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Abstract 

A growing concern among investors for social responsibility in relation to the business 

world and its effect on the environment, society, and government has increased and 

therefore different types of stock indices and funds that incorporate socially responsible 

ideals have been developed. However, a literature review revealed that there does not 

seem to be much information about the volatility of Green Funds or Socially 

Responsible Investments (SRI). Volatility is an important part of understanding the 

financial markets and is used by many to understand asset allocation, risk management, 

option pricing and many other functions. Therefore, the purpose of this thesis is to 

investigate the volatility performance of SRIs, REFs and Conventional Indices by using 

different models CAPM, SR, JA and EGARCH, and monthly and daily data from the 

US, UK, Japan and Eurozone financial markets to compare results.  

 

This thesis has been conducted by following an objective ontological and positivist 

epistemological position, because the data used for analysis in this thesis is independent 

from the author and has studied what actually exists, not what the author seeks to 

interpret. The research approach is functionalist, because this thesis sought to explain 

how the investments function in relation to volatility comparisons in different financial 

markets and if this volatility can be predicted through a framework of rules designed by 

previous researchers. The design is a deductive study of quantitative, longitudinal, 

secondary data, because hypotheses are derived from theory to test the volatility of time 

series data between the year 2007 and 2012 through empirical evidence.  

 

Statistical evidence was found to suggest that the EGARCH model for volatility 

measurement is the best fit to model volatility and daily data can give more information 

and better consistency between results. SRIs were found to be less volatile than CIs in 

all financial markets; REFs were found more volatile than CIs in the US and Eurozone 

markets but not in the UK and Japan markets; REFs were found to be more volatile than 

SRIs in all markets except the UK; REFs were also found to be more volatile than SRIs 

and CIs during a recession in all markets except the UK. Evidence also indicated that 

the correlations between REFs and SRIs in the US and Eurozone were significant, but 

not significant in the UK and Japan market samples. The correlations were low between 

the UK and Japan SRIs, Japan and Eurozone SRIs and Japan SRI and Eurozone REF, 

which suggest that an investor may consider to diversify between these investments. 

However, all other statistically significant correlations between financial markets were 

high and could consequentially deliver poor long term investment performance. 

 

Keywords: Volatility, Socially Responsible Investments, Renewable Energy Funds, 

GARCH, Correlations  
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Chapter 1: Introduction 

The introduction consists of a problem background (section 1.1) where the research 

topic, Social Responsible Investments and Renewable Energy Funds‟ predicted 

volatility, and its theoretical background is discussed; a problem formulation (section 

1.2) where the practical aspects and specific direction of this thesis is revealed, and 

introduces the research question; a research purpose (section 1.3) that explains the 

objectives of the research; a contribution and delimitation (section 1.4) that recognises 

the boundaries to the research; a list of definitions (section 1.5) to familiarise the reader 

with the topic; and a disposition (section 1.6) of the thesis as a whole. 
 

 

1.1 Problem Background 
A growing concern for social responsibility in relation to the business world and its 

effect on the environment, society, and government has created active changes to how 

organisations function and what their purpose aims to be in connection to all 

stakeholders (Scholtens and Sievänen, 2013, p.605). Scholtens and Sievänen state that 

there has been a drive towards working with the three pillars of sustainability, 

Environment, Society and Government (ESG), which has become a voluntary decision 

as well as a regulated requirement by many legal authorities around the world. As 

different stakeholders have become more concerned with how businesses function they 

have also become more concerned with which organisations they want to support. 

Therefore, more shareholders have chosen to invest in companies that show a certain 

level of social responsibility. In response, stocks and indices have been classed in 

relation to how well the company has applied certain socially responsible standards and 

regulations to its business activities, and some are placed on so called Socially 

Responsible Investment (SRI) indices.  

 

SRIs are generally understood to be investments that consider financial and non-

financial factors of an investment (Benson et al. 2006, p.337) and uses “screening 

investments, engaging with companies, shareholder activism, community investing, and 

social venture capital funding (Scholtens and Sievänen, 2013, p.605)”. Eurosif (2008, p. 

