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Abstract 

This paper analyzes the return connectedness between the biotechnology sector and other financial 

assets for 1 January 2000 to 31 December 2018, using an empirical approach from both time- and 

frequency-domain. The results reveal that the connectedness between the biotechnology sector 

and other financial assets are decreasing with time, entailing high diversification opportunities in 

the long-run. Our results also suggest that the spillover effect from the biotechnology sector is 

higher than the spillover effect to the biotechnology sector, proposing that the sector affects other 

financial assets to a greater extent than they affect the biotechnology sector. Concurrently, we 

found that the net directional connectedness is negative for the sector, which means that it does 

not transmit shocks to others since it is not subject to significant return or volatility shocks. This 

implies that the systematic risk connected to the biotechnology sector is lower than previous studies 

argue for. Thus, our main finding is that investments in the sector has safe haven properties, 

indicating that they are independent towards other sectors. By investing in the biotechnology 

sector, investors contribute to society and supports the R&D, leading to development of vital 

drugs. In light of this, we argue that investments in the sector are socially beneficial. Building on 

these insights, investments in the biotechnology sector are of importance when investing in a 

prosperous world.  

 
Keywords: biotech; time-frequency dynamics; connectedness; spillover; systematic risk; safe haven  
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1. Introduction 

This paper analyzes the connectedness between the biotechnology sector and other financial assets 

and thereby investigates how the attractiveness of investing in the sector can increase. Modern 

technology has revolutionized health sciences, but at the same time medicine are facing challenges 

in its research to find cures for different diseases such as cancer. The possibilities to develop 

effective drugs in the biotechnology sector are influenced by the investment capital, which is 

lacking due to the high investment risk. This is a serious alarming trend, leading to insufficient 

research and development (R&D) and failure in developing adequate drugs. Since the 

biotechnology sector contributes to society by finding cures and generating a higher health 

standard, we argue that investments in the sector can be considered as socially beneficial. In order 

to attract the investors and increase the attention in biotech investments as an asset class, we 

estimate the biotech connectedness across the major asset classes by applying multiscale spillover 

approach, which allows us to capture the heterogenous investor behavior characteristics. 

 

Ritchie and Roser (2018) state that 50.9 million people died of non-communicable diseases (NCD) 

and communicable, maternal, neonatal and nutritional diseases in 2016. The NCD consists of e.g. 

cancers, diabetes and cardiovascular diseases and accounts for more than 70 percent of deaths 

globally. Incurable diseases have a significant impact on the world economy, for instance the total 

annual cost for cancer reached 1.16 trillion U.S. dollars in 2010. Cancer and other diseases are a 

growing challenge in the modern society and there is an increasing concern regarding the transition 

from biomedical research into effective drugs (Fagnan et al., 2013). Fernandez et al. (2012) also 

argue that the development of biomedicine has become more risky, expensive and difficult to fund 

by traditional financial tools, amongst private and public equity. Investments in the sector are risky 

due to its dependence on success and the long-time horizon that is acquired when developing 

research and producing products (Gopalakrishnan et al., 2008). For instance, the systematic risk 

amounts to 1.61 on a three-year period and is thereby higher than the market that has a defined 

systematic risk as 1.0. Anaya et al. (2017) state that the primary challenge in the biotechnology 

sector is the underperformance concurrently as investors require a 20 percent higher compensation 

for the risk than the overall market. Additionally, OECD (2012) notes that the global financial 

crisis during 2008 affected the R&D negatively, at the same time as the R&D within the health 

sector experienced an increase. Furthermore, life science leaders do not expect the trade war 

between the U.S. and China to affect the regional strategies in the sector, whilst the long-term 

investments are predicted to be influenced. 75 percent of the investors also expects BREXIT to 

impact the investments in the United Kingdom negatively, where the investments are expected to 

decrease. At the same time, 65 percent of the investors in the biotechnology sector expects to see 

an increase in the sector’s investments during 2019 and China is predicted to have the greatest 

increase in investment dollars (Demy-Colton and EBD Group, 2019). The global annual growth 

between 2014-2019 is two percent and the number of businesses has grown by 3.9 percent in the 

sector (IBISWorld, 2019). Bueso and Tangney (2017) state that the biotechnology sector 

constitutes more than two percent of the U.S. growth domestic product (GDP) and that it has a 

value of two trillion euro in the European Union. In 2016, the total investments in the sector 

amounted to 369.62 billion U.S. dollars and are expected to annually grow by 7.4 percent globally. 

Thus, the total investments in the global biotechnology market is expected to hit 727.1 billion U.S. 

dollars by 2025 (Grand View Research, 2017). 



 7 

The biotechnology sector arose in the mid-1970s and the industry has developed from consisting 

of firms that aimed to commercialize scientific development in genetic engineering to several 

smaller research-intensive firms with self-financing through public equity and alliances with 

pharmaceutical companies (Lerner et al., 2003). Malik and Hine (2011) define biotechnology as a 

sector that utilize the biological systems and living organisms to develop products and 

technological systems, with the main focus on advancing drugs and human condition1. Lazonick 

and Tulum (2011) claims that an entering in a R&D alliance means that the individual company, if 

and when a drug is developed, gives certain property rights to the alliance. The authors’ note that 

it takes between 10-20 years to develop biotech products and that there is an absence of profitability 

in the industry. Nevertheless, the U.S. biotechnology sector was booming in the beginning of the 

2000s. Even though the biotechnology sector has existed for decades, the sector is still emerging. 

Furthermore, Lerner et al. (2003) state that the biotechnology sector is characterized by 

information asymmetries, which can be observed at the firm level were one failure affects the 

beliefs about the viability of the whole sector.  

 

Additionally, Anaya et al. (2017) imply that a substantial component of the global economy is the 

industrialization of biomedical research. Investment capital in the sector has increased and 

decreased over time due to preclinical scientific progresses, clinical trial data, regulatory oversight 

changes, healthcare policy reforms, pricing and healthcare technology assessment issues. Biotech 

companies need to secure financial capital to persist, evolve and survive, implicating that the 

biotech companies require a large amount of capital, which makes them continuously dependent 

to more sources of capital (Gopalakrishnan et al., 2008). Hence, a significant funding is obtained 

from venture capitalists and R&D alliances (Lazonick and Tulum, 2011). Further, economic 

seismic changes also have an impact on the drug discovery and development. The performance of 

the investments in biopharmaceuticals affect the investment capital in the biotechnology sector 

(Anaya et al., 2017). 

 

Based on Figure 1, the performance of the biotechnology sector has been increasing steadily since 

2008. Similar pattern can be observed in the technology- and pharmaceutical sectors, but with a 

more cautious increase. However, the pattern for the biotechnology- and technology sectors is 

almost identical until 2012 where the technology sector decreases relative to the biotechnology 

sector. It is also of importance to highlight that the fluctuations in the biotechnology sector are 

greater than in the pharmaceutical, even though both are following a positive pattern. In order to 

define leading companies within the sectors on the overall market, we have identified which 

companies are listed on the index Dow Jones Industrial Average. The index indicates the value of 

30 significant stocks that are traded on the New York Stock Exchange and the NASDAQ, whereby 

nine of them have a sector affiliation within technology and three within biotechnology and 

pharmaceutical (S&P Dow Jones Indices, 2019). The biotechnology- and pharmaceutical 

companies that are listed are Johnson & Johnson, Pfizer Inc and Merck & Co. The index Dow 

Jones Industrial Average could indicate which sectors or companies’ investors find attractive, 

meaning that in light of the included amount of technology companies, the technology sector 

should outperform the biotechnology- and pharmaceutical sector. This can, however, not be 

                                                 
1 For further definition, see Appendix I. 



 8 

observed in Figure 1, which can be of importance to highlight when examining how the 

attractiveness of investing in biotechnology can increase.  

 

 
Figure 1: Historical logarithmic price performance of the biotechnology (NASDAQ Biotechnology Index), 

pharmaceutical (S&P 500 Pharmaceuticals) and technology (NYSE Arca Technology 100) sectors. 

 

Nanda and Rhodes-Kropf (2016) find that the financial risk affects the investors’ willingness to 

experiment and thus the type of investment that they invest in. Hence, the authors suggest that 

financial markets are able to decrease new ventures’ financing frictions and also promote or impede 

experimentation by investors regarding the diffusion and commercialization of new technologies. 

Nanda and Rhodes-Kropf (2016) also state that due to their finding that investors tend to seek 

more knowledge about innovative companies before investing, investors prefer investing the 

smallest possible amount at a high frequency. This indicates that investors in the biotechnology 

sector will firstly try to gain as much knowledge as possible of the drug development process, 

which can be a problem due to the uncertainties and the long-time horizon. Moreover, investors 

with a deep knowledge in the technology sector will find investments in the biotechnology sector 

as uncertain because of its dependence of success and failure of the drug development process. 

Therefore, investments in the biotechnology sector will be based on “good” and “bad” news, which 

depends on the R&D contracts and the clinical trials (Lazonick and Tulum, 2011). This is in line 

with Nofsinger’s (2018) statement regarding the investments frame, where investors are affected 

of whether the investments are associated with a positive or negative frame. Lo and Pisano (2016) 

also state that it is difficult to motivate investors to invest in the biotechnology sector because of 

its long-term risky research.  

 

Furthermore, Lo (2015) states that financial engineering can play a major role in curing cancer and 

other diseases. Thus, Lo (2015) considers four observations of importance. The first observation 

demonstrates that the drug development is getting harder over time due to the fact that clinical 

trials takes long time to develop and are expensive. The second observation refers to the increased 

financial risk, which aims to decline the funding’s in the industry. Investments in the biotechnology 

sector are of importance but are lacking due to the high risk, leading to few investors. This affects 

the funding and patients negatively. The third observation is that finance can contribute to 

decreasing the risk whilst the last observation refers to the significance of expectations and visions, 

which imply that the allocation of the resources is of importance (Lo, 2015). 
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Previous studies investigate the risk and return in the biotechnology sector compared to other asset 

classes and several studies examine alternative funding of the industry and volatility modelling. The 

comparison in risk and return between the biotechnology and pharmaceutical sector are studied by 

Anaya et al. (2017), Golec and Vernon (2009) and Mazzaucato and Tancioni (2005). Studies of 

network dynamics in the biotech markets are lacking and by analyzing the connectedness between 

the biotechnology sector and other financial assets, we fill this gap. Through our study, investors 

gain information of how investments in the biotechnology sector are behaving and if there exist 

diversification opportunities. Therefore, our aim is to analyze the connectedness between the 

biotechnology sector and other financial assets and thereby investigate how the attractiveness of 

investing in biotechnology can increase. The purpose is answered through the following research 

questions:  

• How is the biotechnology sector connected to other financial assets? Is there any difference 

across different time frequencies? 

The thesis is based on a quantitative approach and the data includes the years 2000 to 2018 in order 

to get a wide time horizon including major events such as the financial debt crisis, the European 

Sovereign crisis and BREXIT. The data consists of 11 variables representing the biotechnology-, 

technology-, pharmaceutical-, and ethical sector, U.S. and European stock market, the market for 

oil and gold, the exchange rate between U.S. dollar and Euro and the U.S. 10-year bond. The 

methodology consists of three steps. In the first step, the full-sample analysis introduced by 

Diebold and Yilmaz (2012) with no frequency bounds has been estimated. This have been done 

by using variance decomposition created by VAR(4), which measures the connectedness between 

the included assets. In the second step, we follow Barunik and Krehlik (2018) to analyze the 

connectedness with respect to short-, medium- and long-term frequencies in order to understand 

the transmission mechanism. Lastly, we conduct a time-varying approach by using rolling window. 

By applying these three steps, we have conducted a multiscale spillover approach, which allows us 

to capture the heterogenous investor behavior characteristics. The comparative advantages of the 

multiscale spillover approach are that it captures the spectral or second order moments (volatility) 

during the investigated sample period. Our main finding is that investments in the biotechnology 

sector can be considered as investments with safe haven properties because of its negative net 

directional connectedness. We also find that the connectedness between the biotechnology sector 

and other financial assets are weakening with time, suggesting high diversification opportunities in 

the long-run. The results from the rolling window estimation indicate that the biotechnology sector 

affect other sectors to a greater extent than other sectors affect the biotechnology sector and 

therefore is not a significant player in the system since it is not subject to return or volatility shocks.  

 

The main contribution of this paper can be summarized as follows: first, to the best of our 

knowledge, this is the first study to analyze the connectedness between the biotechnology sector 

and other financial assets using empirical approaches from both a time-domain and a frequency 

domain framework. The paper identifies diversification opportunities, which previous research has 

not examined. The time-domain framework introduced by Diebold and Yilmaz (2012) with no 

frequency bands and the frequency-domain approach by Barunik and Krehlik (2018) with respect 

to short-, medium and long-term frequencies analyzes how the variables are connected and how 

their connectedness is affected by different economic events. Second, our results suggest that 
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investments in the biotechnology sector can be considered as investments with safe haven 

properties because of negative net directional connectedness. This is our main contribution since 

no previous research has ever concluded this. Third, the paper contributes to the well-being of 

society since it argues for increasing investments in the biotechnology sector. The increased 

investments can contribute to advance the R&D and thereby develop vital drugs and to help find 

new cures for different types of diseases.  

