hedge ratio 
perspective. The DCC is otherwise, as mentioned previously, more volatile than the GO-
GARCH. If the increased correlation values are a result of more integrated markets it implies 
a higher probability of spillover effects. Previous research (Malik and Ewing, 2009; Arouri et 
al. 2011) emphasized the importance of taking this into account.  
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Correlation between the DCC and GOGARCH conditional correlations 

 Oil Copper Gold Com 
CG -0.00921033 -0.107265 0.326038 -0.0849804 

Fin 0.288669 0.245283 0.189288 0.0893434 

Ind 0.390107 0.484572 -0.133657 0.125114 
CS 0.0698173 -0.0824526 0.291599 -0.0996319 

Tech 0.0279379 0.20795 0.275332  0.171253 

FTSE30 0.28958 0.280425 0.0890301 0.0252942 
 
Correlation between rolling window conditional correlations 

 Oil Copper Gold Com 
CG 0.0742147 -0.254707 0.293557 -0.057079 
Fin 0.149005 0.258498 0.158162 0.0441483 

Ind 0.223548 0.322043 0.079449 0.148659 
CS 0.397864 -0.029447 0.0737685 0.201303 

Tech 0.387624 0.324587 0.180284 0.703686 
FTSE30 0.284401 0.339483 -0.25886 0.238755 

Table 5 Correlations between correlations 

In order to break down differences between the two methods, the Pearson correlation between 
the two methods, conditional correlations have been calculated. Considering the correlation 
graphs (Figure 3-8) and the conditional correlation graphs for the rolling window analysis 
(Appendix 6) the GO-GARCH model have shown much less variance in correlation for most 
sectors and commodities than the DCC. This is also illustrated in Table 5 where low 
correlation suggests dissimilarities between the models.  If the correlation were exactly 1 
between the GO-GARCH and DCC, it would suggest that they estimate conditional 
correlations the same. Besides correlation, news impact correlation surfaces have been 
plotted (Appendix 9) which are interpreted the same way: differences in shapes between the 
surfaces suggest differences in estimated conditional correlations. Conditional correlations 
for industry and financial sector have higher correlations between the methods concerning oil 
and cop. Conditional correlations with gold correlate highly between the methods in all 
sectors except industry. The sectors and commodities where the conditional correlation 
estimates diverge between the methods are also the instances where it would be interesting to 
consider using one or the other because of the potential of observing something different.  

4.7 Hedging 
Regardless of visible patterns in correlation, the situation is more complex than simply 
choosing a suitable hedge dependent on correlation visualizations. As an analysis tool, 
hedging effectiveness is calculated from a rolling window analysis. In the out of sample 
constructed correlations series (Appendix 6), the rolling window of 1000 days is set up to the 
last observation in the data from 13th of May 2007 until 17th of March 2007. Just as in the in 
sample correlations, the DCC correlations are much more volatile than GO-GARCH 
correlations when estimated out of sample. This is also reflected in the OHR, where the 
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optimized minimal conditional variance OHR that is estimated by the GO-GARCH implies 
considerably less rebalancing in order to maintain the risk management because of the stable 
hedge ratio. To clarify, the implication for an investor or risk manager in CG sector seeking 
to hedge with com, would in mid-2015 be to rapidly short additionally 0.4 futures contracts 
of oil per position in the CG sector when the OHR spike from 0 to 0.4 if using the DCC 
model to construct OHR. On the contrary, if the OHR is estimated with GO-GARCH, the 
differences which a risk manager would have to balance are less than 0.2 futures contracts 
over the rolling window. The CS rolled correlation series have similar patterns, against gold, 
the correlation is more volatile whilst very stable in the other instruments. The Fin sector is 
different, where the GO-GARCH correlation exhibit much more fluctuation, similar to the 
DCC-correlations. A trend upwards is also visible between the years 2014 and 2017 in the 
DCC correlation against oil and com for Fin. The mean, minimum and maximum OHR are 
presented in Table 6 along with the HE. 
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Hedge ratio summary 