6) define SRIs as “ethical investments, responsible investments, sustainable 

investments, and any other investment process that combines investors‟ financial 

objectives with their concerns about environmental, social and governance (ESG) 

issues”. Conventional stock indices are indices that don‟t use the ESG aspect as a main 

element for screening a group of stocks on an index. UNEP & Mercer‟s report (2007) 

entails a compilation of most respected researchers and practitioners comparisons of 

Socially Responsible Investment (SRI) stocks and indices with Conventional stock 

Index (CI) performance. The report revealed that researchers and practitioners use 

different performance measures when making their comparisons and consequently 

found contradictory performance results.  

 

The report‟s findings from academic research include Barnett and Salomon‟s (2006, 

p.1102) article that investigates US stocks and found when a higher level of social 

screening is applied financial performance strengthens. Van de Velde et al. (2005, 

p.137) investigate European SRIs and also find that higher sustainability rated portfolios 

performed better than lower sustainability rated portfolios. However, Bello‟s (2005, 
p.43) study found that screening has little effect on SRI performance. Brammer et al. 
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(2006, p.114) compare the Corporate Social Performance (CSP) with financial 

performance of a set of UK indices and find that the higher businesses score on social 

performance, the lower the financial returns; and businesses with the lowest total CSP 

score outperformed the market index. These contradictory results indicate a need for 

additional investigation. There is also a gap in research to investigate indices that use 

stricter screening methods than just the general SRI indices with CI indices that has 

been the most common method of research to date. 

 

Bauer at al. (2006) found statistically significant evidence to suggest that Cap size 

affects SRIs performance in Australia. Derwall et al.‟s (2005, p.61) study of US 

companies also found evidence to suggest that large cap eco-efficient companies 

performed best of all and that investment style, market sensitivity and industry are 

factors that do not explain any performance difference between SRIs and CIs. However, 

these results suggest that cap size should be considered when comparing indices. Shank 

et al. (2005, pp.86-87)  compare a Vice fund and a SRI fund with the S&P500 during a 

recession period, and found that the SRI fund created better returns than the market 

during a recession when investments were made for a 5 or 10 year period. This suggests 

that market sensitivity, in terms of a change in a security‟s price due to a change in the 

market‟s volatility, is a factor that affects performance of SRIs, in contradiction with 

Derwall et al.‟s (2005, p.61) study.  

 

Schröder‟s (2004, p.131) comparison of US, German and Swiss SRIs with CIs found 

statistically significant evidence to suggest that the Europe-wide FTSE4Good index has 

a negative Jensen‟s Alpha (JA). Statman (2000, p. 38; 2006, p.15-16) and Bauer et al 

(2006) found no statistically significant evidence that the SRI performance were 

different to the CIs, in the US and Australia respectively. Inconclusive results also 

suggest the need for additional analysis.  

 

Geczy et al. (2005) compare the 4 factor Cahart model, the Fama-French 3 factor model 

and the Capital Asset Pricing Model (CAPM) with the Sharpe Ratio (SR) and find that 

investors who choose to believe in the SR and invest in SRIs have experienced the 

highest level of costs, second highest when using the Fama-French and Cahart models, 

and least costly if the investor believes in the CAPM. They also found that the costs are 

high if investors have invested totally in SRIs or if just a third of their investments are 

placed in SRIs. This evidence suggests that the CAPM may be the best at predicting 

excess returns, however all models have produced costs for investors of SRIs which 

also suggests a need for a model that more accurately predicts excess returns. 
 

Chong et al (2006, p.407) compare SRIs with Socially Irresponsible Investments (SII) 

of US indices by using the SR, JA and GJR-DCC GARCH models and suggest they are 

the first to analyse SRIs by using an ARCH-type model. The results of the study 

indicate that the conditional risk of the US indices Domini Social, SP500 and Vice fund 

are lower than the risk calculated by the standard deviation in the normal distribution 

SR. A vice fund can be seen as the opposite of an SRI index, where only stocks with 

companies such as tobacco, oil or gambling are used in a fund. Chong et al. (2006, 

p.416) conclude that the conditional ARCH models enable a more accurate 

understanding of the daily dynamics of a time series, so trading or investment strategies 

can be observed. 
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The most frequently used models in UNEP & Mercer‟s report (2007) included the 

CAPM, the SR and JA. These models derive form the Modern Portfolio Theory 

established by Harry Markowitz (1952) and are influenced by a normative theory that 

states that investors follow a behavioural norm rather than actual behaviour of 

investments (Fabozzi et al. 2012, p.3). Actual behaviour has been explained as a factor 

too hard to calculate (Sharpe, 1964, pp.433-444), so more simplified average factors 

have been considered. 