 

This paper follows the ethical principles by the Swedish Research Council (Hermerén, 2011) and 

is written objectively. The chosen data has been collected from Thomson Reuters Datastream, 

which is considered as a reliable database.  
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2. Theoretical framework 

In this section, main theories that are related to investments in the biotechnology sector are 

presented. We review theories about behavioral finance, portfolio diversification, dependency 

structure and risk management and analyze their connection to the biotechnology sector.  

 

2.1 Behavioral finance  

Nofsinger (2018) analyze the behavior of individuals in financial settings by examining the effects 

of individual emotions and cognitive biases on financial decisions, corporations and financial 

markets. Emotions are a significant component when making decisions, particularly regarding 

decisions with a high level of uncertainty, such as investment decisions. Moreover, investors 

permissiveness of risk increases in order to large profits and large losses when it exists possibilities 

to break-even. Rational investors attempt to minimize the risk concurrently as they attempt to 

maximize the return, which can be connected to the biotechnology sector that is characterized by 

a high risk and difficulty in funding biomedical R&D (Anaya et al., 2017). This adoption imply that 

rational investors would seek investments with low risk and high return even though high returns 

are generally associated with high risks. Therefore, the biotechnology sector requires a higher return 

and a lower risk in order to be appealing for rational investors. Furthermore, Anaya et al. (2017) 

state that the biotechnology portfolio underperformed compared to the market and the 

pharmaceutical and technology sector. The result of the high risk in the biotechnology sector can 

imply that investors sensitiveness to risk is higher than the overall market and that investors tend 

to avoid such investments. According to the theory of behavioral finance, investments in 

biotechnology can be perceived as uncertain due to the increasing and decreasing investments that 

depends on factors such as preclinical scientific breakthroughs, healthcare policy reforms and 

changes in regulatory oversight. In light of the high risk in the biotechnology sector, investors 

require a minimum return that is 20 percent higher compared to the market and the pharmaceutical 

and technology sector (Anaya et al., 2017), which also is in line with the rational investors behavior. 

The difficulty is that a multiplicity of biotechnology venture capital funds has not had this level of 

threshold since the early 2000s and is probably the main factor regarding the considerable 

implications to fund biomedical R&D, containing the valley of death for early-stage translational 

medicine (Anaya et al., 2017).  

 

An alternative perspective is that the biotechnology sector can be seen as a socially beneficial 

investment. The market of biotechnology is appealing a large part of venture capitalists. To 

promote the investments in the biotechnology sector, it is important to emphasize the effects that 

increased capital have on the R&D but also to emphasize the importance of investing socially 

beneficial. Socially beneficial investing seeks to contribute to advancements in social, 

environmental and governance practices (US SIF, 2019). Despite of the high risk related to the 

biotechnology sector, the investments in this sector should be seen as a socially beneficial investing. 

By investing in the biotechnology sector individuals contribute to the advancement of R&D and 

thereby to generate higher health standards. The problem relies on that investors do not like risks, 

but concurrently investing in the riskiest sectors generate the most innovative therapies.  

 

In conjunction with the increasing amount of deaths in cancer and other diseases, the demand for 

drugs increases. Nofsinger (2018) state that investors are affected of whether the frame is in a 
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positive or negative context. In such cases, investments in the biotechnology sector should be more 

appealing when stating that the R&D can contribute to cure cancer and other diseases. According 

to this, the investment in the biotechnology sector might increase when promoting the socially 

responsible meaning of the investments.   

 

2.2 Portfolio diversification 

Modern Portfolio Theory was first pioneered by Markowitz (1952) and emphasizes the concept of 

portfolio diversification. The theory explains how risk-averse investors, based on a certain market 

risk, can optimize a portfolio or maximize the expected return (Bodie et al., 2018). Nofsinger (2018) 

also discusses the importance of a diversified portfolio and argues that diversification often is 

limited by mental accounting. This means that investors do not consider the interaction between 

different investments and thereby treat each investment separately, which is problematic according 

to Markowitz’s (1952) portfolio theory (Bodie et al., 2018). By complementing different types of 

assets, for instance biotechnology with some other asset that has a small or negative correlation, 

diversification opportunities may be created. Thus, the risk could be reduced if biotechnology is 

combined with other asset classes like commodities. Fernandez et al. (2012) argue that portfolio 

theory can be applied on the drug-development sector, whereby the effectiveness is determined by 

correlations among the included assets, probability of success and expected revenues. According 

to the authors, investment in a megafund that consists of 150 different drug-development 

programs can create diversification opportunities in a portfolio because of its ability to issue both 

debt and equity. 

 

Nguyen et al. (2014) find that gold, among other metals, works well as a hedge for the stock market, 

where hedging refers to offset a certain source of risk (Bodie et al., 2018). Hence, hedging means 

that an investment is made in order to reduce the risk from an adverse price movement and 

therefore the hedge should be uncorrelated (weak hedge) or negative correlated (strong hedge) with 

other asset classes (Bodie et al., 2018). Safe haven refers to an asset that is expected to retain or 

increase its value even in times of market turbulence. Thus, the investment needs to be uncorrelated 

or negative correlated with the other investments in the portfolio in order to create safe haven in 

extreme market conditions (Bodie et al., 2018). Baur and Lucey (2010) find that an example of a 

safe haven investment is gold, which is a common perception. Another interesting example of 

investments that are defined as a safe haven investment is defensive stocks, which refers to goods 

that will be consumed regardless of the state of the market. Schonberger (2008) argue that 

investment in the biotechnology sector can be seen as a safe haven since the biotechnology 

companies are not affected by the broader economic factors. Parallelly, healthcare and medicine 

development will always be of importance irrespective of the overall economy.  

 

Palley (2007) state that financialization concerns an asset’s market integration and thereby whether 

the asset co-move with the financial market. Hence, financialization indicates that the impact of 

the financial market on the economic policy and outcome are increasing. Financialization could be 

of interest from an investor’s perspective in the prediction of the future and return (Palley, 2007). 

 

 

 



 13 

2.3 Dependency structure  

The dependency structure and causality are of importance to identify when constructing a portfolio 

from an investor’s perspective. If causality or dependency is found this should be considered in 

the investment decisions. Granger (1969) was the first with introducing the granger causality test, 

which is a test that is used to investigate the dependence among variables. Granger’s basic theory 

is that the future neither can predict the future or the past and the test examines if future values of 

one variable can be predicted by previous values of another variable. If causality exists, one variable 

is affected by another. The causality between the variables can be both unidirectional and 

bidirectional. Due to the lack of studies regarding the dependency structure between biotechnology 

and financial assets, it is of importance to examine how the biotechnology sector is connected to 

other financial assets.  

 

Xu (2009) find a negative nonlinear relationship between investment opportunities and firm market 

value, concurrently as the author supports previous research that find a positive nonlinear 

relationship between investment opportunities and firm market value. The relationship can be 

distinguished by firm-specific characteristics and the author conclude that the R&D progress is 

asymmetric contingent on if the progress of the drug is advancing or not. The nonlinear 

relationship implicates that a change in one of the entities would not correspond with a persistent 

change in the other entity, which is a sign of a relationship that is unpredictable or essentially 

absenteeism. By examine the connectedness between the biotechnology sector and other financial 

assets, the dependency structure can be identified. This is particularly of importance since there is 

evidence that the connectedness tends to increase during times with stressed market (Okimoto, 

2008). However, this increased connectedness appears to be temporary (Longstaff, 2010).  

 

2.4 Risk management  

The expression “risk” refers to the potential loss arising in light of different fluctuations on the 

market that affects the market price. Risk management is a collective name for the process of 

identification, measurement, analysis and controlling of uncertainties in investment decisions 

(Wolke, 2017). Wolke (2017) state that the first step in risk management is the risk identification, 

which differs depending on the specific features of the business or sector. The second step in risk 

management is the risk measurement and the risk analysis. Risk measurement can be measured 

quantitatively, where quantitative often refers to key figures as volatility, sensitivity or systematic 

risk. Systematic risk can be measured by analyzing sectors’ connectedness, which is adequate for 

the biotechnology sector in order to investigate if the systematic risk is higher compared to other 

financial assets. The risk analysis means evaluation of the given results from the risk measurement. 

Wolke (2017) highlights that in this stage it is of importance to identify if the results from the risk 

measurement require actions. By actions, Wolke (2017) refers to risk control, meaning that the 

specific company reviews its current situation and plans the future work. 

 

The biotechnology sector may have a unique binary risk, meaning that investors cannot forecast 

the future by examine P/E or PEG ratios, instead they need to focus on the company’s pipeline 

or how many patients a final biotechnology product could treat. This can be done by analyzing the 

preclinical and clinical phases, which generally has a positive or negative outcome and are thereby 

binary events. Positive outcomes indicate that the product works and hence may make it to the 
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market while negative outcome implies that it is a product that does not work and therefore will 

not make it to the market. Furthermore, the biotechnology sector may also have a financing risk 

due to its long-time horizon developing process where a problem could be how to raise funding. 

The biotechnology sector may also have an obsolescence risk, meaning that a product that make it 

to the market also have to be long lasting and create profitability even in the long run. Reilly and 

Brown (2012) state that investments with long-time horizon preferable should be invested in assets 

with higher risk in order to generate a higher return. Since it may take 10-20 years to develop a 

drug and the risk connected to the biotechnology sector is high, investments in the sector should 

be considered as long-term investments. 

 

Summarizing the theoretical framework, we have discussed different types of theories that can be 

connected to the biotechnology sector. Within this field, our main contribution is the finding that 

investments in the biotechnology sector has safe haven properties. This can contribute to an extent 

of the portfolio diversification theory since it can affect the common perception of investments in 

the biotechnology sector and the classification of asset classes that has safe haven properties. 

Additionally, we are the first to argue that investments in the biotechnology sector can be seen as 

socially beneficial, which makes them more connected to ethical investments and may affect the 

behavioral finance theory. 
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3. Literature review 

Previous research has analyzed the behavior of the biotechnology sector by mainly using pooled, 

panel and ordinary least square (OLS) regressions, Fama-French three factor model and Capital 

asset pricing model (CAPM). The key findings imply that the biotechnology sector is volatile and 

that biotechnology companies have higher financial risks and are more vulnerable to policy shocks. 

Further, the research imply that the biotechnology sector underperforms the pharmaceutical sector 

and the stock market, indicating that the sector is facing more financial risk. In the following, the 

most relevant studies to our analysis are presented in five sections, risk and return in the 

biotechnology sector compared to the market, asset pricing modelling, volatility modelling, 

spillover in the biotechnology sector and lastly alternative funding of the biotechnology sector. 

 

3.1 Risk and return in the biotechnology sector compared to the market  

By using an algorithmic data-driven classification model and comparing the biotechnology sector 

with the pharmaceutical sector, Anaya et al. (2017) have investigated the two sectors financial risk 

and return with data from 1980-2015. The authors find that the pharmaceutical sector 

outperformed the biotechnology market during almost the whole time period. Contrarily, the 

biotechnology sector had significantly underperformed compared to other sectors and the primary 

challenge is that investors require a 20 percent higher compensation for the high risk than the 

overall market. Thus, Anaya et al. (2017) argue that investments in the biotechnology sector is 

riskier and that the return is less, which confirms the common perception that investment in the 

pharmaceutical sector is less risky and generate higher return. Further, the risk-adjusted returns are 

lower due to the scientific risk in the biotechnology sector. 

 

Additionally, Anaya et al. (2017) examines the risk of pharmaceutical and biotechnology portfolios 

by dividing the risk components into systematic and idiosyncratic risk. The systematic risk imply 

that common aggregate factors influence companies at the market and cannot be diversified. 

Hence, investors may demand a higher return. The idiosyncratic risk refers to individual companies, 

implicating that it can be diversified by investors. The time-series results indicate that the systematic 

risk is higher than the idiosyncratic risk in both portfolios, but the idiosyncratic risk is significantly 

higher in the biotechnology portfolio. The higher systematic risk implies the high cost of capital 

for the biotechnology companies and the high systematic risk indicates a strong connection to the 

market. Anaya et al. (2017) explain the high systematic risk in the pharmaceutical and the biotech 

portfolio by two principals, the financial channel and the R&D leverage channel. These findings 

are in line with previous research by Golec and Vernon (2009), Myers et al. (1995) and Myers et al. 

(1997). 

 
3.2 Asset pricing modelling 

A portfolio’s beta and alpha illustrate the extent of the risk and systematic exposure in returns as 

well as elucidating the co-movement between the portfolios and the market. By using CAPM, 

Anaya et al. (2017) compare the beta and alpha for a biotechnology portfolio and a pharmaceutical 

portfolio. They find that the beta for the pharmaceutical portfolio decreased during the period of 

1990 and 2010, with a significant decline in 2001 in conjunction with the dot-com bubble. The 

biotechnology portfolio had similar beta in the 1980s as the pharmaceutical portfolio. However, in 
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the 1980s, the beta for the biotechnology portfolio increased, meaning that their returns are in line 

with the market rather than the return of the pharmaceutical portfolio. The volatility and betas are 

qualitatively robust across the alternative classification methods and models. They also conclude 

that the pharmaceutical portfolio indicates a positive and statistically significant alpha during the 

time period while the biotechnology portfolio had negative values and were statistically 

insignificant over almost the whole time period. Comparatively with the technology sector, the 

CAPM alphas have been statistically insignificant since 1990s with a lower risk-adjusted 

performance than the pharmaceutical sector. The result implies that the biotechnology portfolio 

has not exceeded investors required rate of return. 