 DCC GOGARCH 

Hedge ratio Mean  Min Max  HE Mean  Min  Max  HE 

Ind 

Oil 0.10357 -0.13945 0.73846 0.05056 0.08021 -0.05263 0.73386 0.02921 

Copper 0.19535 -0.19543 0.65472 0.08127 0.22190 -0.01953 0.86532 0.09213 

Gold -0.10798 -0.66497 0.32123 0.00364 -0.10396 -0.59930 0.06935 0.00484 

Commodities 0.16601 -0.17615 0.74449 0.07112 0.08398 -0.09804 0.97646 0.03164 

CG 

Oil 0.07128 -0.10455 0.34161 0.02775 0.04983 0.01260 0.17509 0.01635 

Copper 0.08793 -0.18017 0.55517 0.03891 0.12585 0.08604 0.19636 0.02114 

Gold -0.11927 -0.46308 0.16822 -0.00394 -0.13585 -0.20155 0.02007 0.01041 

Commodities 0.10545 -0.20460 0.48676 0.04236 0.05399 -0.00449 0.23149 0.01041 

Fin 

Oil 0.08996 -0.26379 0.65902 0.06541 0.04776 -0.04161 0.55875 0.03293 

Copper 0.16135 -0.05426 0.64338 0.07092 0.13935 -0.04515 0.78089 0.08259 

Gold -0.18766 -0.90467 0.19011 0.01413 -0.13046 -0.86456 0.09812 0.01107 

Commodities 0.14659 -0.36349 0.81258 0.08439 0.04881 -0.10021 0.83990 0.02811 

CS 

Oil 0.05508 -0.23757 0.37804 0.01438 0.03687 0.00933 0.12898 0.01184 

Copper 0.13445 -0.15252 0.47995 0.02185 0.11922 0.08299 0.16914 0.02007 

Gold -0.11436 -0.59244 0.35747 0.00370 -0.16031 -0.23447 -0.05905 0.00720 

Commodities 0.07755 -0.35654 0.38926 0.01901 0.04109 0.00250 0.12490 0.00759 

Tech 

Oil 0.11647 -0.06429 0.35528 0.03157 0.07875 0.00221 0.18545 0.02179 

Copper 0.16128 -0.12002 0.60125 0.02592 0.16954 0.10888 0.35101 0.02405 

Gold -0.12668 -0.52400 0.34619 0.00356 -0.12262 -0.17184 -0.03541 0.00641 

Commodities 0.17305 -0.12536 0.55456 0.03829 0.09326 0.06022 0.14296 0.02386 

FTSE30 

Oil 0.09320 -0.15110 0.62123 0.07181 0.03561 -0.06679 0.65581 0.03535 

Copper 0.16289 -0.07904 0.58739 0.08921 0.14243 0.00127 0.77087 0.10255 

Gold -0.13149 -0.67391 0.22711 0.00935 -0.14611 -0.40037 -0.07591 0.01554 

Commodities 0.14453 -0.23941 0.65701 0.09310 0.02372 -0.11902 0.87208 0.03228 

Table 6 Hedge ratio summary 
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The results of the OHR’s are presented in table (Table 6) with the mean, min, max OHR and 
HE for both the DCC model and the GO-GARCH model. 
Breaking down HE per commodity, cop and the whole commodity index are generally the 
best hedging instruments in with both methods. However, it is not without exceptions. The 
sectors where cop has the second highest HE value, is only with a minor margin relative to 
the other instruments. Specifically, in Tech, FTSE30, CG and Fin, com outperform cop. The 
lowest values for HE is given by gold with both models, however with the GO-GARCH 
model, the HE for gold and whole commodity index are relatively similar considering Fin, 
CS, FTSE30 and CG. 
 
The difference between sectors is less obvious, for conditional correlations estimated with 
DCC model, CG, CS and Tech are less appropriate sectors to hedge with commodities. Here, 
however, a reminder of that these sectors are represented by very few stocks is necessary. 
CG, CS and Tech has relatively low HE values between 0 to 0.039 while FTSE30, Fin and 
Ind have higher HE between 0.05 to 0.12 except for gold, which is generally low between all 
sectors and both methods. This suggest that the strong individuality of those sectors to certain 
stocks make them less appropriate to hedge with commodities. The strong individuality then 
refers to that single stocks have a larger weight in the return of the sector indices. This could 
mean that sensitivity to external shocks in single stocks have greater implications than if they 
would have been a fraction of an index. Considering that hedging these sectors is less 
effective, it could indicate that these sectors are more correlated with the commodity market 
making commodities poor tools in lowering portfolio variance. However, considering the 
correlation (Figure 4,6,8) and the mean correlation (Appendix 5) these sectors seem to exhibit 
similar or even slightly lower correlations than the indices with higher HE. 
 
The same pattern can be observed by considering HE for the composite FTSE30 index. The 
highest HE in the DCC-column (Table 6) can all be found for the composite index which also 
has the most underlying equities. Consequently, the commodities are better at lowering 
portfolio variance the more of the collective market movement that exists in the asset. As 
hedging instruments, it could be possible that commodities are more effective in lowering the 
total market risk but not unique risks. Since unique or specific risks are predominant in 
smaller indices where the weights of single assets are higher, this becomes an issue of 
Modern Portfolio Theory and diversification considerations (Markowitz, 1952). Considering 
the larger represented sector indices industry and financial which are in the higher spectrum 
of HE they are still lower than the composite index which mean that the commodities are less 
useful in lowering sector market risk as well. This pattern is visible in the same way in the 
GO-GARCH hedge ratios as well, however, since the HE in general is lower with that 
method, it is less obvious. 
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Considering the discovery of more individual risk as a bad characteristic for high HE. There 
are instances where despite the sectors having less diversification, some commodities are a 
better fit. Oil is a better hedge for financial sector than for industrial sector which instead is 
better hedged than financial considering cop. A high HE for oil suggest that the sector would 
benefit by taking a short position in oil. As previous studies suggest, the industrial sector is 
traditionally better at hedging oil related risk internally which makes it a less desirable hedge 
than for financial sector. However, cop has almost twice as high effect on portfolio variance 
which is surprising compared to oil.  
 
In the GO-GARCH’s OHR’s, the same sectors which have shown to be appropriate to hedge 
with commodities from the perspective of HE concerning the DCC-method have a consistent 
feature. Those sectors consistently exhibit very high HE for cop. The HE is generally lower 
for the GO-GARCH method but in the sectors industrial, financial and the FTSE30 index, the 
GO-GARCH method outperform DCC-hedge ratios for the commodity cop with 
approximately 0.01 HE. The DCC underestimate the hedge ratio throughout most of the time 
period for cop compared with the GO-GARCH. Except for HE values being generally low for 
gold and high for cop, conditional correlations estimated with the GO-GARCH model result 
in relatively low HE-values compared with the DCC model considering average HE (Table 
7). Also, gold is generally an expensive and bad hedge, but with the DCC model, gold 
assumes negative values in one instance for the CG sector which is not the case with the GO-
GARCH estimates. 
 
Despite the differences in HE dependent on underlying of quantity of stocks, the HE values 
can be differentiated between sectors. Previous research is non-consistent when discussing 
the efficiency of sector rotation. Stangl et al. (2009) could not provide any evidence that 
supported sector rotation but did not reject that other variables could result in contradicting 
results. Avramov and Werner (2006) claimed that mutual funds performs better when 
including sector allocation in the construction of a portfolio. Conover et al. (2008) also argues 
that sector rotation is a valid strategy. The correlation graphs does not reveal any periods of 
time where a radical rotation would be profitable. Considering correlations, this would 
possibly best be illustrated by divergence in the correlation between sectors which is not 
covered by this study. In this study however, the possibility of implementing the hedge ratio 
results in a sector rotation strategy would be indicated by a convergence in the correlation for 
a sector and one commodity simultaneously as the divergence between another sector and the 
same commodity. This would create a situation where maintaining the hedge while rotating 
sectors could become a beneficial risk management strategy. This study leaves the question 
of direct implementation of a sector rotation strategy unanswered. The correlations does not 
however, provide any evidence that sector rotation is a profitable strategy.  
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Hedge Effectiveness summary 

 Average HE DCC Average HE GOGARCH % difference DCC over GO-GARCH 

Oil 0.04503 0.02738 0.64472 

Copper 0.06531 0.06708 -0.02643 

Gold 0.00929 0.00795 0.16857 

Commodities 0.05842 0.02537 1,30340 

Table 7 Hedge effectiveness summary 
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5 Conclusion 
Correlations calculated with the DCC-GARCH are considerably lower on the Swedish 
FTSE30 index and sector indices. Financialization of commodities and synchronization with 
equity markets is argued in this study to have heterogeneous effects. This is supported by the 
result in this study which show that correlations in Sweden is half of the values observed by 
e.g. Tang and Xiong (2012) on American and emerging markets. One reason for the 
differences with the Swedish markets is possibly the exchange rate. Contemporary research 
have discussed whether or not, given the high correlations of commodities with American 
and emerging markets, commodities have become undesirable as hedge instruments. In the 
perspective of correlations, commodities retain their diversification benefit. Furthermore, 
gold is affirmed to be a semi-strong safe haven for the Swedish FTSE30 and sector indices. 
Commodities with the FTSE30 and sector indices exhibit slightly increased correlation, 
though, it cannot be determined if this is permanent. Oil, copper and the GSCI commodity 
index correlation series with FTSE30 and its sector indices increase during market stress, but 
exhibit very low minimum values over time. Gold has an inverse relationship with oil and 
generally very low correlation with the Swedish sector indices and FTSE30, between -0.01 
and 0.06 on average.  
 