 

The CAPM has been investigated and developed by many financial researchers (more 

recently including Campbell, 2008; Adrian and Franzoni, 2009; Grauer and Janmaat, 

2009; Bali and Engle, 2010; Pesaran and Yamagata, 2012), but its original form was 

developed by Sharpe (1964), Lintner (1965) and Black (1972). The model calculates the 

expected excess returns of a stock against the risk of the stock, including the Risk Free 

rate, the Beta or systematic risk and the expected market risk (Black, 1972; Levy, 2010). 

The use of the beta as one factor of the risk of the security has been criticised by many 

(including Fama-French, 1993; King, 2009; Bali and Engle, 2010, p.2), which has led to 

further developments of several factor models. However, the CAPM in all its forms is 

used today among practitioners and researchers (King, 2009), because some still find it 

to be relevant for calculating expected excess returns of stocks (Grauer and Janmaat, 

2009; Patton and Timmermann, 2010;  Da, Guo and Jagannathan, 2012).  

 

The Sharpe Ratio (SR) has also been discussed and tested among financial researchers 

and it is said to be popular among practitioners (Lo, 2002, p.37; Zakamouline and 

Koekebakker, 2009, p.1242; Cvitanic et al. 2008, p.1623). Sharpe‟s (1966) ratio of 

excess expected return to its standard deviation reveals that if the SR is high then the 

risk-adjusted performance will be good, but if it is low it indicates that a risk-free asset 

would be a better choice. However, Kostakis (2009, p.468) criticises the SR because it 

ignores high moments due to its mean-variance form. Criticisms about the SR‟s ease of 

manipulation have been further noted (Zakamouline and Koekebakker, 2009, p.1242; 

Cvitanic et al. 2008, p.1624) and Cvitanic et al. (2008) have discussed a horizon 

problem where performance differs due to short and long term preferences.   

 

Jensen‟s Alpha (JA) seems to be less popular among researchers, but some have 

mentioned its popularity among practitioners (Meligkotsidou et al. 2009). Researchers 

explain that the JA is a measure that tests how much risk there is after the risk 

calculated by the CAPM is subtracted from the expected excess returns (Kostakis, 2009, 

p.469). Therefore, if the JA is positive it reveals that the portfolio will give excess 

returns.  This indicates that the portfolio manager has beaten the market price, so the JA 

also measures the portfolio manager‟s ability to create excess returns (Kostakis, 2009, 

p.469; Meligkotsidou et al. 2009, p.274).  

 

The three models, CAPM, SR and JA, have had contradicting results in previous 

research about SRI performance, which suggests a need for additional investigation. 

Anderson et al. (2009) find empirical evidence to support the idea that uncertainty 

should be measured as well as risk and return. Uncertainty is described as being 

measured by the errors that occur in financial data. Bali and Engle (2010, p.34) suggest 

that errors can be better measured by using the GARCH model because they find that 

this model can predict more accurate conditional betas than that of the unconditional or 

conditional CAPM.  
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The GARCH model can measure financial data which has leptokurtosis, which is when 

fat-tails, large thin peaks and clustered heteroscedastic data exists in the distribution. 

Engle (2001, pp.157-159) states that the GARCH model is a model that gives declining 

weights to a portfolio that never reaches zero over time, known as “Bayesian updating”. 

The simple GARCH (1, 1) model does not allow for negative value calculation, but the 

EGARCH model does (Brooks, 2009, p.129; Rodriguez and Ruiz, 2012, p.14; Liu and 

Tse, 2012, p.5); plus it also allows for estimations of the higher moments. Considering 

these benefits of the EGARCH model and the lack of previous research about the 

volatility of SRI stocks and indices (Oberndorfer et al. 2013, p.502), the EGARCH 

model should be used to fill this research gap.  