 

Additionally, Golec and Vernon (2007) estimate the financial risk in the biotechnology companies 

compared with the market and the pharmaceutical companies by using a Fama-French Three 

Factor Model. The results indicate that biotechnology companies have a higher related risk in betas, 

total return volatility and residual return volatility than pharmaceutical companies. This entail that 

the biotechnology sector is facing more financial risk than the market and is more sensitive to 

policy shocks, which influence the profitability.  

 

3.3 Volatility modelling  

By using an autoregressive conditional heteroskedasticity (ARCH) and a generalized autoregressive 

conditional heteroskedasticity (GARCH), Mazzucatto and Tancioni (2005) examine the time 

varying volatility. In addition, they use a regression analysis with the CAPM to investigate if the 

average return can explain return in the biotechnology sector. Mazzucatto and Tancioni (2005) 

conclude that biotechnology has a higher idiosyncratic risk than sectors that are less innovative, 

and that the idiosyncratic risk increased between 1995-2003, when the innovation for the 

biotechnology sector was booming. Supplementary, the authors find significant asymmetric 

responses in the volatility in the biotechnology sector, which is consistent with the high ARCH-

parameter. 

 

Xu (2009) finds a negative nonlinear relationship between investment opportunities and firm 

market value by using panel data. In addition, Xu (2009) supports previous research that find a 

positive nonlinear relationship between investment opportunities and firm value. The relationship 

can be distinguished by firm-specific characteristics and the author concludes that the R&D 

progress is asymmetric contingent on if the progress of the drug is advancing or not. Moreover, 

Xu (2009) suggests that the business leaders in biotechnology companies should debate a disclosure 

strategy in order to make the investors more aware of the investment opportunities. 

 

3.4 Spillover in the biotechnology sector 

Gopalakrishnan et al. (2008) estimate three hierarchical linear regressions with pharma-biotech 

alliances during 1995-2000 and find a negative relation between technological knowledge resources 

and financial capital obtained from biotechnology companies, which suggest that increasing 

financial resources are a result of decreasing technological knowledge resources. Furthermore, 

Gopalakrishnan et al. (2008) indicate that it exists a significant positive relation between the 

alliances managerial control capabilities and the quantity financial capital attained by biotechnology 

firms and that it does not exist a positive relation among partner familiarity and the quantity of 
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financial capital obtained from biotechnology firms. Additionally, they state that there is a positive 

significant relation between pharmaceutical companies’ credibility and the attained financial capital 

for biotechnology. Gopalakrishnan et al. (2008) conclusively imply that the positive relation 

between credibility of biotechnology companies and biotechnology attainment of financial capital 

are insignificant. The results indicate that the resources of technology companies, the managerial 

control regarding the abilities of biotechnology company’s collaborator and the credibility of the 

biotechnology company's pharmaceutical collaborator influence the scope of financial capital 

obtained from the biotechnology company.  

 

According to Arora and Gambardella (1994), the biotechnology sector is affected by science and 

has a strong connection to the scientific development. During the 1980s, the biotechnology sector 

had affected the scientific and technology basis of the chemical and the pharmaceutical sector. 

Arora and Gambardella (1994) conclude that the scientific capability and technological capability 

are correlated. In addition, by using pooled and panel regressions, Boufaden (2017) implies that 

R&D has a significant and positive influence on innovation when observing the firm’s level. The 

author also concludes that in the Paris region there is a strong relation between firms in the 

biotechnology sector and public research labs. Moreover, Boufaden (2017) find that R&D alliances 

have a negative influence on innovation and that there is an indication that firms in the early stage 

can apprehend opportunistic behavior. 

 

3.5 Alternative funding of the biotechnology sector  

Lazonick and Tulum (2011) study the industrial and the institutional conditions for the 

biopharmaceutical sector. They state that the growth of the sector is sustainable even though there 

is an absence of profits, which can be explained by the stock-market investors willingness to 

incorporate a first offering of a biopharmaceutical venture. Lazonick and Tulum (2011) argue that 

an additional explanation may be the government's investment in the biopharmaceutical sector 

because of its ability to develop socially beneficial products. Nanda et al. (2017) imply that to fund 

R&D, large pharmaceutical companies agree to be a part of an alliance with small biotechnology 

companies, where they in exchange obtain certain rights of the final product. However, these 

agreements do not require that the pharmaceutical companies must fund R&D and in case the 

pharmaceutical companies stop funding R&D, they lose their future right of the outcome. These 

types of agreements are generally used in the biotechnology investments and the risk is removed 

as soon as the project is completed. Nanda et al. (2017) also state that the risk could be reduced if 

each R&D alliance build a large investing firm together with other R&D alliances, which is in line 

with Fagnan et al. (2013), suggesting a change in the financial structure of the biotechnology 

industry.   

 

By creating a megafund, Fernandez et al. (2012) propose an alternative funding of the biomedical 

innovation. Through financial engineering, mathematical and statistical models and data from 1990 

to 2011, they involved two directions in the funding. The first one includes a 5-30 billion US dollar 

portfolio, diversified by including various biomedical projects at different progress level. The 

second component consists of the financial structure which combines equity and securitized debt. 

Fernandez et al. (2012) conclude that the incentives to invest in biotechnology may increase by 

structuring biomedical research funding in a format. In addition, Fagnan et al. (2013) extended the 
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financial approach by opening investment for institutional investors, e.g. pension funds, sovereign 

wealth funds, endowments, and foundations.  Lo and Pisano (2016) investigated the opportunities 

to adapt project focused organization (PFO) into the biotechnology sector. PFOs are formed with 

the solitary purpose of conducting a certain R&D. However, the PFO will be dissolved at the end 

of the R&D project and the returns will inter alia be distributed to investors. Lo and Pisano (2016) 

state that in the biotechnology sector, the model will be adapted in a way that when a researcher 

believes in a new drug concept, the idea could be presented to a single investment fund or to a 

consortium of co-investors. 

 

3.6 Investment Preference 

Investments in the ethical sector has emerged in the past decade, which is adequate to highlight 

due to the argumentation that biotech and ethical investments can be seen as socially beneficial. 

Beal et al. (2005) investigate why investors invest ethically through a survey and find that there are 

three motivations behind. The first motivation is the superior financial returns, followed by non-

wealth returns and the contribution to society. Barreda-Tarrazona et al. (2011) perform an 

experimental study that investigated behavior towards socially responsible funds. Their results 

suggest that investors tend to invest more in a fund if they are well informed about the company's 

values regarding social responsibility.  Furthermore, Barreda-Tarrazona et al. (2011) state that a 

small group of investors that are classified as “faithful” towards socially responsible investments, 

invests the majority of their budget in a socially responsible fund, even in unfavorable times. 

Additionally, Chow et al. (2014) use long-run event study methodology to examine if ethical 

investments are good investments. The authors find that companies that are classified as ethical 

benefits in the long-term because of investors’ wealth, which favors investors that seeks to invest 

socially responsible.   

 

By performing a small social survey, Lewis and Wärneryd (1994) find that the majority of the 

respondents would invest ethically if the scheme had the requested characteristics and if it 

performed as well as the other financial assets. Thus, a decrease in the return tailed off the interest 

in investing ethically concurrently as the interest in investing ethically increases with perceived 

performance.  

 

The main findings of previous research suggest that the biotechnology sector face a high systematic 

risk, is volatile and sensitive to policy shocks. To the best of our knowledge, previous research has 

not focused on the connectedness between the biotechnology sector and other sectors. By 

examining the connectedness, this paper contributes to fill this gap. The paper also contributes to 

the well-being of society since we argue that investments in the biotechnology sector can be 

classified as socially beneficial, which should increase the attractiveness of investments in the sector 

and thereby the advancement of R&D.  
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4. Data and preliminary analysis  

To analyze how investments in the biotechnology sector interacts with the pharmaceutical- and 

technology sector, stock markets and other financial assets, daily data of 11 variables are used. We 

have collected several indices as a representation of different markets in order to analyze if the 

sectors possess unique characteristics and act differently during various market conditions.  

 

4.1 Sector variables 

NASDAQ Biotechnology Index (BIOT) are used as an approximation for the biotechnology 

market. According to Bloomberg (2019) the index consists of biotechnology companies with a 

market capitalization of at least 200 million U.S. dollar. The index is calculated through a modified 

market capitalization-weighted methodology, including the performance of all biotechnology 

companies listed as NASDAQ stocks. NASDAQ Biotechnology Index is the main variable and is 

compared with the other indices in order to analyze the connectedness. The pharmaceutical sector 

is represented by the S&P 500 Pharmaceuticals (PHRM), which captures the Global Industry 

Classification Standard (GICS) pharmaceutical sub-industries of the S&P Total Market Index (S&P 

Dow Jones Indices, 2019). The index is used since it is of interest to compare the biotechnology 

sector with the pharmaceutical sector due to the sectors similar activity, but different performance. 

NYSE Arca Technology 100 (TECH) is used as a proxy for the technology market and consists of 

technology driven companies including computer hardware, software and semiconductors but also 

emerging sectors like biotechnology (Businesswire, 2007). The inclusion of this index is the belief 

that both biotechnology and technology are innovative sectors and thereby may have similar 

patterns. Additionally, the ethical sector is represented by Dow Jones Islamic Market (ETHC), 

which includes indices that are in line with Shariah compliance (S&P Dow Jones Indices, 2019). 

The Shariah-compliant investment are commonly used as a proxy for ethical finance since they are 

focused on moral investments that are not harmful to society (Bousalam and Hamzaoui, 2016). We 

include this sector since we argue that both the biotechnology and the ethical sector can be seen 

as socially beneficial, meaning that they may have similar characteristic.  

 

4.2 Economic and financial variables  

To estimate the asset market and the commodities, financial assets are included. The S&P 500 

(S&P5), STOXX Europe 600 (STOX) and FTSE 100 (FTSE) are used as proxies for the stock 

market in the U.S. and Europe. The S&P 500 includes 500 main companies in the U.S. and is one 

of the most commonly used indices for the stock market (S&P Dow Jones Indices, 2019). The 

STOXX Europe 600 includes large, mid and small capitalization firms among 17 countries 

(STOXX, 2019) and the index FTSE 100 include 100 firms with the highest market capitalization 

on the London Stock Exchange (London Stock Exchange, 2019).  

 

In addition, the commodities futures NYM-Light Crude Oil Continuous (COIL) and CMX-Gold 

100 Oz Continuous (GOLD) are used as an approximation for the oil and gold price. Since the 

study aims to analyze investments, future prices are preferable over spot prices due to the 

connectivity between the spot prices and the overall economy. The commodities are included 

because they tend to behave differently than stocks and bonds and are thereby usually used in order 

to diversify a portfolio (Bodie et al., 2018). Therefore, it is of interest to analyze whether oil and 
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gold creates diversification opportunities when investing in the biotechnology sector. Furthermore, 

the exchange rate is represented by the USD/EUR (EXCH) and is included to analyze the 

biotechnology sector’s currency exposure. Lastly, we include the U.S. 10-year bond (BOND) to 

capture fixed income securities.   

 

4.3 Descriptive statistics   

The data that is collected covers the period of 2000-2018, which allows us to capture major market 

disorders and analyze the connectedness during different time frequencies. We have used daily 

data, as it reacts to level shifts and changes in trends faster than weekly and monthly data. 

Additionally, all indices are denoted in U.S. dollar since we aim to unite the indices. The data in the 

descriptive statistics are logarithmic and integrated of order one.   

 

Volatility is represented by standard deviation and mean is an approximation for return. A high 

standard deviation implies that the dispersion between the actual and average value are large, 

indicating high volatility. As presented in Table 1, the oil market and the biotechnology sector have 

the highest volatility while the gold market and the biotechnology sector have the highest return. 

In finance, higher volatility suggests riskier security, which are usually associated with a higher 

return. The high return in the biotechnology sector can be explained by its high volatility, meaning 

that investors are compensated for the high risk. The oil market displays a low return whilst the 

volatility is high, meaning that the investors tend to not receive compensation for the risk. The 

return is negative for the FTSE 100 and the exchange rate, implying financial losses. The FTSE 

100 also have a high volatility while it is lower for the exchange rate. This is of importance to 

highlight due to the negative return, indicating that volatility does not necessarily define the 

expected return. The bond has the lowest positive return, which amounts to 0.006 percent and a 

deciding factor to this could be its low volatility parallelly as bonds are considered to be the safest 

type of investments. 

 

To test whether the series are normally distributed a Jarque-Bera (JB) test has been performed. The 

JB test rejects the null hypothesis for all series, which implies that the series are not normally 

distributed. Skewness together with kurtosis illustrates whether the data follows a Gaussian 

distribution (Verbeek, 2017). In finance, skewness is also used as a measure for deciding the return 

distribution and thereof skewness suggests if there are any extremes in the data.  The skewness is 

negative for almost all indices except for the technology sector, which indicates that almost all 

variables has an asymmetric distribution with a more left tailed skew. However, the positive 

skewness for the technology sector implies right tailed skew. The kurtosis value is greater than 

three for all indices except the exchange rate and the bond, which suggests a more peaked 

distribution with heavy tails, like a leptokurtic distribution.  
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Table 1: Descriptive statistics  

  Mean % Std. Dev. %  Skewness Kurtosis JB ADF(c.) ADF(ct) SR Obs. 