When hedge ratios have been estimated using correlation series extracted with the GO-
GARCH model, the HE is generally lower. Copper however, is an exception with which the 
GO-GARCH model excels in all sectors and the FTSE30. The estimated second and third 
factor in the GO-GARCH model have high short term persistence which suggest that there is 
less memory in the correlations. Since copper price is sensitive and considered to have 
slightly predictive characteristics for equities, it suggests that these conditions are a good fit 
for a model with more short term persistence. Similar conclusions have been drawn 
concerning gold and emerging markets by Basher and Sadorsky (2016). Concerning the 
methods, the DCC-GARCH is better in estimating correlations between sector indices and the 
commodities in all cases except for copper. Generally the GO-GARCH correlations are lower 
and more stable over time, which have proven to be less effective in hedge ratio calculation 
based on HE.  
 
In the perspective of correlation, gold is a semi-strong safe haven, which correlate negatively 
to all sectors and composite markets in this study. As it is shown however, observing the 
correlation has proven to be a narrow representation of hedging potential. The out of sample 
correlation of cop with the larger indices and FTSE30 are relatively high with a few low 
periods of close to zero correlation. Nonetheless, cop has proven to be the best hedge 
considering its ability to lower variance in a portfolio measured by HE. Oil has proven to 
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have higher HE for the financial sector over the industry sector. For Sweden and the larger 
sector indices, commodities are still a viable hedging instrument as far as correlations is 
considered. Since quantity of underlying equities has shown to be important for lowering 
portfolio variance with a commodity position, this result would be interesting to test on more 
composite sector indices inclusive of small and mid-cap equities as well for a larger 
representation. 
 
One of the contributions by this study has been to identify a temporarily large increase in 
correlation between the Swedish equities sectors and composite index with commodities the 
last couple of years. This is suggested to be related to either the Chinese stock market stress 
around the years 2015/2016 or the oil price all time low for the last 10 years. Secondly the 
result of this study emphasize the difference between stressful and calm periods in the 
market. Market stress and increased correlation has been given a lot of attention, but the 
situation as described in research on financialization would be benefitted by a more nuanced 
perspective. Studies such as Choi and Hammoudeh (2010) emphasize the majority of periods 
of market tranquility which in fact characterize markets the most. This study has shown that 
correlation in many instances are low e.g. FTSE30 and the GSCI exhibit recurring periods of 
negative correlation. The correlation relationship between industry sector and oil, as previous 
studies has shown on the American and European market, is similar on the Swedish ditto. 
There is no inverse relationship which suggest either a low reliance on oil related inputs or 
good internal hedging capabilities in the sector. 

5.1.1 Suggestions for further studies 
It would be interesting to investigate more commodities e.g. agricultural products or metals, 
and evaluate more available methods for correlation calculation. The issue of correlations and 
hedging possibilities can also be investigated from the perspective of crises which would 
require more out of sample calculations. For a more consistent and general idea of the 
correlations between Swedish markets and commodities, it would be interesting to construct 
new, more extensive sector indices with the addition of stocks from small and middle size 
companies.  
  



 48 

6 References 
Alexander, C. 2001. Orthogonal GARCH, Ch. 2. Mastering Risk. Financial Times-Prentice 
Hall, London 
 
Arouri, M.,E.,H., Jouini, J., Nguyen, D. K. (2011). Volatility spillovers between oil prices 
and stock sector returns: Implications for portfolio management. Journal of International 
Money and Finance, 30(7) 
 
Asai, M., McAleer, M. 2012.Dynamic Conditional Correlations For Asymmetric Processes. 
Journal of Japan Statistical Society. 41(2) 
 
Avramov, D., Wermers, R., 2006. Investing in mutual funds when returns are predictable. 
Journal of Financial Economics, 81(2) 
 
Baele, L., 2005. Volatility Spillover Effects in European Equity Markets. Journal of 
Financial and Quantitative Analysis, 40(2)     
 
Basher, S.A., Sadorsky, P. 2016. Hedging emerging market stock prices with oil, gold, VIX, 
and bonds: A comparison between DCC, ADCC and GO-GARCH. Energy economics. 54 
 
Baur, G., D., McDermott, K., T. 2010. Is gold a safe haven? International evidence. Journal 
of Banking and Finance. 34(8) 
 
Berk, J., DeMarzo, P., 2013. Corporate Finance, 3rd ed. Pearson Education. New Jersey. 
 
Bodie, Z., Kane, A., Marcus, A.J., 2011. Investments and Portfolio Management. McGraw 
Hill. New York. 
 
Bollerslev, T. 1986. Generalized autoregressive conditional hetroskedasticity. Journal of 
Econometrics. 31 
 
Boswijk, P.H., Van Der Weide, R., 2006. Wake me up before you GO-GARCH. Tinbergen 
Institute Discussion Paper 3 
 
Boswijk, P.H., Van Der Weide, R., 2011. Method of moments estimation of GO-GARCH 
models.  Journal of Econometrics. 
 
Broda, S.A., Paolella, M.S., 2009. Chicago: a fast and accurate method for portfolio risk 
calculation. Journal of financial economics. 7 (4)  
 
Büyüksahin, B., Robe, M. A. 2014. Speculators, commodities and cross-market linkages. 
Journal of International Money and Finance, 42 
 



 49 

Caporin, M., McAleer, M. 2013. Ten Things You Should Know About Dynamic Conditional 
Correlation Representation. Econometrics. 1. 
 
CFTC (2008), Staff Report on Commodity Swap Dealers & Index Traders with Commission 
Recommendations. Washington D.C., CFTC 
 
Chan, K., F., Treepongkaruna, S., Brooks, R., Gray, S. 2011. Asset market linkages, 
Evidence from Financial, Commodity and real estate assets. Journal of banking and finance. 
36(1) 
 
Chang, C., L., McAleer, M., Tansuchat, R. 2011. Crude oil hedging strategies using dynamic 
multivariate GARCH. Energy Economics, 33(5) 
 
Cheng, I., Xiong, W. 2014. Financialization of Commodity markets. The annual review of 
financial economics. 6. 
 