 

1.2 Problem Formulation and Research Question 

Some shareholders may be more concerned with the type of green investment or 

socially responsible investment they are supporting. Previous research has produced 

contradicting results as to whether stocks and indices with stricter screening methods 

for ESG factors perform better. Most research only compares the performance of 

general SRI indices with CIs; therefore there is a research gap in comparing SRIs and 

CIs with indices that have stricter screening methods, such as Green funds in the 

renewable energy sector. Due to the overwhelming evidence that has mostly been 

derived from analysing the US market, different financial markets from around the 

world should be used to compare results. Therefore there is a research gap in comparing 

SRI performance in the Asian market, and European countries have not been 

extensively covered in previous research. 

 

Although the GARCH models have been used to investigate CIs, there does not appear 

to be much research that investigates SRIs by using the GARCH models. The popularity 

among researchers of using more accurate beta predictors, suggests that there is a need 

for an additional investigation of SRI indices by using a volatility model such as the 

EGARCH model. Volatility is an important part of understanding the financial markets 

and is used by many to understand asset allocation, risk management, option pricing and 

many other functions. A model that accurately measures and predicts the volatility in 

stock returns of SRIs during a financial crisis and with a long-term perspective should 

be of interest to all shareholders, because volatility can indicate the stability of an 

investment. 

The research question is therefore, 

 How does the predicted volatility compare in Socially Responsible Investments, 

Renewable Energy Funds and Conventional Indices between different financial 

markets when different models are used? 

 

1.3 Research Purpose 
The purpose of this research is to deduce information about the volatility of SRIs and 

Renewable Energy Funds (REF) in comparison with CIs in a longitudinal study. SRIs 

and CIs discussed by the researchers in UNEP & Mercer‟s report (2007) will be used, 

plus additional indices to allow for a regional comparison (Tularam et al. 2010). The 

US, UK, Japan and Eurozone financial markets will be the regions used for a 

comparison. Due to research findings that suggest industry factors do not affect the 

performance of SRIs, Green funds produced to represent one industry, the renewable 

energy sector, will be used to compare with the general SRIs and CIs. The CAPM, SR, 

JA and EGARCH models will be used to produce volatility results. Therefore, this 
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research will fill a gap in knowledge about the volatility of SRIs and REF with the use 

of the CAPM, SR, JA and EGARCH models by using a multi-regional and multi-data-

period comparison with CIs.  

 

1.4 Contribution and Delimitations 
This study will contribute to the information about the volatility of SRIs and REFs, 

which should be of concern to all shareholders concerned with such investments; for 

example, investors, financial analysts and portfolio managers as well as the constituents 

on the indices and funds, and prospective constituents. Academically, there has been 

several research gaps identified, including a comparison of SRIs with other Green 

funds, a volatility comparison by using different models and a regional and periodic 

comparison. This thesis should therefore contribute to academic research by somewhat 

filling these gaps in information. 

 

Furthermore, different financial models have influenced the business school education 

at Umeå University. Among the four models, CAPM, SR, JA and GARCH, the CAPM 

was introduced and repeated during many of my university courses, the GARCH model 

was introduced during an elective course, the SR was only mentioned briefly and never 

used in any practical work, and the JA was not even mentioned. This experience has 

caught my attention and has influenced the choice of thesis topic. I therefore hope to 

contribute empirical evidence that can reveal which models could be emphasised in 

future financial education programs at the university. 

 

Data will be taken from the shortest time horizon that the SRI indexes have available, so 

that all data sets are comparable in time. Therefore, time horizons may be shorter than 

available for all indices. Models that use accounting factors and were also popular in the 

UNEP & Mercer report (2007) will not be considered in this thesis, because this thesis 

is focused on financial models; plus accounting measures are subject to accounting 

manipulation bias (Stolowy and Breton, 2004). 

 

1.5 Definitions 
Social Responsible Investments (SRI): “ethical investments, responsible investments, 

sustainable investments, and any other investment process that combines investors‟ 

financial objectives with their concerns about environmental, social and governance 

(ESG) issues (Scholtens and Sievänen, 2013, p.606)”. 

Green Funds: “Green investing appeals to investors that desire to invest in areas that 

reflect their values on the environment, climate change, and a sustainable economy 

(Mallett and Michelson, 2010, p.396)”. 