BIOT 0.025 1.868 -0.311 4.523 4303*** -55.62[1]*** -52.62[1]*** 0.011 4956 

PHRM 0.012 1.151 -0.003 6.369 8374*** -55.02[1]*** -55.03[1]*** 0.006 4956 

TECH 0.021 1.507 0.062 4.560 4296*** -33.42[4]*** -33.45[4]*** 0.011 4956 

ETHC 0.006 1.016 -0.333 7.466 11 601*** -30.14[5]*** -30.17[5]*** 0.002 4956 

S&P5 0.011 1.185 -0.218 8.926 16 490*** -26.75[17]*** -16.81[17]*** 0.005 4956 

FTSE -0.005 1.347 -0.236 9.444 18 459*** -23.15[10]*** -23.15[10]*** -0.008 4956 

STOX 0.001 1.334 -0.187 7.195 10 717*** -23.50[9]*** -23.50[9]*** -0.003 4956 

COIL 0.012 2.341 -0.138 4.314 3858*** -32.03[4]*** -32.06[4]*** 0.003 4956 

GOLD 0.030 1.100 -0.217 6.128 7791*** -22.49[10]*** -22.53[10]*** 0.023 4956 

EXCH -0.002 0.609 -0.134 2.598 1409*** -69.81[0]*** -69.82[0]*** -0.012 4956 

BOND 0.006 0.465 -0.054 2.838 1665*** -52.22[1]*** -52.22[1]*** 0.003 4956 

Note: The number of * indicates level of significance of the tests, where; *** imply significance at 1%, ** is 

5% and * is 10%. The data is collected from Thomson Reuters Datastream. The null hypothesis in the JB-

test assumes normally distributed variables. Furthermore, the Augmented Dickey-Fuller (ADF) test is 

testing whether the variables are stationary or not, with a constant (c.) and with a constant and a trend (ct.) 

with optimal lag length in the brackets. The null hypothesis in the ADF-test assumes non-stationary series. 

The Sharpe Ratio (SR) illustrates the risk-adjusted return of each variable.  

 

The stationarity of the variables is tested with an Augmented Dickey Fuller Unit Root (ADF) test. 

The null hypothesis examines the existence of a unit root and rejecting the null hypothesis indicates 

that the variable is stationary (Verbeek, 2017). The tests were applied using only constant and both 

constant and trend, and the results entail stationarity in first difference for all variables. The tests 

may be sensible to the chosen lagged length, why we follow the Akaike Information Criteria (AIC) 

lag length criteria and chose the model with the lowest AIC-value, which is presented in Table 1. 

In addition, the Sharpe ratio has been calculated in order to investigate the variables performance 

compared to the risk-free alternative. Supplementary the Sharpe ratio (SR) is the risk-adjusted 

return and has been calculated for each variable. A positive SR suggests that the return will be 

higher than the risk-free investment and a negative SR suggests the opposite. Concurrently a greater 

SR imply that the financial asset has a better performance. The SR estimates demonstrate that the 

gold market has the highest SR followed by the biotechnology and the technology sector, implying 

that these financial sectors best offset the risk in contrast to the other sectors. The SR for the 

exchange rate and the European stock market are negative, implying that a risk-free investment 

would give a higher return. 

  

Table 2 represents the unconditional correlation between the variables. A strong negative 

unconditional dependence imply that the stocks are moving on the opposite side of their mean. As 

seen in Table 2, the biotechnology sector correlates negative with the gold market, the exchange 

rate and the bond, meaning that there could be hedging and safe haven opportunities. The sector 

has a weak unconditional correlation with the oil market, the European stock markets indicating 

diversification opportunities. Furthermore, the biotechnology sector has a strong unconditional 

correlation with the technology sector, the U.S. stock market, the ethical sector and the 

pharmaceutical sector, whereby the unconditional correlation is strongest with the technology 
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sector with a value of 0.757. This indicate that these assets are having similar patterns and that the 

diversification opportunities are less. 

 

Table 2: Unconditional correlation matrix between the financial asset class 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

BIOT 1                     

PHRM 0.552 1                   

TECH 0.757 0.489 1                 

ETHC 0.657 0.576 0.848 1               

S&P5 0.685 0.683 0.872 0.892 1             

FTSE 0.315 0.330 0.417 0.729 0.506 1           

STOX 0.343 0.349 0.458 0.769 0.540 0.945 1         

COIL 0.089 0.075 0.147 0.290 0.209 0.280 0.270 1       

GOLD -0.034 -0.043 -0.029 0.103 -0.026 0.131 0.137 0.214 1     

EXCH -0.015 -0.047 -0.018 -0.217 -0.065 -0.341 -0.436 -0.150 -0.357 1   

BOND -0.235 -0.208 -0.317 -0.337 -0.354 -0.269 -0.283 -0.187 0.118 -0.052 1 

 

4.4 Variable analysis 
 

A variable analysis has been included in order to investigate the historical patterns of each variable 

and identify potential events that may have affected the outcome.  

 
 



Figure 2: Biotechnology, pharmaceutical, technology and ethical indices in logarithmic and first difference 

  

 
Note: Figures of the biotechnology, pharmaceutical, technology and ethical indices in logarithmic and first 

difference indicates that the series are non-stationary in logarithmic and stationary in first difference. All 

series are calculated by the natural logarithm: DLog = ln(Pt)-ln(Pt-1). 

 

Figure 2 illustrates that the biotechnology sector has a quite similar pattern as the technology sector. 

Until 2002, the sectors had a decreasing pattern but after 2003 a significant upturn can be observed. 

The technology sector had a slight downturn in 2009, which could be explained by the financial 

crisis caused by the collapse of the Lehman Brothers at the end of 2008 (Constancio, 2012). 

However, as Figure 2 illustrates, the sector for biotechnology was not significantly affected by the 

financial crisis. Between 2010 to 2015, investments in the biotechnology sector skyrocketed, 

indicating bull territory. This can be explained by the fact that new, revolutionary cancer therapies 

were developed, and a clinical study were published in 2010 that showed outstanding results in 

patients with advanced melanoma (The Nobel Price, 2018). Additionally, the market was exploring 

an increase of IPOs and venture capital infusion. Thereafter, the market for the biotechnology 
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sector changed and positioned as a bear market due to political actions during the election 

movement in the U.S. For instance, Hilary Clinton stated in a tweet during 2015, that the drug 

market is outrageous and that she aimed to control prescription drug prices (Clinton, 2015), which 

affected the investments in the sector considerably. After the election, the investment in the 

biotechnology sector is successively increasing, implying positive market beliefs. 

 

The indices for the pharmaceutical and ethical sectors are both having a noticeable upward in 

performance after the financial crisis between 2008-2009. Before that, both indices had a varied 

performance. For instance, the pharmaceutical index had both up and downturns between 2000-

2007 and the ethical index had a significant downturn in the performance between 2000-2003, 

which thereafter increased. During the financial crisis, both pharmaceutical-, technology- and the 

ethical sector experienced a decrease in prices, which indicates that the indices are affected by the 

overall global economy.  
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Figure 3: S&P 500, FTSE 100 and STOXX Europe 600 in logarithmic and first difference 

 
Note: Figures of the biotechnology, pharmaceutical, technology and ethical indices in logarithmic and first 

difference indicates that the series are non-stationary in logarithmic and stationary in first difference. All 

series are calculated by the natural logarithm: DLog = ln(Pt)-ln(Pt-1). 

 

In Figure 3, we note that the different indices for the stock markets have similar pattern with a 

significant downturn during the financial crisis in 2008-2009. It can also be observed that the 

European stock market has the same pattern and a strong dependence before and after the crisis, 

which can be explained by the fact that both indices are different stock market indices in Europe. 

The U.S. stock market also follows similar historical pattern as the European, with a significant 

upturn in its performance after the financial crisis. This means that the stock market in both Europe 

and U.S. are highly affected by the overall economy. 
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Figure 4: Oil and gold in logarithmic and first difference 

 
Note: Figures of the biotechnology, pharmaceutical, technology and ethical indices in logarithmic and first 

difference indicates that the series are non-stationary in logarithmic and stationary in first difference. All 

series are calculated by the natural logarithm: DLog = ln(Pt)-ln(Pt-1). 

 

The market for oil and gold follows different patterns, as observed in Figure 4. The oil prices 

increased between 2002-2008 and the pattern illustrates an upward trend before the financial crisis, 

but a significant downturn in 2008. The downturn in 2008 can be explained by the recession in the 

world economy, which had an impact on the global demand for commodities. Thereafter, the 

pattern varies, and a further downturn can be observed during 2015. The increasing oil price before 

and after the recession is due to an increased oil demand and the decrease in 2015 is caused by a 

decrease in the demand resulting in decreasing oil prices.  

 

The pattern for gold generally differs compared to other asset classes (Bodie et al., 2018). Figure 4 

shows that gold has had an upward trend until 2012, which means that the financial crisis did not 

affect the gold market. This is in line with economic theory, implying that gold is a potential safe 

haven (Bodie et al., 2018). However, a slightly downward trend after 2013 can be observed, which 

can be explained by an appreciation in the U.S. dollar or speculations of higher interest rates.  
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Figure 5: The USD/EUR exchange rate and U.S. 10-year bond in logarithmic and first difference 

 
Note: Figures of the biotechnology, pharmaceutical, technology and ethical indices in logarithmic and first 

difference indicates that the series are non-stationary in logarithmic and stationary in first difference. All 

series are calculated by the natural logarithm: DLog = ln(Pt)-ln(Pt-1). 

 

Figure 5 illustrates fluctuations in the exchange rate of the U.S. dollar and Euro in the time period 

of 2004 to 2018. Between 2002-2008 the exchange rate decreased significantly and during the 

financial crisis in 2008 the exchange rate reached a peak. However, the exchange rate continued 

fluctuating even after the crisis, which can be explained by the European Sovereign Debt crisis at 

the end of 2009 and the BREXIT in 2016 that caused uncertainties in the whole world economy.  

 

The bond is fluctuating during the whole time period but are following an upward trend with 

smaller decreases. Bonds and interest rates are having an inverse relationship, meaning that they 

act in opposite directions. Hence, the decrease in the bond during 2017 and 2018 can be due to 

increased interest rates in the U.S.  
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5. Methodology 

Barunik and Krehlik (2018) state that connectedness is of importance to examine when considering 

risk management, portfolio allocation and business cycle analysis. Connectedness is a measure that 

identifies different driver determinants such as spillover, directionality, volatility and systematic 

risk. Thus, the empirical analysis consists of three steps. In the first step, the full-sample analysis 

introduced by Diebold and Yilmaz (2012) with no frequency bounds has been estimated. This have 

been done by using variance decomposition, which measures the connectedness between different 

financial assets. Diebold and Yilmaz (2012) also implicate that variance decomposition is connected 

to modern network theory and has ability to measure systematic risk like predicted shortfalls. In 

the second step, we follow Barunik and Krehlik (2018) to examine the connectedness with respect 

to short-term, medium-term and long-term frequencies in order to understand the transmission 

mechanism. Barunik and Krehlik (2018) note that one can measure causality in the frequency 

domain by using spectral representation of variance decomposition. In the last step, we have 

estimated a time-varying approach by using rolling-window following Diebold and Yilmaz (2014). 

These estimations generate a multiscale spillover approach, which allows us to capture the 

heterogenous investor behavior characteristics. The comparative advantages of the multiscale 

spillover approach are that it captures the spectral or second order moments (volatility) during the 

investigated sample period. 

 

5.1 Stationarity  

It is of importance to test for unit roots since many financial series that are non-stationary in level 

are causing spurious regressions. To test for stationarity, the Augmented Dickey Fuller (ADF) Unit 

Root test have been used. The asymptotic test statistic has the same distribution as the Dickey-

Fuller (DF) test, meaning that the model should be tested with both a constant and a trend. 

However, the ADF-test is more suitable to use since its augmenting leads to empirical white noise 

residuals (Verbeek, 2017). According to Verbeek (2017), the ADF-test is sensitive for deviations 

from the normal distribution assumption. The null hypothesis examines the existence of a unit root 

and a rejection indicates that the variable is stationary (Verbeek, 2017). When testing for unit roots, 

we have included tests with a constant (eq. 1) and a constant and trend (eq. 2) and compared 

different order of integrations. Our conclusion is that all variables are statistically significant in the 

first order of integration. The specifications are given by the following equations:  

 

∆𝑦𝑡 =  + 𝜋𝑦𝑡−1 + ∑ 𝛾𝑖∆𝑦𝑡−𝑖 + 𝜀𝑡
𝑘
𝑖=1                    (1) 

and  

∆𝑦𝑡 = 𝛼 + 𝑡̅ + 𝜋𝑦𝑡−1 + ∑ 𝛾𝑖∆𝑦𝑡−1 + 𝜀𝑡
𝑘
𝑖=1                  (2) 

where k is the optimal number of lags, 𝜀𝑡 represents the disturbance term, so called white noise 

error. The variable  is the constant, t represents time while 𝑡̅ demonstrates trend, y is the time 

series variable and  is the first difference operator. 