Choi, K., Hammoudeh, S., 2010. Volatility behavior of oil, industrial commodity and stock 
markets in a regime switching environment. Energy policy, 38. 
 
Conover, C., M., Jensen, R., G., Johnson, R., R., Mercer, M., J. 2008. Sector Rotation and 
Monetary Conditions. The Journal of Investing, 17(1). 
 
Creti, A., Joëts, M. & Mignon, V., 2013. On the links between stock and commodity markets’ 
volatility. Energy Economics, 37. 
 
Engle, R.F., 1982. Autoregressive Conditional Heteroscedasticity with Estimates of the 
Variance of United Kingdom Inflation. Econometrica, 50.  
 
Engle, R.F., 2002. Dynamic conditional correlation: a simple class of multivariate 
generalized autoregressive conditional heteroskedasticity models. Journal of Business and 
Economic Statistics, 20. 
 
Epstein, G.A., 2005. Financialization and the World Economy. Edward Elgar Publishing 
Limited, Massachusetts. 
 
Ewing, T., B., Forbes, M., S., Payne, J., E. 2003. The effects of macroeconomic shocks on 
sector specific returns. Applied Economics. Vol. 35 (2) 
 
Froot, Kenneth A., Melvyn Teo. 2004. Equity Style Returns and Institutional Investor Flows. 
NBER Working Paper 10355 
 
FTSE, 2017, FTSE Nordic Fact sheet . 

<http://www.ftse.com/Analytics/FactSheets/temp/8a07bbfa-0662-4a1e-9428-
6f53b614e2b1.pdf>. Accessed: 170215 



 50 

 
Gujarati, D., N., Porter, D., C. 2009. Basic Econometrics. McGraw-Hill. New York 
 
Hassan, S., A., Malik, F. 2007. Multivariate GARCH modeling of sector volatility 
transmission. The Quarterly Review of Economics and Finance, 47(3) 
 
Hull, J., C., 2012. Options Futures and other Derivatives. 8th ed. Pearson Education. Boston 
 
Hwang, S., Pereira, P. 2006. Small sample properties of GARCH estimates and persistence. 
The European Journal Of Finance, 12( 6-7). 
 
Investopedia, 2017. Understanding benchmark oils. Available at: 
<http://www.investopedia.com/articles/investing/102314/understanding-benchmark-oils-
brent-blend-wti-and-dubai.asp> Accessed: 170305 
 
Lee, K., Ni, S., 2002. On the dynamic effects of oil price shocks: a study using industry level 
data. Journal of Monetary Economics, 49(4) 
 
Lin, B., Wesseh, P.K. & Appiah, M.O., 2014. Oil price fluctuation, volatility spillover and the 
Ghanaian equity market: Implication for portfolio management and hedging effectiveness. 
Energy Economics, 42. 
 
Malik, F., Ewing, B., T., 2009. Volatiity Transmission Between Oil Prices and Equity Sector 
Returns. International Review of Financial Analysis, 18. 
 
Markowitz, H., 1952. Portfolio Selection. Journal of Finance, 7(1) 
 
Masters, Michael. 2008. Testimony before the Committee on Homeland Security and 
Governmental Affairs, U.S. Senate (20 May), Available at: 
<www.hsgac.senate.gov//imo/media/ doc/052008Masters.pdf?attempt=2> Accessed: 170215 
 
Masters, M.,W., Knight, A. 2015. The Accidental Hunt brothers - Act 2, Index Speculators 
Have Been A Major Cause Of The Recent Drop In Oil Prices. Available at: 
<https://www.bettermarkets.com/sites/default/files/The%20Accidental%20Hunt%20Brothers
%20-%20Part%202.pdf> Accessed: 170305 
 
Nasdaq, 2017. Historiska kurser. Available at: 
<http://www.nasdaqomxnordic.com/index/historiska_kurser?Instrument=SE0000337842> 
Accessed: 170305 
 
Portfolio Probe, 2012. A practical introduction to GARCH modelling. Available at: 
<http://www.portfolioprobe.com/2012/07/06/a-practical-introduction-to-garch-modeling/> 
Accessed: 170219 
 



 51 

Reinhard Hansen, P., Lunde, A., 2001. A comparison of volatility models: Does anything 
beat a GARCH(1,1). Working Papers Series, 84. 
 
Sadorsky, P., 2014. Modeling volatility and correlations between emerging market stock 
prices and the prices of copper, oil and wheat. Energy Economics, 43. 
 
Silvennoinen, A., Thorp, S. (2013). Financialization, crisis and commodity correlation 
dynamics. Journal of International Financial Markets, Institutions and Money, 24(1).  
 
Stangl, J., Jacobsen, B., Visaltanachoti, N., 2009. Sector Rotation over Business-Cycles, 
Available at: 
<http://www.fma.org/Reno/Papers/Sector_Rotation_across_Business_Cycles_FMA_2009.pd
f> Accessed: 170305 
 
Stoll, R., H., Whaley, E., R., 2010. Commodity Index Investing and Commodity Future 
Prices. Journal of Applied Finance. 1. 
 
Tang, K., Xiong, W., 2012. Index Investment and Financialization of Commodities. National 
bureau of Economic Research. Working Paper 16385 
 
Vetenskapsrådet, 2011. God Forskningssed. Available at: 
<https://publikationer.vr.se/produkt/god-forskningssed/> Accessed: 170305 
 
Van der Weide, R., 2002. GO-GARCH: a multivariate generalized orthogonal GARCH 
model. Journal of Applied Economics, 17(5)  
 
Verbeek, M. 2012. A guide to modern econometrics. John-Wiley & Sons. West Sussex 
 
Zhang, K., Chan, L., 2009. Efficient factor GARCH models and factor-DCC models. 
Quantitaive Finance, 9(1). 
 