5.2 Variance Decomposition  

To measure modern risk, it is crucial to examine the existence of connectedness. Connectedness 

illustrates a portfolio’s market risk, credit risk, counter-party and gridlock risk and systematic risk 
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(Diebold and Yilmaz, 2014). In this study, the frequency dynamics of connectedness is central for 

the understanding of the spillover effect from the biotechnology sector to other financial assets 

and from other asset classes to the biotechnology sector. To measure the frequency dynamics of 

connectedness, we have investigated short-, medium- and long-term frequency responses between 

the included asset classes. Hence, the first step in the empirical analysis was the multivariate time-

series approach in order to compute the full-sample analysis with no frequency bounds introduced 

by Diebold and Yilmaz (2012). 

According to Diebold and Yilmaz (2012), the measurement of connectedness is constructed 

through variance decomposition matrix of a vector autoregressive (VAR) approximating model. 

The K-variable VAR system of order  is defined as follows:  

           𝑥𝑡 = 𝜙1𝑥𝑡−1 + 𝜙2𝑥𝑡−2+. . . + 𝜙𝑥𝑡− + 𝜖1                 (3)                            

where 𝑥𝑡 represents the 𝐾 𝑥 1 vector of the variables at time t, the coefficient matrices are 

represented by 1,.., p  and 𝜖1 being white noise (Barunik and Krehlik, 2018). Each individual 

variable is regressed on variables own  lags and the  lags of the other included variables in the 

system, meaning that the matrices of the coefficients holds complete information about the 

connectedness between the included variables. All of the estimations are dependent of the precise 

estimation of coefficients from the VAR approximating model. In our study, we have used VAR(4), 

which is most commonly used for daily data and is the maximum lag length. The variance 

decomposition of forecast error is calculated through the moving average.  

 

Following Diebold and Yilmaz (2012), we calculate the generalized variance decomposition in 

order to identify different shocks in each variable in the system. The generalized variance 

decomposition is constructed by the following equation: 

 (𝜃𝐻)𝑗,𝑘 =
𝜎𝑘𝑘

−1 ∑ ((ΨℎΣ)𝑗,𝑘)
2𝐻

ℎ=0

∑ (ΨℎΣΨℎ′)𝐻
ℎ=0 𝑗,𝑗

                   (4) 

where (𝜃𝐻)𝑗,𝑘 represents the impact of the kth variable to the variance of forecast error of the jth 

component at horizon h and the matrix of moving average at lag h is denoted by h and 𝜎𝑘𝑘
−1=()k,k.  

By normalizing the rows of the variance decomposition so that each entry follows the following 

formula, and the sum of all elements in 𝜃𝐻 is equal to N, we can measure the pairwise 

connectedness from j to k at horizon h:  

 (�̃�𝐻)𝑗,𝑘 =
(𝜃𝐻)𝑗,𝑘

∑ (𝜃𝐻)𝑗,𝑘
𝑁
𝑘=1

⁄                  (5) 

The information that the formula provides is used on an aggregated level in order to measure the 

total connectedness. According to Diebold and Yilmaz (2012), the measurement is defined as the 

ratio of the sum of the off-diagonal elements to the sum of the whole matrix, which is illustrated 

by the following equation:  

                                             𝐶𝐻 = 100 ∙
∑ (�̃�𝐻)𝑗,𝑘𝑗 ≠𝑘

∑ �̃�𝐻
= 100 ∙ (1 −

𝑇𝑟�̃�𝐻

∑ �̃�𝐻
)                                   (6) 
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where Tr represent the trace operator, while the denominator expresses the sum of the entire 

elements of the �̃�𝐻  matrix. Thus, the relative contribution to the forecast variances from the 

included variables in the system signify the connectedness. 

 

5.3 The frequency connectedness 

To measure the spillover effects in different time-horizon, a central part of the empirical analysis 

has been the frequency dynamics of connectedness, capturing the short-term, medium-term and 

long-term connectedness. This have been measured following Barunik and Krehlik (2018) by 

including the spectral representation of the variance decomposition based on frequency responses, 

which can be explained by the following frequency response function: 

 Ψ(𝑒−𝑖𝜔) = ∑ 𝑒−𝑖𝜔ℎΨℎℎ                   (7) 

where a Fourier transform of the coefficient 𝜓ℎwith I = -1 can obtain the spectral density of 𝑥𝑡 

at frequency . This can then be defined as a Fourier transform of MA() following the series: 

                                           𝑆𝑥(𝜔) = ∑ 𝐸(𝑥𝑡𝑥𝑡−ℎ
′ )𝑒−𝑖𝜔ℎ =∞

ℎ=−∞ Ψ(𝑒−𝑖𝜔)Ψ′(𝑒+𝑖𝜔)            (8) 

The 𝑆𝑥(𝜔) explains the frequency dynamics, since it elucidates the variance in 𝑥𝑡 and its 

distribution over the frequency components 𝜔. 𝐸(𝑥𝑡𝑥𝑡−ℎ
′ ) = ∫ 𝑆𝑥(𝜔)𝑒𝑖𝜔ℎ𝑑𝜔

𝜋

−𝜋
 defines the 

spectral representation for covariance, illustrating the frequency domain counterparts of variance 

decomposition.  

 

Following Barunik and Krehlik (2018), we define the generalized causation spectrum over 

frequencies as the function below, considering the response function Ψ(𝑒−𝑖𝜔) = ∑ 𝑒−𝑖𝜔ℎΨℎℎ , 

where the definition represents the Fourier transform of Ψℎ impulse responses.  

                    (𝑓(𝜔))𝑗,𝑘 ≡
𝜎𝑘𝑘

−1|Ψ(𝑒−𝑖𝜔) ∑)𝑗,𝑘|
2

(Ψ(𝑒−𝑖𝜔) ∑ Ψ´(𝑒+𝑖𝜔))𝑗,𝑗
                 (9) 

The equation is interpreted as within-frequency causation in light of the denominator holding the 

spectrum of the jth variable at frequency 𝜔. Additionally, (𝑓(𝜔))𝑗,𝑘 has been weighted in order to 

receive a natural decomposition of variance decompositions to frequency. The function illustrates 

the frequency dynamics of connectedness and describes the spectral formulation of variance 

decomposition. In order to obtain the generalized decomposition of variance decomposition of 

frequency 𝜔 equation (10) is defined as follows:  

                        Γ𝑗(𝜔) =
(Ψ(𝑒−𝑖𝜔) ∑ Ψ´(𝑒+𝑖𝜔))𝑗,𝑗

1

2𝜋
∫ (Ψ(𝑒−𝑖𝜆) ∑ Ψ´(𝑒+𝑖𝜆))𝑗,𝑗𝑑𝜆

𝜋
−𝜋

                      (10) 

The weighted function represents the jth variables capacity at a given frequency 𝜔. This adds to a 

constant value of 2. However, Barunik and Krehlik (2018) note that the Fourier transform of the 

impulse response is a complex number of value while the generalized causation spectrum is a real 

number constructed by the squared coefficients of the weighted complex numbers.  
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To examine the connectedness in short-, medium-, and long-term, we have worked with frequency 

bands that Barunik and Krehlik (2018) define as the amount of forecast error variance created on 

a convex set of frequencies. If we assume the following frequency band 𝑑 =

(𝑎, 𝑏): 𝑎, 𝑏 𝜖 (−𝜋, 𝜋), 𝑎 < 𝑏 the generalized variance decompositions on frequency band d is 

measured by the following equation:  

(𝜃𝑑)𝑗,𝑘 =
1

2𝜋
∫ Γ𝑗(𝜔)(𝑓(𝜔))𝑗,𝑘𝑑𝜔

.

𝑑
                (11) 

The included frequency bands are 1 to 2 days, 1 to 5 days, 1 to 22 days, 22 to 252 days and 252 to 

infinite days. These frequency bands represent the short-, medium-, and long-term connectedness 

and are used in order to analyze how the spillover effects are expressed between the included asset 

classes in different time-horizons. By including these frequency bands, we have taken the daily, 

weekly, monthly, yearly and infinite perspective into account in order to receive a wider trading 

perspective. The short run is defined as 1 to 2 days and 1 to 5 days whilst the medium-term is 

corresponding to 1 to 22 days. The long-term is represented by 22 to 252 days and 252 to infinite 

days. The reason why 22 and 252 days is used is because it is calculated as the amount of trading 

days in a month and a year. The above-mentioned frequency band equation illustrates the 

relationship as an identity whilst the integral represents a linear operator (Barunik and Krehlik, 

2018). In order to continue defining the connectedness measures on a given frequency band by 

using spectral representation of generalized variance decomposition, Barunik and Krehlik (2018) 

have defined the following formula under the frequency band 𝑑 = (𝑎, 𝑏): 𝑎, 𝑏 ∈ (−𝜋, 𝜋), 𝑎 < 𝑏:  

(𝜃∞)𝑗,𝑘 = (𝜃𝑑)𝑗,𝑘/ ∑ (𝜃∞)𝑗,𝑘𝑘                 (12) 

In addition, we have examined the within connectedness, which is the connectedness effect that is 

weighted by the power of the series and is obtained within the frequency band. The within 

connectedness at frequency d is defined by the following equation:  

𝐶𝑑
𝑊 = 100 ∙ (1 −

𝑇𝑟{�̃�𝑑}

∑ �̃�𝑑
)                 (13) 

The frequency connectedness on the frequency band d is constructed through the following 

equation: 

𝐶𝑑
𝐹 = 100 ∙ (

∑ �̃�𝑑

�̃�∞
−

𝑇𝑟{�̃�𝑑}

∑ �̃�∞
) = 𝐶𝑑

𝑊 ∙
∑ �̃�𝑑

∑ �̃�∞
                (14) 

where Tr represents the trace operator and ∑ �̃�𝑑 is the sum of the included elements of the 

matrix.  

Following Diebold and Yilmaz (2014), we have measured the connectedness with a time-varying 

approach by using rolling window. The estimation of the approximating model and the calculation 

of connectedness measures have been done by estimating the window of width w, which sweeps 

through the sample using the recent w period. The rolling window estimation is defined as follows: 

 

�̂�𝑡(𝑥, 𝐻, 𝑀𝑡−𝑤:𝑡(𝜃))                         (15) 
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Diebold and Yilmaz (2014) state that the rolling window estimation is adequate to use in risk 

measurement and management by estimating the connectedness during different time periods and 

thereafter identify the risk. In this study, the focus is VAR(4) with a rolling estimation window of 

756 days (three-year trading days) and a forecast horizon of 252 days (one-year trading days). The 

rolling estimation window was selected in light of the long time-horizon data, which accounts to 

18 years.  
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6. Results and discussion 

In this section, we estimate a VAR(4) model and utilize our results by following Diebold and 

Yilmaz (2012, 2014) and Barunik and Krehlik (2018). Firstly, the full-sample unconditional analysis 

is presented, which is followed by an analysis of the connectedness at different frequencies. Lastly, 

a time-varying approach has been conducted. The estimations are based on cross-sectional 

correlations. 

 

6.1 Full-sample and unconditional analysis 

Following Diebold and Yilmaz (2012), we have examined the directional connectedness, which 

appears in Table 3. As observed, the own connectedness (the diagonal elements of the matrix) tends 

to be the largest, with a range between 20.7 to 79.89 percent. We also note that the total 

connectedness is high and amounts to 57.95 percent, implying that the sectors are linked to each 

other and that diversification opportunities may be limited. The pairwise directional connectedness 

�̂�𝑖 ←𝑗
𝐻  is illustrated by the off-diagonal elements of the upper-left 11x11 submatrix and the highest 

connectedness can be observed between the European stock market, from STOXX 600 to FTSE 

100 (�̂�𝐹𝑇𝑆𝐸 ← 𝑆𝑇𝑂𝑋
𝐻  = 22.95 percent). In return, the connectedness from FTSE 100 to STOXX 600 

is also notably high (�̂�𝑆𝑇𝑂𝑋 ← 𝐹𝑇𝑆𝐸
𝐻  = 21.56 percent). These high values occur due to an integrated 

European stock market, where both indices include companies that are active on the European 

market. The overall European stock market integration may also be influenced by the framework 

of the European Union that aims to consolidate institutions and political implications. Additionally, 

we can observe that there is a high connectedness between the U.S. stock market and the 

technology sector. The high connectedness may appear due to the fact that the index S&P 500 

includes several technology companies. A high connectedness can also be observed in the blocks 

for the technology- and ethical sector and the U.S. stock market, which have the highest pairwise 

connectedness.  