Xiangli, L., Yanhui, L., Yongmiao, H. Shouyang, W., 2014. Information Spillover Effect and 
Autoregressive Conditional Duration Models. Routledge, Abingdon, Oxon 

 
  



 52 

Appendix 1 Pearson correlation matrices 
 CG Oil Cop Gold Com 

CG 1.00 0.07 0.14 -0.06 0.09 

Oil 0.07 1.00 0.23 0.16 0.54 

Cop 0.14 0.23 1.00 0.29 0.37 

Gold -0.06 0.16 0.29 1.00 0.30 

Com 0.09 0.54 0.37 0.30 1.00 

 Fin Oil Cop Gold Com 

Fin 1.00 0.07 0.16 -0.15 0.09 

Oil 0.07 1.00 0.23 0.16 0.54 

Cop 0.16 0.23 1.00 0.29 0.37 

Gold -0.15 0.16 0.29 1.00 0.30 

Com 0.09 0.54 0.37 0.30 1.00 

 CS Oil Cop Gold Com 

CS 1.00 0.03 0.11 -0.08 0.05 

Oil 0.03 1.00 0.23 0.16 0.54 

Cop 0.11 0.23 1.00 0.29 0.37 

Gold -0.08 0.16 0.29 1.00 0.30 

Com 0.05 0.54 0.37 0.30 1.00 

 Tech Oil Cop Gold Com 

Tech 1.00 0.05 0.13 -0.05 0.07 

Oil 0.05 1.00 0.23 0.16 0.54 

Cop 0.13 0.23 1.00 0.29 0.37 

Gold -0.05 0.16 0.29 1.00 0.30 

Com 0.07 0.54 0.37 0.30 1.00 

 Ind Oil Cop Gold Com 

Ind 1.00 0.09 0.22 -0.09 0.12 

Oil 0.09 1.00 0.23 0.16 0.54 
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Cop 0.22 0.23 1.00 0.29 0.37 

Gold -0.09 0.16 0.29 1.00 0.30 

Com 0.12 0.54 0.37 0.30 1.00 

 FTSE30 Oil Cop Gold Com 

FTSE30 1.00 0.08 0.20 -0.11 0.11 

Oil 0.08 1.00 0.23 0.16 0.54 

Cop 0.20 0.23 1.00 0.29 0.37 

Gold -0.11 0.16 0.29 1.00 0.30 

Com 0.11 0.54 0.37 0.30 1.00 
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Appendix 2 Structural break point test result 
 
Sample period 1998-2005   2003 -2017   

Correlation series break =2000-03-10  break= 2008-09-08  

DCCCGOil 0,0000 *** 0,0000 *** 

DCCCGCop 0,0000 *** 0,0002 *** 

DCCCGGold 0,0000 *** 0,0002 *** 

DCCCGCom 0,0000 *** 0,0002 *** 

DCCFinOil 0,0000 *** 0,0000 *** 

DCCFinCop 0,0000 *** 0,0000 *** 

DCCFinGold 0,0000 *** 0,0000 *** 

DCCFinCom 0,0000 *** 0,0000 *** 

DCCFTSE30Oil 0,0000 *** 0,0000 *** 

DCCFTSE30Cop 0,0000 *** 0,0000 *** 

DCCFTSE30Gold 0,8579  0,0000 *** 

DCCFTSE30Com 0,0000 *** 0,0000 *** 

DCCCSOil 0,0000 *** 0,0000 *** 

DCCCSCop 0,0000 *** 0,0000 *** 

DCCCSGold 0,0000 *** 0,0000 *** 

DCCCSCom 0,0000 *** 0,0000 *** 

DCCTechOil 0,0000 *** 0,0000 *** 

DCCTechCop 0,0000 *** 0,0000 *** 

DCCTechGold 0,0000 *** 0,0000 *** 

DCCTechCom 0,0000 *** 0,0000 *** 

DCCIndOil 0,0000 *** 0,0000 *** 

DCCIndCop 0,0000 *** 0,0001 *** 
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DCCIndGold 0,0000 *** 0,0001 *** 

DCCIndCom 0,0000 *** 0,0001 *** 

GGCGOil 0,9624  0,0000 *** 

GGCGCop 0,0000 *** p<0,0000 *** 

GGCGGold 0,0000 *** 0,0000 *** 

GGCGCom 0,0000 *** 0,0000 *** 

GGFinOil 0,7812  0,0000 *** 

GGFinCop 0,0937 * 0,0000 *** 

GGFinGold 0,0000 *** 0,0000 *** 

GGFinCom 0,0045 *** 0,0000 *** 

GGFTSE30Oil 0,7715  0,0000 *** 

GGFTSE30Cop 0,0000 *** 0,0000 *** 

GGFTSE30Gold 0,0000 *** 0,0000 *** 

GGFTSE30Com 0,7048  0,0019 *** 

GGCSOil 0,0000 *** 0,0000 *** 

GGCSCop 0,0000 *** p<0,0000 *** 

GGCSGold 0,0000 *** 0,0000 *** 

GGCSCom 0,0000 *** 0,0000 *** 

GGTechOil 0,0000 *** 0,0449 ** 

GGTechCop 0,0000 *** 0,0000 *** 

GGTechGold 0,0000 *** 0,0000 *** 

GGTechCom 0,0000 *** 0,0000 *** 

GGTIndOil 0,0000 *** 0,0000 *** 

GGTIndCop 0,0038 *** 0,0000 *** 

GGTIndGold 0,0000 *** 0,4202  

GGTIndCom 0,0000 *** 0,0000 *** 
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Appendix 3 DCC Estimation results 
CS Estimate Std, Error t-value Pr(>|t|) Ind Estimate SE t-value Pr(>|t|) 

CS µ 0,0622 0,0162 3,8440 0,0001 ind µ 0,0794 0,0154 5,1567 0,0000 

CS a1 -0,0145 0,0132 -1,0929 0,2745 ind a1 0,0392 0,0131 2,9891 0,0028 

CS ω 0,0287 0,0732 0,3922 0,6949 ind ω 0,0211 0,0069 3,0689 0,0021 

CS α 0,0582 0,0811 0,7179 0,4728 ind α 0,0788 0,0130 6,0737 0,0000 

CS β 0,9354 0,0985 9,5002 0,0000 ind β 0,9144 0,0143 64,1186 0,0000 

CS λ 4,6046 0,2727 16,8836 0,0000 ind λ 8,3199 0,8263 10,0692 0,0000 

Oil µ 0,0336 0,0185 1,8156 0,0694 Oil µ 0,0336 0,0185 1,8155 0,0694 

Oil a1 -0,0653 0,0135 -4,8319 0,0000 Oil a1 -0,0653 0,0135 -4,8323 0,0000 

Oil ω 0,0378 0,0112 3,3745 0,0007 Oil ω 0,0378 0,0112 3,3695 0,0008 

Oil α 0,0835 0,0107 7,7883 0,0000 Oil α 0,0835 0,0107 7,7930 0,0000 

Oil β 0,9110 0,0111 82,0344 0,0000 Oil β 0,9110 0,0111 81,9901 0,0000 

Oil λ 7,3414 1,1471 6,4002 0,0000 Oil λ 7,3414 1,1457 6,4077 0,0000 

Cop µ 0,0262 0,0164 1,5948 0,1108 Cop µ 0,0262 0,0164 1,5948 0,1108 

Cop a1 -0,0704 0,0125 -5,6123 0,0000 Cop a1 -0,0704 0,0125 -5,6121 0,0000 

Cop ω 0,0267 0,0047 5,6704 0,0000 Cop ω 0,0267 0,0047 5,6734 0,0000 

Cop α 0,0358 0,0024 14,7978 0,0000 Cop α 0,0358 0,0024 14,8067 0,0000 

Cop β 0,9547 0,0006 1613,9334 0,0000 Cop β 0,9547 0,0006 1613,9373 0,0000 

Cop λ 6,1046 0,4551 13,4135 0,0000 Cop λ 6,1046 0,4558 13,3929 0,0000 

Gold µ 0,0154 0,0102 1,5106 0,1309 Gold µ 0,0154 0,0102 1,5107 0,1309 

Gold a1 -0,0510 0,0128 -3,9848 0,0001 Gold a1 -0,0510 0,0128 -3,9844 0,0001 

Gold ω 0,0103 0,0023 4,5142 0,0000 Gold ω 0,0103 0,0023 4,5141 0,0000 

Gold α 0,0405 0,0042 9,6854 0,0000 Gold α 0,0405 0,0042 9,6846 0,0000 

Gold β 0,9510 0,0044 218,5306 0,0000 Gold β 0,9510 0,0044 218,5215 0,0000 

Gold λ 5,0643 0,3356 15,0893 0,0000 Gold λ 5,0643 0,3366 15,0478 0,0000 

Com µ 0,0137 0,0146 0,9365 0,3490 Com µ 0,0137 0,0146 0,9362 0,3492 

Com a1 -0,0321 0,0132 -2,4305 0,0151 Com a1 -0,0321 0,0132 -2,4315 0,0150 

Com ω 0,0102 0,0024 4,1589 0,0000 Com ω 0,0102 0,0024 4,1614 0,0000 

Com α 0,0378 0,0019 19,5825 0,0000 Com α 0,0378 0,0019 19,5900 0,0000 

Com β 0,9570 0,0004 2652,6815 0,0000 Com β 0,9570 0,0004 2650,2974 0,0000 

Com λ 10,8732 1,4506 7,4956 0,0000 Com λ 10,8732 1,4508 7,4946 0,0000 

θ1 0,0161 0,0011 14,1753 0,0000 θ1 0,0172 0,0012 14,0025 0,0000 

θ2 0,9838 0,0012 852,8317 0,0000 θ2 0,9827 0,0012 788,3797 0,0000 

M shape 7,3936 0,2941 25,1389 0,0000 M shape 8,2385 0,3888 21,1885 0,0000 

 
 

Fin Estimate SE t-value Pr(>|t|) CG Estimate SE t-value Pr(>|t|) 

Fin µ 0,0848 0,0150 5,6495 0,0000 CG µ 0,0588 0,0183 3,2073 0,0013 

Fin a1 -0,0156 0,0133 -1,1682 0,2427 CG a1 0,0020 0,0135 0,1490 0,8815 
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Fin ω 0,0305 0,0099 3,0809 0,0021 CG ω 0,0230 0,1400 0,1645 0,8694 

Fin α 0,0850 0,0136 6,2710 0,0000 CG α 0,0633 0,2380 0,2659 0,7903 

Fin β 0,9066 0,0154 58,6866 0,0000 CG β 0,9309 0,2703 3,4447 0,0006 

Fin λ 6,4716 0,5023 12,8834 0,0000 CG λ 5,0769 0,3884 13,0708 0,0000 

Oil µ 0,0336 0,0185 1,8153 0,0695 Oil µ 0,0336 0,0185 1,8156 0,0694 

Oil a1 -0,0653 0,0135 -4,8318 0,0000 Oil a1 -0,0653 0,0135 -4,8330 0,0000 

Oil ω 0,0378 0,0112 3,3696 0,0008 Oil ω 0,0378 0,0112 3,3687 0,0008 

Oil α 0,0835 0,0107 7,7938 0,0000 Oil α 0,0835 0,0107 7,7889 0,0000 

Oil β 0,9110 0,0111 82,0284 0,0000 Oil β 0,9110 0,0111 81,9838 0,0000 

Oil λ 7,3414 1,1460 6,4059 0,0000 Oil λ 7,3414 1,1464 6,4038 0,0000 

Cop µ 0,0262 0,0164 1,5949 0,1107 Cop µ 0,0262 0,0164 1,5947 0,1108 

Cop a1 -0,0704 0,0125 -5,6121 0,0000 Cop a1 -0,0704 0,0125 -5,6125 0,0000 

Cop ω 0,0267 0,0047 5,6722 0,0000 Cop ω 0,0267 0,0047 5,6710 0,0000 

Cop α 0,0358 0,0024 14,8018 0,0000 Cop α 0,0358 0,0024 14,7985 0,0000 

Cop β 0,9547 0,0006 1613,9605 0,0000 Cop β 0,9547 0,0006 1614,0291 0,0000 

Cop λ 6,1046 0,4556 13,3981 0,0000 Cop λ 6,1046 0,4550 13,4167 0,0000 

Gold µ 0,0154 0,0102 1,5105 0,1309 Gold µ 0,0154 0,0102 1,5107 0,1309 

Gold a1 -0,0510 0,0128 -3,9841 0,0001 Gold a1 -0,0510 0,0128 -3,9850 0,0001 

Gold ω 0,0103 0,0023 4,5145 0,0000 Gold ω 0,0103 0,0023 4,5140 0,0000 

Gold α 0,0405 0,0042 9,6837 0,0000 Gold α 0,0405 0,0042 9,6791 0,0000 

Gold β 0,9510 0,0044 218,5086 0,0000 Gold β 0,9510 0,0044 218,5203 0,0000 

Gold λ 5,0643 0,3363 15,0593 0,0000 Gold λ 5,0643 0,3356 15,0896 0,0000 

Com µ 0,0137 0,0146 0,9367 0,3489 Com µ 0,0137 0,0146 0,9361 0,3492 

Com a1 -0,0321 0,0132 -2,4314 0,0150 Com a1 -0,0321 0,0132 -2,4307 0,0151 

Com ω 0,0102 0,0024 4,1589 0,0000 Com ω 0,0102 0,0024 4,1607 0,0000 

Com α 0,0378 0,0019 19,5822 0,0000 Com α 0,0378 0,0019 19,5724 0,0000 

Com β 0,9570 0,0004 2650,8512 0,0000 Com β 0,9570 0,0004 2652,2698 0,0000 

Com λ 10,8732 1,4507 7,4951 0,0000 Com λ 10,8732 1,4502 7,4978 0,0000 

θ1 0,0171 0,0012 14,5911 0,0000 θ1 0,0168 0,0012 13,9566 0,0000 

θ2 0,9828 0,0012 826,9959 0,0000 θ2 0,9831 0,0012 805,6520 0,0000 

M shape 7,9250 0,3479 22,7803 0,0000 M shape 7,7245 0,3328 23,2083 0,0000 
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Tech Estimate SE t-value Pr(>|t|) FTSE30 Estimate SE t-value Pr(>|t|) 