 

It is also of importance to observe the from directional connectedness, explaining which sector has 

the greatest contribution to the system. We find that the ethical sector contributes the most, 

followed by the U.S. stock market, European stock market (STOXX 600) and the technology 

sector. The biotechnology sector contributes less to the system compared to the mentioned sectors, 

which implies that the sector constitutes a smaller role.  
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Table 3: Full-sample connectedness 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND FROM 

BIOT 31.86 9.69 18.41 14.31 15.05 3.87 4.53 0.29 0.07 0.05 1.88 68.14 

PHRM 11.17 36.48 8.79 13.09 16.97 5.39 5.89 0.29 0.09 0.16 1.68 63.52 

TECH 14.65 6.12 25.25 18.95 19.27 5.73 6.72 0.6 0.05 0.04 2.62 74.75 

ETHC 9.4 7.5 15.73 20.7 17.61 11.31 12.51 1.71 0.2 0.93 2.39 79.3 

S&P5 10.68 10.55 17.09 19.01 22.54 7.57 8.4 1.06 0.04 0.15 2.91 77.46 

FTSE 4.36 5.09 7.48 15.46 10.95 26.12 22.95 2.06 0.42 2.91 2.21 73.88 

STOX 4.6 4.99 8.1 15.98 11.17 21.56 24.49 1.76 0.43 4.65 2.27 75.51 

COIL 0.71 0.49 1.73 5.88 3.4 5.44 5 70.15 3.28 1.5 2.42 29.85 

GOLD 0.26 0.22 0.33 0.99 0.33 1.2 1.39 3.65 79.89 10.06 1.67 20.11 

EXCH 0.06 0.35 0.22 3.11 0.74 7.24 12.4 1.42 8.5 65.48 0.47 34.52 

BOND 3.43 2.7 6.12 7.02 7.6 4.92 5.41 2.04 1.04 0.2 59.53 40.47 

TO 59.32 47.7 84 113.8 103.09 74.23 85.2 14.88 14.12 20.65 20.52 57.95 

NET -8.82 -15.82 9.25 34.5 25.63 0.35 9.69 -14.97 -5.99 -13.87 -19.95   

Note: The predictive horizon of the full-sample connectedness is 100 days. The ij-th pairwise directional 

connectedness is represented by ij-th entry of the upper-left 11x11 sector submatrix. The (FROM) column 

generates the total directional connectedness, from a sector to another and is represented by the row sums 

(from all others to i). The (TO) row illustrates the total directional connectedness, to a sector from another 

and is represented by the column sums (to all others from j). The (NET) row demonstrates the difference 

in total directional connectedness (TO-FROM). The total connectedness is captured by the bottom-right 

element.  

 

Based on Table 3, the biotechnology sector has a lower connectedness to others compared to the 

above discussed sectors. This can be explained by the sector’s characteristics, which consists of 

high risk and encouragement of new innovation, distinguishing the sector from others. As 

behavioral theory states, investors in the sector may be more sensitive to risk due to the dependence 

on the different clinical stages and the long-time horizon. Since investors behaves rational, 

investors in the sector are pessimistic to get return and thus require a minimum return that is 20 

percent higher compared to the market. In light of this, we can conclude that the connectedness 

can be explained by sectors’ characteristic and behavior.  

 

In the biotechnology block, the highest connectedness is from the biotechnology to the technology 

sector (�̂�𝑇𝐸𝐶𝐻 ←𝐵𝐼𝑂𝑇
𝐻  = 14.65 percent), followed by from the biotechnology to the pharmaceutical 

sector (�̂�𝑃𝐻𝑅𝑀 ←𝐵𝐼𝑂𝑇
𝐻  = 11.17 percent) and from the biotechnology sector to the U.S. stock market 

(�̂�𝑆&𝑃5 ←𝐵𝐼𝑂𝑇
𝐻  = 10.68 percent). In return, the technology sector has a high impact on the 

biotechnology sector (�̂�𝐵𝐼𝑂𝑇 ←𝑇𝐸𝐶𝐻
𝐻  = 18.41 percent). As seen in the variable analysis, we can 

observe that the biotechnology- and technology sector behaved similar during the financial crisis, 

which is of importance to highlight. However, the biotechnology sector did not have a significant 

downturn while the technology sector experienced a slight dip during the crisis. Nevertheless, the 

sectors have similar historical patterns, which can be explained of the high connectedness and that 

both sectors are innovative and driven by science. This is also supported by Arora and Gambardella 

(1994), stating that the biotechnology sector is affected by science and that the sector has a strong 

connection to the scientific development. Similar results are found by Boufaden (2017), implying 

that the R&D has a significant and positive influence on innovation when observing the firm’s 

level. According to our results, this conclusion can also be applied on an aggregated level. 
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Concurrently, a relatively high connectedness between the pharmaceutical sector, the U.S. stock 

market and the biotechnology sector are found. The strong connectedness between the 

biotechnology sector and the U.S. stock market can be explained by the fact that the index S&P 

500 includes the biggest biotechnology companies such as Johnson & Johnson, Pfizer Inc and 

Merck & Co. Numerous biotechnology companies are also funded in the U.S., which makes the 

high connectedness between the biotechnology sector and the U.S. stock market reasonable. Due 

to previous research, it is interesting to discuss the connectedness between the biotechnology- and 

pharmaceutical sector. Anaya et al. (2017) find that the pharmaceutical sector outperformed the 

biotechnology sector and that the risk in the biotechnology sector is higher. According to our 

results, the spillover pattern from other sectors to the biotechnology sector is similar to the 

spillover pattern from other sectors to the pharmaceutical sector, implying that the level in the 

systematic risk does not significantly differ. At the same time, the biotechnology sector contributes 

slightly more to the system compared to the pharmaceutical sector, which indicates that the 

biotechnology sector possesses a fairly higher systematic risk. This indicates that the systematic risk 

associated with the biotechnology sector may not be as high as Anaya et al. (2017) proposes.  

 

Additionally, compared to the pharmaceutical sector, the biotechnology sector has a high 

connectedness with the technology sector. The high connectedness between the biotechnology- 

and technology sector entails that there is a deviant value in the biotechnology block, indicating 

that the contribution of the sector could seem to be greater than it actually is. However, our results 

show that the pharmaceutical sector receives stronger spillover effects from the U.S. and the 

European stock market, the gold market and the exchange rate compared to the biotechnology 

sector. This suggests that the pharmaceutical sector is more affected by movements in other sectors 

than biotechnology, meaning that shortfalls in other sectors tends to affect the pharmaceutical 

sector more. A possible explanation could be the unique characteristics of the biotechnology sector, 

as the sector is more innovative than the pharmaceutical. The pharmaceutical sector consists of 

companies whose products are patentable, which may prevent new innovation and thereby deviant 

the sectors fundamental characteristics even more.  

 

In light of our argumentation, that investments in the biotechnology- and ethical sector can be 

classified as socially beneficial, we find a relatively high connectedness between the two sectors. 

The high connectedness implicates that the biotechnology sector can be connected to the ethical 

sector because of its similar characteristics, aiming to contribute to society by allowing investors to 

invest socially beneficial. The spillover effect from the biotechnology sector to the ethical sector is 

(�̂�𝐸𝑇𝐻𝐶 ←𝐵𝐼𝑂𝑇
𝐻  = 9.4 percent), while the connectedness from the ethical sector to the biotechnology 

sector is (�̂�𝐵𝐼𝑂𝑇 ←𝐸𝑇𝐻𝐶
𝐻  = 14.31 percent). This can be explained by the fact that the ethical sector 

covers several investment areas while the biotechnology sector only focuses on one, meaning that 

the biotechnology sector only constitutes a small part of the socially beneficial market whilst the 

ethical sector covers more areas. For instance, the ethical sector is taking ethical principles into 

account, suggesting that it is only allowed to invest in companies whose business is not harmful to 

society or environment. Meanwhile, investments in the biotechnology sector contributes to an 

advancement of drugs and human conditions. Nofsinger (2018) states that investors are driven by 

emotions when making investments decisions, while Beal et al. (2005) argue that it is of importance 
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to make investment decisions based on social benefits. These findings and argumentation are giving 

investors incentives to invest in the biotechnology sector.  

 

Moreover, we examine the net total directional connectedness (�̂�𝑖
𝐻 =  �̂�• ←𝑖

𝐻 − �̂�𝑖 ← • 
𝐻 ), which is the 

difference between the total directional connectedness to others and the total directional 

connectedness from others. The net total directional connectedness for the biotechnology sector 

is negative, suggesting that the sector is a net receiver of shocks. However, this will be further 

discussed in the section for the rolling-window analysis. 

 

6.2 Return Connectedness at Different Frequencies 

Next, we examine the connectedness based on frequencies, following the approach by Barunik and 

Krehlik (2018). The connectedness is based on short-, medium-, and long-term frequencies, 

capturing a daily, weekly, monthly, yearly and infinite trading perspective. 

 

In Table 4 and 5, we analyze the short-term frequency connectedness. Overall, we can observe that 

the short-term frequency connectedness has a similar pattern as the full-sample connectedness, 

even though the total connectedness differs. The most notable difference is the daily total 

connectedness, which is significantly lower compared to the full-sample connectedness. However, 

in the weekly frequency, the total connectedness approaches to the full-sample. There is also a 

difference in the total connectedness between the daily and weekly frequency, that is considerably 

higher from 1 to 5 days than 1 to 2 days. This reveals that the total connectedness is higher for the 

weekly than the daily frequency, which can be due to the time it takes for the market to adapt to 

new circumstances. This also means that the systematic risk is higher when comparing the weekly 

with the daily frequency. Hence, diversification opportunities are lower between 1 to 5 days. 

Additionally, the short-term connectedness suggests that the own connectedness tends to be largest 

with a range between 0.26 to 42.33 percent in Table 4 and 16.17 to 65.47 percent in Table 5.  

 

The sector with the highest contribution to the system differs notably from the daily to weekly 

frequency. For 1 to 2 days, the sector that contributes the most is the U.S. stock market, followed 

by the technology-, pharmaceutical-, biotechnology- and ethical sector whilst for 1 to 5 days, the 

U.S. stock market is followed by the technology- and ethical sector and the European stock market. 

This implies that the pharmaceutical- and biotechnology sectors have a larger impact on other 

sectors on a daily basis but is weakening over time. The results differ from the full-sample analysis, 

suggesting that the ethical sector contributes the most. This can be explained by the measurements, 

where the full-sample analysis refers to the whole time period, while the short-run estimation only 

corresponds to a daily and weekly frequency.  

 

In the short-run, the strongest spillover effect from the biotechnology sector is to the technology- 

and pharmaceutical sector and the U.S. stock market, meaning that there is no difference in the 

from connectedness pattern on a daily and weekly basis. However, the connectedness is increasing 

from 1 to 5 days compared to 1 to 2 days. This finding is also in line with the full-sample analysis. 

Moreover, the biotechnology sector receives strongest spillover effects from the technology sector, 

the U.S. stock market and the ethical sector in both short-term and full-sample analysis.     
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Table 4: Short-term frequency connectedness (daily) 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND F_ABS F_WTH 

BIOT 16.34 4.93 9.23 7.31 7.92 2.1 2.34 0.19 0.04 0.04 1.12 3.2 6.42 

PHRM 6.24 18.89 5.26 7.58 9.88 3.14 3.38 0.24 0.05 0.1 1.06 3.36 6.73 

TECH 8.07 3.57 13.25 10.14 10.61 3.04 3.48 0.33 0.02 0.02 1.47 3.7 7.43 

ETHC 3.86 3.27 6.32 8.97 7.39 5.32 5.79 0.79 0.08 0.41 1.17 3.13 6.27 

S&P5 5.93 6 9.29 10.52 12.69 4.17 4.56 0.66 0.02 0.07 1.73 3.9 7.83 

FTSE 0.99 1.32 1.9 5.39 2.91 13.35 11.6 0.89 0.18 1.36 0.96 2.5 5.01 

STOX 1.07 1.35 2.08 5.67 3.06 10.83 0.26 0.78 0.2 2.23 0.99 2.57 5.15 

COIL 0.28 0.16 0.64 2.71 1.35 3.02 2.81 38.82 2.01 0.95 1.29 1.38 2.78 

GOLD 0.21 0.17 0.23 0.23 0.26 0.52 0.52 1.75 42.33 4.81 0.41 0.83 1.66 

EXCH 0.02 0.09 0.04 1.08 0.12 3.73 6.3 0.58 3.45 33.4 0.08 1.41 2.82 

BOND 1.8 1.4 3.11 3.75 3.97 2.72 2.97 1.11 0.57 0.12 31.28 1.96 3.92 

T_ABS 2.59 2.02 3.46 4.94 4.32 3.51 3.98 0.67 0.6 0.92 0.94 27.94   

T_WTH 5.19 4.06 6.94 9.92 8.66 7.03 7.98 1.93 1.21 1.84 1.88   56.04 

Note: The spillover table for band is 3.14 to 1.57, roughly corresponding to 1 to 2 days and taking cross-

sectional correlation into account. Values in the ith row of the jth column indicate the strength of spillover 

effect from the ith market to the jth market. F_ represents from and T_ represent to. abs, absolute; wth, 

within. For these differences, see Equations (13) and (14).  

 

Table 5: Short-term frequency connectedness (weekly) 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND F_ABS F_WTH 

BIOT 26.33 8.09 15.16 11.8 12.61 3.26 3.73 0.25 0.06 0.05 1.63 5.15 6.3 

PHRM 9.79 30.76 7.68 11.25 14.65 4.68 5.06 0.28 0.08 0.14 1.48 5.01 6.13 

TECH 12.46 5.27 21.09 15.83 16.25 4.77 5.51 0.48 0.04 0.02 2.21 5.71 6.99 

ETHC 7.39 5.97 12.07 16.17 13.64 9.12 9.98 1.33 0.13 0.69 1.88 5.65 6.92 

S&P5 9.19 9.02 14.41 16.05 19.14 6.41 7.03 0.91 0.04 0.11 2.45 5.97 7.3 

FTSE 3.15 3.74 5.32 11.69 7.87 21.97 19.16 1.61 0.27 2.3 1.75 5.17 6.32 

STOX 3.25 3.62 5.66 11.94 7.93 17.89 20.23 1.37 0.29 3.71 1.77 5.22 6.39 

COIL 0.58 0.4 1.32 4.59 2.66 4.51 4.1 57.84 2.66 1.25 2.07 2.19 2.68 

GOLD 0.25 0.2 0.31 0.64 0.32 1.01 1.13 3.08 65.47 8.22 0.96 1.46 1.79 

EXCH 0.05 0.25 0.18 2.35 0.53 6.05 10.3 0.98 6.01 53.15 0.29 2.47 3 

BOND 2.96 2.41 4.99 5.87 6.42 4.19 4.5 1.56 0.96 0.17 49.23 3.09 3.78 

T_ABS 4.46 3.54 6.1 8.36 7.54 5.63 6.41 1.08 0.96 1.52 1.5 47.09   

T_WTH 5.46 4.33 7.46 10.23 9.22 6.88 7.84 1.32 1.17 1.85 1.83   57.6 

Note: The spillover table for band is 3.14 to 0.63, roughly corresponding to 1 to 5 days and taking cross-

sectional correlation into account. 