Tech µ 0,0659 0,0219 3,0139 0,0026 FTSE30 µ 0,0941 0,0136 6,9080 0,0000 

Tech a1 -0,0028 0,0130 -0,2183 0,8272 FTSE30 a1 -0,0080 0,0130 -0,6140 0,5392 

Tech ω 0,0113 0,0041 2,7465 0,0060 FTSE30 ω 0,0175 0,0051 3,4339 0,0006 

Tech α 0,0343 0,0016 21,9083 0,0000 FTSE30 α 0,0803 0,0120 6,6793 0,0000 

Tech β 0,9647 0,0002 4676,2632 0,0000 FTSE30 β 0,9131 0,0129 70,7280 0,0000 

Tech λ 4,6647 0,2967 15,7203 0,0000 FTSE30 λ 8,7603 0,9263 9,4574 0,0000 

Oil µ 0,0336 0,0185 1,8154 0,0695 Oil µ 0,0334 0,0185 1,8038 0,0713 

Oil a1 -0,0653 0,0135 -4,8325 0,0000 Oil a1 -0,0652 0,0135 -4,8278 0,0000 

Oil ω 0,0378 0,0112 3,3722 0,0007 Oil ω 0,0378 0,0112 3,3685 0,0008 

Oil α 0,0835 0,0107 7,7860 0,0000 Oil α 0,0835 0,0107 7,7906 0,0000 

Oil β 0,9110 0,0111 82,0285 0,0000 Oil β 0,9110 0,0111 82,0117 0,0000 

Oil λ 7,3414 1,1483 6,3935 0,0000 Oil λ 7,3359 1,1440 6,4126 0,0000 

Cop µ 0,0262 0,0164 1,5948 0,1108 Cop µ 0,0266 0,0164 1,6177 0,1057 

Cop a1 -0,0704 0,0125 -5,6121 0,0000 Cop a1 -0,0708 0,0125 -5,6488 0,0000 

Cop ω 0,0267 0,0047 5,6704 0,0000 Cop ω 0,0266 0,0047 5,6680 0,0000 

Cop α 0,0358 0,0024 14,8008 0,0000 Cop α 0,0357 0,0024 14,8172 0,0000 

Cop β 0,9547 0,0006 1613,9537 0,0000 Cop β 0,9547 0,0006 1653,8084 0,0000 

Cop λ 6,1046 0,4553 13,4069 0,0000 Cop λ 6,0979 0,4555 13,3865 0,0000 

Gold µ 0,0154 0,0102 1,5105 0,1309 Gold µ 0,0153 0,0102 1,4972 0,1343 

Gold a1 -0,0510 0,0128 -3,9848 0,0001 Gold a1 -0,0507 0,0128 -3,9669 0,0001 

Gold ω 0,0103 0,0023 4,5140 0,0000 Gold ω 0,0103 0,0023 4,5167 0,0000 

Gold α 0,0405 0,0042 9,6794 0,0000 Gold α 0,0405 0,0042 9,6955 0,0000 

Gold β 0,9510 0,0044 218,5785 0,0000 Gold β 0,9510 0,0043 218,9779 0,0000 

Gold λ 5,0643 0,3359 15,0784 0,0000 Gold λ 5,0589 0,3364 15,0373 0,0000 

Com µ 0,0137 0,0146 0,9371 0,3487 Com µ 0,0135 0,0146 0,9249 0,3550 

Com a1 -0,0321 0,0132 -2,4312 0,0150 Com a1 -0,0320 0,0132 -2,4293 0,0151 

Com ω 0,0102 0,0025 4,1561 0,0000 Com ω 0,0102 0,0025 4,1620 0,0000 

Com α 0,0378 0,0019 19,5714 0,0000 Com α 0,0379 0,0019 19,5882 0,0000 

Com β 0,9570 0,0004 2651,6654 0,0000 Com β 0,9569 0,0004 2630,2079 0,0000 

Com λ 10,8732 1,4512 7,4927 0,0000 Com λ 10,8703 1,4499 7,4975 0,0000 

θ1 0,0166 0,0011 14,8001 0,0000 θ1 0,0174 0,0012 14,2824 0,0000 

θ2 0,9833 0,0011 863,6170 0,0000 θ2 0,9826 0,0012 796,5321 0,0000 

M shape 7,4136 0,2981 24,8699 0,0000 M shape 8,2425 0,3772 21,8539 0,0000 
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Appendix 4 GO-GARCH Estimation results 
Ind      

U - Rotational Matrix 1 2 3 4 5 

1 0,1605 -0,2630 0,4690 0,2520 -0,7885 

2 -0,0556 0,5560 0,3820 -0,7100 -0,1954 

3 0,3909 -0,6050 -0,2780 -0,6300 -0,0849 

4 -0,4396 -0,4930 0,6210 -0,1280 0,4033 

5 -0,7907 -0,1180 -0,4140 -0,1400 -0,4125 

A - Mixing Matrix 1 2 3 4 5 

1 0,1090 -0,0426 -0,0032 -1,5859 -0,0151 

2 -0,1680 0,1154 -1,5783 -0,2415 1,6281 

3 -0,2400 1,5419 0,0160 -0,4335 0,3459 

4 -1,0560 0,1372 0,0340 0,0234 0,1581 

5 -0,1990 0,1689 0,3162 -0,1954 1,2983 

 F1 F2 F3 F4 F5 

ω 0,0120 0,0091 0,0023 0,0084 0,0057 

α 0,0476 0,0348 0,1151 0,0775 0,0404 

β 0,9399 0,9559 0,8839 0,9155 0,9540 

Skew 0,0193 -0,0451 0,0602 0,0523 -0,0681 

Shape 1,1639 1,5932 1,4425 2,6283 3,5074 

LL -47885,1     

 