 

Further, the medium-term frequency connectedness is presented in Table 6. The medium-term 

frequency also implies that the own connectedness tends to be the highest with a range between 

19.51 to 76.05 percent. The total connectedness in the medium-run amounts to 55.12 percent, 

which is an increase with approximately 8 percentage compared to the short-run. From Table 6 we 

can further state that the sectors that contributes the most to the system are the ethical sector, the 

U.S. stock market, the technology sector and the European stock markets.  

 

The biotechnology sector has the highest spillover effects on the technology- and pharmaceutical 

sector and the U.S. stock market, which is equivalent to the short-term frequency. This can be due 

to the market adaption as discussed earlier. The higher connectedness suggests that the systematic 
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risk is higher in the medium-run compared to the short-run, meaning that diversification 

opportunities are more open on a daily and weekly basis. Furthermore, the spillover effect from 

the biotechnology sector to the ethical sector is increasing in the medium-run but is smaller than 

in the full-sample analysis. In return, the spillover effect from the ethical sector to the 

biotechnology sector is also increasing. Likewise, we can observe that the biotechnology sector 

receives strongest spillover effects from the technology sector, the U.S. stock market and the ethical 

sector followed by the pharmaceutical sector, equivalently to the short-term. 

 

Table 6: Medium-term frequency connectedness (monthly) 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND F_ABS F_WTH 

BIOT 30.43 9.28 17.57 13.66 14.43 3.72 4.32 0.28 0.07 0.05 1.81 5.93 6.22 

PHRM 10.86 35.05 8.52 0.62 16.38 5.2 5.67 0.29 0.08 0.16 1.62 5.58 5.86 

TECH 14.11 5.9 24.2 18.14 18.48 5.47 6.39 0.56 0.05 0.03 2.52 6.51 6.84 

ETHC 8.9 7.1 14.78 19.51 16.57 10.72 11.83 1.59 0.18 0.86 2.25 6.8 7.14 

S&P5 10.33 10.15 16.42 18.25 21.67 7.26 8.04 1.02 0.04 0.14 2.79 6.77 7.1 

FTSE 4.07 4.74 6.94 14.49 10.16 25.06 21.97 1.93 0.38 2.73 2.08 6.32 6.63 

STOX 4.27 4.64 7.47 14.92 10.33 20.6 23.38 1.65 0.39 4.38 2.13 6.44 6.76 

COIL 0.67 0.48 1.62 5.52 3.21 5.18 4.75 66.81 3.11 1.42 2.31 2.57 2.7 

GOLD 0.26 0.21 0.32 0.88 0.33 1.15 1.32 3.51 76.05 9.58 1.48 1.73 1.82 

EXCH 0.06 0.33 0.22 2.93 0.69 6.94 11.97 1.29 7.8 62.2 0.42 2.96 3.11 

BOND 3.32 2.64 5.8 6.7 7.78 4.72 5.15 1.89 1.02 0.19 56.81 3.52 3.7 

T_ABS 5.17 4.13 7.24 9.83 8.9 6.45 7.39 1.27 1.19 1.78 1.77 55.12   

T_WTH 5.43 3.34 7.61 10.32 9.34 6.78 7.76 1.34 1.25 1.87 1.85   57.88 

Note: The spillover table for band is 3.14 to 0.14, roughly corresponding to 1 to 22 days and taking cross-

sectional correlation into account. 

 

The long-term frequency connectedness presented in Table 7 and Table 8 suggests that the 

connectedness between the sectors are weakening with time. The connectedness between the 

sectors is considerably smaller than in the short- and medium-run and the full-sample analysis, 

entailing that the sectors have a smaller impact on each other in the long-run. The total 

connectedness is 2.84 percent for the yearly frequency and 0.57 percent for the infinite, revealing 

that diversification opportunities are high in the long-run. Even though the connectedness is 

significantly smaller, the connectedness from and to the biotechnology sector follows similar 

pattern as in the short- and medium-term, displaying highest connectedness with the sectors for 

pharmaceutical, technology and ethical and the U.S. stock market. The own connectedness is the 

largest for all sectors, despite for the U.S. stock market block that has the highest connectedness 

with the ethical sector. Moreover, the sectors that contributes the most to the system is similar as 

in the medium-run whereby the European stock markets and the ethical sector contribute the most. 
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Table 7: Long-term frequency connectedness (yearly)  

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND F_ABS F_WTH 

BIOT 1.14 0.32 0.67 0.52 0.5 0.13 0.17 0.01 0 0 0.05 0.22 5.63 

PHRM 0.25 1.15 0.22 0.37 0.47 0.15 0.18 0 0 0.01 0.05 0.15 4.04 

TECH 0.43 0.18 0.85 0.65 0.63 0.21 0.26 0.03 0 0.01 0.09 0.23 5.9 

ETHC 0.4 0.32 0.76 0.96 0.84 0.47 0.54 0.09 0.02 0.06 0.11 0.33 8.57 

S&P5 0.28 0.31 0.54 0.61 0.7 0.25 0.29 0.04 0 0.01 0.1 0.22 5.78 

FTSE 0.23 0.28 0.44 0.78 0.63 0.85 0.79 0.11 0.04 0.14 0.1 0.32 8.38 

STOX 0.26 0.29 0.5 0.84 0.67 0.76 0.89 0.09 0.03 0.21 0.11 0.34 8.98 

COIL 0.03 0.01 0.09 0.28 0.16 0.21 0.2 2.67 0.14 0.06 0.08 0.11 3.01 

GOLD 0 0 0 0.09 0 0.04 0.06 0.11 3.08 0.38 0.15 0.08 2.01 

EXCH 0 0.02 0 0.15 0.04 0.24 0.42 0.11 0.56 2.63 0.04 0.14 3.74 

BOND 0.09 0.04 0.25 0.25 0.25 0.16 0.21 0.12 0.02 0 2.18 0.13 3.32 

T_ABS 0.18 0.16 0.32 0.41 0.38 0.24 0.28 0.06 0.07 0.08 0.08 2.27   

T_WTH 4.73 4.23 8.25 10.81 9.99 6.2 7.39 1.67 1.92 2.07 2.09   59.36 

Note: The spillover table for band is 0.14 to 0.01, roughly corresponding to 22 to 252 days and taking cross-

sectional correlation into account. 

 

Table 8: Long-term frequency connectedness (infinite) 

  BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND F_ABS F_WTH 

BIOT 0.28 0.08 0.17 0.13 0.12 0.03 0.04 0 0 0 0.01 0.05 5.62 

PHRM 0.06 0.29 0.05 0.09 0.12 0.04 0.04 0 0 0 0.01 0.04 4.02 

TECH 0.11 0.04 0.21 0.16 0.16 0.05 0.07 0.01 0 0 0.02 0.06 5.9 

ETHC 0.1 0.08 0.19 0.24 0.21 0.12 0.14 0.02 0 0.01 0.03 0.08 8.58 

S&P5 0.07 0.08 0.13 0.15 0.18 0.06 0.07 0.01 0 0 0.03 0.06 5.77 

FTSE 0.06 0.07 0.11 0.2 0.16 0.21 0.2 0.03 0.01 0.03 0.02 0.08 8.37 

STOX 0.07 0.07 0.12 0.21 0.17 0.19 0.22 0.02 0.01 0.05 0.03 0.09 8.98 

COIL 0.01 0 0.02 0.07 0.04 0.05 0.05 0.67 0.03 0.01 0.02 0.03 3.02 

GOLD 0 0 0 0.02 0 0.01 0.01 0.03 0.77 0.09 0.04 0.02 2.01 

EXCH 0 0 0 0.04 0.01 0.06 0.1 0.03 0.14 0.66 0.01 0.04 3.74 

BOND 0.02 0.01 0.06 0.06 0.06 0.04 0.05 0.03 0 0 0.55 0.03 3.34 

T_ABS 0.04 0.04 0.08 0.1 0.1 0.06 0.07 0.02 0.02 0.02 0.02 0.57   

T_WTH 4.69 4.22 8.23 10.81 9.98 6.2 7.4 1.69 1.93 2.09 2.1   59.34 

Note: The spillover table for band is 0.01 to 0.00, roughly corresponding to 252 to infinite days and taking 

cross-sectional correlation into account. 

 

By decomposing the connectedness and base it on short-, medium-, and long-term frequencies, 

following Barunik and Krehlik (2018), we can conclude that the total connectedness increases on 

a monthly basis but decreases in the long-run. This reveals that the sectors are more sensitive to 

movements in other sectors on a shorter time horizon but weakens over time, signifying that the 

diversification opportunities are increasing. For the biotechnology sector, the finding can be 

interpreted as the systematic risk is significantly decreasing in the long-run, which means that 

investments in the biotechnology sector should be seen as long-term investments. Investments that 

are considered as long-term investments should, according to Reilly and Brown (2012) be invested 

in assets that have higher risk in order to maintain a higher return. Thus, investors that has a long 

investment horizon should consider investing in the biotechnology sector.  
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The biotechnology sector does not have a high contribution to the system, meaning that the 

systematic risk connected to the biotechnology sector should be considered as lower since the 

sector is not affected to market movements as some of the other sectors. At the same time, the 

connectedness between the biotechnology sector and the technology-, pharmaceutical-, ethical 

sector and the U.S. stock market is largest across the different frequencies and the full-sample 

analysis. This reveals that the biotechnology sector tends to co-move with these sectors, which at 

first sight can be seen as financialization. However, the biotechnology sector is significantly less 

connected with the other sectors in the long-run, suggesting that investments will not be that 

affected by movements in the other sectors. Hence, we do not consider these movements as 

financialization. 

 

In the short- and medium-run, the biotechnology has a low connectedness with the exchange rate, 

the oil- and gold market, the European stock market and the bond. In the long-run the 

connectedness with the exchange rate and the gold market is zero percent at the same time as the 

connectedness decreases with the oil market and the bond. This means that the biotechnology 

sector will not be affected by movements in these sectors. Thus, there are high diversification 

opportunities on all time horizons, proposing that investments in the biotechnology sector should 

be combined with investments in the exchange rate, the oil and gold market, the bond and the 

European stock market. Additionally, the systematic risk is decreasing in the long-run and 

investments in the biotechnology sector can be used in order to diversify a portfolio when investing 

in these sectors. 

 

Table 9: Net spillovers 

Daily   BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

    -0.61 -1.34 -0.24 1.81 0.42 1.01 1.41 -0.71 -0.23 -0.49 -1.02 

                          

Weekly BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

    -0.69 -1.47 0.39 2.71 1.57 0.46 1.19 -1.11 -0.5 -0.95 -1.59 

                          

Monthly BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

    -0.76 -1.45 0.73 3.03 2.13 0.13 0.95 -1.3 -0.54 -1.18 -1.75 

                          

Yearly   BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

    -0.04 0.01 0.09 0.08 0.16 0.06 -0.06 -0.05 -0.01 -0.06 -0.05 

                          

Infinite BIOT PHRM TECH ETHC S&P5 FTSE STOX COIL GOLD EXCH BOND 

    -0.01 0 0.02 0.02 0.04 -0.02 0.02 -0.01 0 -0.02 -0.01 

Note: Net connectedness over the frequencies, following Barunik and Krehlik (2018). 

 

We have also estimated the net directional connectedness with respect to the different frequencies 

as illustrated in Table 9. It is evident from the results that the biotechnology sector has a negative 

net spillover regardless of the frequency, meaning that on average it is a recipient of shocks from 

the other sectors and constitutes a small role in the system. This will be further discussed in the 

section for the rolling-window analysis. 
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6.3 Frequency connectedness rolling-windows analysis 

The rolling-window approach, following Diebold and Yilmaz (2014), is used to investigate the time 

varying overall connectedness and pairwise directional connectedness among the sectors in the 

system. In order to attain a large sample in our VAR(4) estimation and analyze the time-varying 

characteristics, a rolling-window size of 756 days and a forecast horizon of 252 days are used. The 

overall connectedness attained through the Diebold and Yilmaz (2014) approach are presented in 

Figure 6. 

 

Figure 6: Dynamic frequency connectedness of all sectors. The rolling estimation window is three years 

(756 days) with a computing period of 252 days. 

 

Figure 6 represents the total connectedness, which ranges between 50 and 75 percent. The period 

from 2003 to 2018 shows a fluctuating total connectedness, which can be explained by different 

market conditions in the included time-period. The overall connectedness is relatively calm in the 

beginning of the period and shows that the transmission to other sectors was smaller. During the 

financial crisis, the European Sovereign Debt Crisis and thereafter, the total connectedness 

increased, suggesting that the spillover effect was kept high until 2014. Between 2007 to 2009, the 

total connectedness increased by approximately 10 percent and with a dramatic increase in the late 

2008, which coincides with the financial crisis. These findings are also supported by Okimoto 

(2008), who states that connectedness increases during times with stressed market conditions. 