CG      

U - Rotational Matrix 1 2 3 4 5 

1 0,4640 0,2622 0,1480 -0,8177 0,1594 

2 0,2690 -0,4559 -0,8360 -0,1368 0,0422 

3 -0,3700 0,7140 -0,4900 -0,0042 0,3361 

4 0,5890 0,4620 -0,1470 0,3501 -0,5432 

5 0,4780 -0,0154 0,1290 0,4361 0,7515 

A - Mixing Matrix 1 2 3 4 5 

1 -0,0322 -0,1302 -1,6860 0,0498 0,1710 

2 -1,5556 -0,0874 -0,0986 1,6656 -0,1720 

3 0,0133 -1,5824 -0,1314 0,4157 -0,2210 

4 0,0341 -0,1328 -0,0322 0,1483 -1,0570 

5 0,3335 -0,1525 -0,1028 1,3058 -0,2040 

 F1 F2 F3 F4 F5 

ω 0,0023 0,0100 0,0077 0,0060 0,0109 

α 0,1154 0,0389 0,0560 0,0412 0,0470 

β 0,8836 0,9511 0,9365 0,9529 0,9417 

Skew 0,0589 0,0454 -0,0064 -0,0781 0,0061 
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Shape 1,4311 1,5476 1,3122 3,3511 1,1472 

LL -48329,6     

 
 

Fin      

U - Rotational Matrix 1 2 3 4 5 

1 0,1730 0,4720 -0,8023 -0,2810 0,1567 

2 -0,0510 -0,2560 0,1337 -0,3480 0,8905 

3 -0,3460 0,3890 -0,0343 0,7570 0,3928 

4 0,4500 -0,6310 -0,4191 0,4650 0,0885 

5 0,8030 0,4030 0,4020 0,1040 0,1423 

A - Mixing Matrix 1 2 3 4 5 

1 -0,0800 -0,0065 -0,0680 -0,0327 1,7153 

2 0,1880 1,5785 -1,6380 -0,1401 0,1097 

3 0,2590 -0,0163 -0,3610 -1,5776 0,2374 

4 1,0510 -0,0339 -0,1480 -0,1350 -0,1224 

5 0,2140 -0,3161 -1,3050 -0,1878 0,0808 

 F1 F2 F3 F4 F5 

ω 0,0125 0,0023 0,0057 0,0091 0,0105 

α 0,0488 0,1150 0,0408 0,0372 0,0806 

β 0,9384 0,8840 0,9537 0,9537 0,9097 

Skew -0,0241 -0,0605 0,0767 0,0454 -0,0063 

Shape 1,1912 1,4426 3,3635 1,5532 1,8903 

LL -48264,3     

 
 

Tech      

U - Rotational Matrix 1 2 3 4 5 

1 -0,2740 -0,1220 -0,1526 0,9416 0,0006 

2 0,7672 0,4760 0,2052 0,3185 -0,2023 

3 -0,0445 -0,4520 0,8455 0,0656 -0,2729 

4 -0,3465 0,5690 0,4688 0,0486 0,5781 

5 -0,4630 0,4800 -0,0017 -0,0723 -0,7419 

A - Mixing Matrix 1 2 3 4 5 

1 -0,1620 -0,0119 -0,1430 2,8054 -0,1400 

2 -1,6300 -1,5920 -0,0890 0,0292 0,2070 

3 -0,4250 0,0162 -1,5770 0,1224 0,2450 

4 -0,1290 0,0315 -0,1240 -0,0126 1,0610 

5 -1,3130 0,3053 -0,1420 0,0237 0,2330 

 F1 F2 F3 F4 F5 

ω 0,0055 0,0023 0,0101 0,0013 0,0112 

α 0,0405 0,1158 0,0397 0,0292 0,0470 



 61 

β 0,9541 0,8832 0,9503 0,9694 0,9414 

Skew 0,0839 0,0621 0,0420 -0,0255 -0,0119 

Shape 3,2760 1,4446 1,5276 1,0775 1,1528 

LL -50871,3     

 
 
CS      

U - Rotational Matrix 1 2 3 4 5 

1 0,1679 0,4730 0,2608 -0,8218 0,0697 

2 -0,0698 -0,1800 0,3430 0,0690 0,9167 

3 -0,3058 0,4200 -0,7775 -0,0378 0,3528 

4 0,5474 -0,5870 -0,4580 -0,3608 0,1251 

5 0,7575 0,4720 -0,0091 0,4340 0,1210 

A - Mixing Matrix 1 2 3 4 5 

1 -0,1450 0,0006 0,1483 -0,0616 1,7398 

2 0,1770 1,5683 0,0901 -1,6557 0,0275 

3 0,2260 -0,0142 1,5845 -0,4219 0,0533 

4 1,0580 -0,0337 0,1317 -0,1478 -0,0147 

5 0,2080 -0,3239 0,1519 -1,3114 0,0263 

 F1 F2 F3 F4 F5 

ω 0,0113 0,0023 0,0099 0,0058 0,0094 

α 0,0472 0,1153 0,0394 0,0407 0,0518 

β 0,9412 0,8837 0,9507 0,9537 0,9394 

Skew -0,0111 -0,0604 -0,0447 0,0812 0,0143 

Shape 1,1423 1,4352 1,5462 3,2990 1,1066 

LL -48703,0     

 
 

FTSE30      

U - Rotational Matrix 1 2 3 4 5 

1 0,1590 -0,2820 0,4710 0,1770 -0,8012 

2 -0,1090 0,7020 0,4220 -0,5460 -0,1410 

3 0,3950 -0,4340 -0,2070 -0,7800 -0,0627 

4 -0,4240 -0,4760 0,6280 -0,1500 0,4196 

5 -0,7920 -0,1150 -0,4030 -0,1980 -0,3978 

A - Mixing Matrix 1 2 3 4 5 

1 0,1230 0,0305 0,0046 -1,4980 0,0443 

2 -0,1640 0,1444 -1,5765 -0,1620 1,6378 

3 -0,2320 1,5706 0,0198 -0,3090 0,3531 

4 -1,0540 0,1417 0,0343 0,0430 0,1575 

5 -0,1960 0,1884 0,3179 -0,1270 1,3041 

 F1 F2 F3 F4 F5 
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ω 0,0124 0,0093 0,0023 0,0074 0,0057 

α 0,0482 0,0363 0,1149 0,0748 0,0405 

β 0,9389 0,9544 0,8841 0,9184 0,9539 

Skew 0,0182 -0,0420 0,0602 0,1104 -0,0719 

Shape 1,1542 1,5245 1,4452 3,2146 3,4018 

LL -47455,5400     
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Appendix 5 correlation comparison 
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Appendix 6 Back tested correlation and hedge ratios 2013-2017 
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Appendix 7 Return series, squared return series of sectors and commodities 
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Appendix 8 Hedge effectiveness visualization 
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Appendix 9 News Impact Correlation Surface figures (Fin, Ind, FTSE30) 
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