Later, the total connectedness got more stabilized but with an increase between 2012 to 2014, 

which is strengthen by Longstaff’s (2010) finding concerning temporary fluctuations. We can also 

note that the total connectedness was not affected by other uncertainties in the world economy 

such as decreasing oil prices in 2015 and BREXIT in 2016. However, this result would most likely 

be different if the study was concentrated on oil or European markets. We can thereby conclude 

that the total connectedness generally increases during crises, which is supported by theory stating 

that spillover effects between sectors increases during bad times. 

 

Next, the dynamics of directional connectedness are studied by following Diebold and Yilmaz 

(2014), in order to analyze the from, to and net connectedness for each sector. 
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Figure 7: Rolling To Directional Connectedness. The rolling estimation window width is 756 days, and 

the predictive horizon for the underlying variance decomposition is 252-days rolling samples.  

 

In Figure 7, the rolling to spillover (in a direction towards others) that determine the size of a sectors 

vertex in a network is presented. As we can observe, the rolling to directional connectedness to the 

biotechnology sector increased during the financial crisis and the European Sovereign debt crisis 

from 0.65 to 0.78 percent. After 2010, the rolling to directional connectedness from the others to 

the biotechnology sector decreased from 0.75 to 0.52 percent in 2015, which can be explained by 

the sectors bull territory. During 2015, the connectedness to the biotechnology sector increased in 

conjunction with the political actions due to the elections movements in the U.S. This indicates 

that the rolling to directional spillover to the biotechnology sector is higher during crises and 

decreases afterwards. An increased rolling to directional connectedness during the financial crisis 

can also be observed in the other sectors except for the gold market that decreased during the 

crisis. Nguyen et al. (2014) found that gold works well as a hedge, which is consistent with our 
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results. This is interesting to highlight since we in the variable analysis found that the biotechnology 

sector had a unique behavior during the financial crisis compared to the other sectors, implicating 

that the systematic risk that is connected to the biotechnology sector may be lower than Anaya et 

al. (2017), Golec and Vernon (2009) and Myers et al. (1995, 1997) found. 

 

Further, we analyze the rolling from directional connectedness. 

 

 
 

  
 

   

 
Figure 8: Rolling From Directional Connectedness. The rolling estimation window width is 756 days, and 

the predictive horizon for the underlying variance decomposition is 252 days.  

 

As presented in Figure 8, the rolling from directional connectedness for the biotechnology sector 

differs compared to the rolling to directional connectedness. Firstly, we can observe that the range 

is larger in the rolling to directional connectedness than the rolling from directional connectedness. 

At the same time, the rolling from directional connectedness from the biotechnology sector to 
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other sectors increased during the financial crisis and decreased afterwards. Same historical pattern 

was observed above when discussing the rolling to directional connectedness. The difference is 

however, that the increase during the financial crisis is stronger in the rolling from directional 

connectedness, entailing that the biotechnology sector has a greater impact on other asset classes 

during bad times than other financial assets have on the biotechnology sector. This finding is in 

line with OECD (2012) that states that the health sector was not negatively affected by the financial 

crisis and thereof is not subject to shocks. However, 75 percent of the investors expect BREXIT 

to affect the biotechnology investments in the United Kingdom negatively. This is not supported 

by our result that rather suggests that the sector is not affected by uncertainties, which is 

strengthened by our estimations (Demy-Colton and EBD Group, 2019).  

 

To proceed with our study, we continue our analysis estimating the rolling net directional 

connectedness. 

 

 
 

 

 

 
Figure 9: Rolling Net Directional Connectedness. The rolling estimation window width is 756 days, and 
the predictive horizon for the underlying variance decomposition is 252 days.  
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The rolling net directional connectedness is illustrated in Figure 9. In terms of this, the 

biotechnology sector appears to be a net receiver of shocks because of its negative values, which 

is also shown in Table 9. The negative net directional spillover reveals that the biotechnology sector 

is a small player in the system, which means that even when the sector is a subject to shocks it is 

not able to spread it to others. Alternatively, even though it is not an unimportant variable it does 

not transmit shocks to others because it is not subject to significant return or volatility shocks. In 

light of Baur and Lucey (2010) finding that the gold market is a safe haven during extreme market 

conditions it is of importance to examine the sectors connectedness. As we can observe in Figure 

9 gold has a negative net directional connectedness throughout the whole time-period, which 

implicate that assets with negative net directional connectedness have safe haven properties. Since 

the biotechnology sector has a negative net directional connectedness, it can be classified as an 

investment with safe haven properties. This is in line with financial theory regarding defensive 

stocks, which is applicable on the biotechnology sector that produces goods that will be consumed 

regardless of the market conditions, such as drugs. Schonberger (2008) also states that the 

biotechnology sector is not affected by broader economic factors and thus is a safe haven 

investment. This is also strengthened by our variable analysis, which indicate that the return was 

not significantly affected of the economic uncertainties as many of the other sectors was. 

Furthermore, Table 9 shows that the net spillovers for the sector is negative for all frequencies, 

signifying that investments in the biotechnology sector can be seen as investments with safe haven 

properties regardless of time-horizon. These results are of importance from investors’ perspective 

since it has not emerged from previous research. Additionally, the biotechnology sector 

experienced periodically positive net directional spillover during a short time period, proposing 

that the sector appears as a net transmitter instead. However, this is not of interest to discuss since 

the positive net directional connectedness only appears under small periods and is not high. 

 

Next, we estimate the net pairwise directional connectedness in order to analyze the transmitting 

net pairwise spillover. The net pairwise directional connectedness is presented in Figure 10.  
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Figure 10: Net Pairwise Directional Connectedness. The investigated sample is 2018-12-31. The stronger 

the connectedness is, the higher is the weight. The rolling estimation window width is 756 days, and the 

predictive horizon for the underlying variance decomposition is 252 days. 

 

As we can observe in Figure 10, the biotechnology sector is mainly affecting other sectors and does 

not receive significant spillover effects. At the same time, we can observe that the biotechnology 

sector does neither transmit nor receive shocks in the same extent as the other sectors. The 

biotechnology sector affects the pharmaceutical sector the most and has an impact on the 

technology- and ethical sector, the U.S. stock market and the European stock market (FTSE 100). 

By contrast, the European stock market (STOXX 600) has a relatively strong impact on the 

biotechnology sector, which can be explained by the components of STOXX 600 that consists of 

several health care and technology companies. The strongest net pairwise connectedness can be 

seen from the bond to the gold market, from gold to the U.S. stock market and from the exchange 

rate to the European stock market (STOXX 600). In addition, we show the net pairwise directional 

connections among the sectors during the Lehman Bankruptcy in Appendix II, where it is evident 

that the biotechnology sector was not sensitive to the global shock. This is supported by our other 

estimations that suggest that the sector is not influenced by uncertainties. 

 

Summarizing our results, we can conclude that in order to reduce the risk connected to the 

biotechnology sector it is of importance to consider Markowitz’s (1952) theory regarding 

interactions between different asset classes and diversify the portfolio through inclusion of other 

financial assets that have low connectedness with the sector. Thus, the investor should not treat 

different investments separately but look at their connectedness in order to see how one investment 

affects the other. Our findings reveal that the biotechnology sector has a high connectedness with 

the technology-, ethical-, pharmaceutical sector and the U.S. stock market, suggesting co-

movement. Hence, investors should consider these assets carefully when combining them in a 

portfolio. We also found that there are high diversification opportunities in the long-run. This is 

proven by a low long-run connectedness received from the approach by Barunik and Krehlik 

(2018). The connectedness is significantly low for the bond- and oil market, which means that 

diversification opportunities are high. Concurrently, the connectedness is zero between the 
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biotechnology sector and the market for the gold and exchange rate, showing no connectedness 

and even higher diversification opportunities. This result corresponds to the unconditional 

correlation, illustrated in Table 2, that displays negative correlation between the mentioned sectors 

and thereby strong hedging opportunities. We also find that the biotechnology sector is not 

sensitive to other shocks and that it has heterogeneous characteristics since it is not influenced by 

other asset classes and uncertainties in the world economy.  To construct a diversified portfolio 

with focus on investments in the biotechnology sector it is necessary to combine these assets in 

order to minimize the risk. 

 

Our main finding is the conclusion that investments in the biotechnology sector has safe haven 

properties. This improves future investment strategies, where investors are able to limit their 

exposure and at the same time contribute to society by investing in development of therapies and 

drugs that can cure different diseases. Additionally, 65 percent of the investors has positive market 

beliefs on the biotechnology sector and expects the investments to increase (Demy-Colton and 

EBD Group, 2019). Nofsinger (2018) also state that investors are affected of the investments 

frame, implying that it is of importance whether the investment contributes to something positive 

or not. Since the investments in the biotechnology sector are socially beneficial, they should be 

associated with a positive frame. Thereof, our study reveals how the attractiveness of the 

biotechnology sector can increase. 
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7. Conclusion and policy implications 

In this paper, we contribute to the understanding of the connectedness between the biotechnology 

sector and other financial assets by measuring full-sample and rolling-window analysis by Diebold 

and Yilmaz (2012, 2014) and the frequency dynamics by Barunik and Krehlik (2018). Based on the 

full-sample analysis, the biotechnology sector has a high connectedness with the technology-, 

pharmaceutical- and ethical sector. At the same time, the connectedness from and to the 

biotechnology sector is not as high as for other sectors, implying that the systematic risk is lower 

than previous studies argue for. The differences between the sectors connectedness can be 

explained by the sectors characteristics. For instance, the biotechnology sector is characterized by 

new innovation and high risk, which distinguish the sector’s connectedness from the others. Our 

results also suggest that the spillover effect from the biotechnology sector is higher than the 

spillover effect to the biotechnology sector, proposing that the sector affects other financial assets 

to a greater extent than they affect the biotechnology sector. The negative net directional 

connectedness suggests that the biotechnology sector does not transmit shocks to others since it 

is not subject to significant return or volatility shocks. In light of this, our results reveal that 

investments in the biotechnology sector can be considered as investments with safe haven 

properties. This can also be concluded when observing the net pairwise directional connectedness 

since the results shows that the biotechnology sector is neither a significant transmitter nor a 

receiver as the other sectors, meaning that the sector is not a significant player in the system. Hence, 

we can consider investments in the sector as independent towards the other sectors. Our variable 

analysis also confirms our conclusion, illustrating that the return was not significantly affected of 

the economic uncertainties during stressed market conditions as many of the other sectors was. 

From the frequency dynamics, we can consider that the connectedness between the biotechnology 

sector and the other financial assets are weakening with time and that there are high diversification 

opportunities in the long-run. If investors seek to achieve diversification it is adequate to also invest 

in the bond- and oil market. The absence of connectedness with the gold market and the exchange 

rate also imply that the sectors will not be influenced by each other in the long-run, which makes 

them optimal to combine when aiming to construct a well-diversified portfolio. However, the 

biotechnology sector has a high connectedness with the technology-, ethical-, pharmaceutical 

sector and the U.S. stock market, suggesting co-movement. Hence, investors should consider these 

assets carefully when combining them in a portfolio. 

 

Overall, our main finding is the conclusion that investments in the biotechnology sector has safe 

haven properties. This improves future investment strategies, where investors are able to limit their 

exposure and at the same time contribute to society by investing in development of therapies and 

drugs that can cure different diseases. At the same time, investments in the biotechnology sector 

should be considered as socially beneficial, since increased investments in the sector contributes to 

higher health standard, attracting a wider investor group. These findings together with the fact that 

development of adequate drugs is failing due to the lack of investment capital and deficient R&D, 

are especially important for investors who are interested in investing in a prosperous world. 
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Appendix I 
 
Definition of the Biotechnology sector 

Biotechnology utilize the biological systems and living organisms to develop products and 

technological systems, with the main focus on advancing drugs and human condition. 

Biotechnology firms use genes and genomes of plants, animals, humans and biotechnology in their 

research, which makes it a unique sector. Biotechnology is driven by science but is based on the 

market industry (Malik and Hine, 2011). Furthermore, the sector is both an enabling science that 

include a multitude of industries and an industry in itself, consisting of companies that evolve and 

promote the use of new biotechnologies (March-Chordá et al., 2009). The biotechnology sector 

consists of human health-, industrial-, agricultural and environmental technologies and animal and 

marine health and bioinformatics etc. (IBISWorld, 2019). 

 

The supply of the sustainability of the U.S. biotech business model is contingent on technological 

innovation in the advancement of developing new drugs for unsolved diseases. According to the 

demand side, the sustainability of the U.S. biotech business model is contingent on the capacity to 

obtain new biopharmaceuticals from the afflicted by unsolved diseases. The demand is not directly 

contingent on disposable income and consumer choice, but on the adequate amount of medical 

coverage for the nation’s population in order to meet the supply of biopharmaceutical drugs 

(Lazonick and Tulum, 2011). 
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Appendix II 
 

Net Pairwise Directional Connectedness During the Lehman Bankruptcy 

  
 

(a) September 12, 2008.              (b) September 15, 2008 

 

 

  
 

(c) September 16, 2008.              (d) September 17, 2008 
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