Renewable Energy Fund (REF): a fund produced to invest in renewable energy projects 

or organisations. 

Conventional Index (CI): are indices that don‟t use the social responsibility aspect as a 

main element for producing a group of stocks as an index. 

Risk: In finance, risk is the possibility that the actual return on an investment will not 

be what is expected.  

Volatility: measures the dispersion of the returns, which in turn measures the risk. 



6 
 

Intertemporal Volatility: volatility over a long period of time, describing the pattern of 

volatility of the past, present and future. 

1.6 Disposition 

 Chapter 1: Introduction 

The introduction consists of a problem background where the research topic, Social 

Responsible Investments and Renewable Energy Funds‟ predicted volatility, and its 

theoretical background is discussed; a problem formulation where the practical 

aspects and specific direction of this thesis is revealed; a research purpose that 

explains the objectives of the research and introduces the research question; a 

delimitation that recognises the boundaries to the research; a list of concepts to 

familiarise the reader with the topic; and a disposition of the thesis as a whole. 

 Chapter 2: Methodology 

This chapter has been placed before the theoretical chapter because it will explain the 

advantages and disadvantages, the suitability of its choices and ability to replicate the 

theoretical and practical method of this thesis. The theoretical method will state 

which scientific approach the author will take, including the ontological and 

epistemological stand, research approach and design, literature search and 

examination of the literature. Therefore, the reader can understand the author‟s 

research position. 

 

 Chapter 3: Theoretical Framework 

The theoretical framework consists of further information about the relevant theories 

of this thesis. Firstly, a review of literature about SRI will be produced. Secondly, the 

theories Random Walk, Efficient Market Hypothesis (EMH) and Modern Portfolio 

Theory (MPT) will be explained and discussed with a review of recent literature, 

which are the precursors of the models CAPM, SR, JA and GARCH. I will also 

discuss the different methods of calculating the average return and frequency of data, 

since these factors can influence the models‟ results. Assumptions will be derived 

from the theory and presented in this chapter, which will be used to construct 

hypotheses in chapter 4. 

 Chapter 4: Method 

The practical method is discussed after the theoretical chapter because it will describe 

how the author will analyse the assumptions derived from theory, by producing 

hypotheses. Therefore, this chapter will introduce the hypotheses, explain the 

population and sample and time horizon, and describe the variables and statistical 

tests to be calculated. The process of the data collection and a critique on the sources 

of data and quality of results will also be addressed. 

 

 Chapter 5: Results 

The results will be presented in this chapter with the use of descriptive statistics, 

graphs and tables. The statistical tests‟ results will also be produced and explained.  

 Chapter 6: Analysis 

The analysis will discuss the results and present the interpretations of the findings. 

Statistical evidence will be used to test the hypotheses.  

 Chapter 7: Conclusion 

The conclusion will present a summary of the thesis, and the thesis‟ contribution to 

new knowledge, answer the research questions and suggest further research related to 

the thesis topic.  
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Chapter 2: Methodology 

This chapter will explain the advantages and disadvantages, the suitability of its choices 

and ability to replicate the theoretical and practical method of this thesis. 

Preconceptions (section 2.1) and perspectives (section 2.2) will be addressed. The 

theoretical method will state which scientific approach (section 2.3) the author will take, 

including the ontological (section 2.3.1), epistemological (section 2.3.2) stand, and 

paradigm (section 2.3.3); the research approach (section 2.4) and design (section 2.5), 

literature search and examination of the literature (section 2.6). Ethics (2.8) and society 

(2.9) in research will also be discussed. 
 

2.1 Preconceptions 

As a student of a Bachelor of Science in International Business and a Master of Finance 

at Umeå University in Sweden, I have academic experience of the Modern Portfolio 

Theory and the CAPM, plus an introduction to the Sharpe Ratio and the GARCH 

model. I have had some practical experience using these models while conducting group 

work projects during my studies, but I have had no professional experience of using 

these theories or models. I hope to overcome the lack of professional experience by 

reviewing the methods used to apply the models that were taught to us as students, and 

use any necessary methods applied in previous research that may be needed to apply the 

models. Any possible subjectivity will not be translated into the results or conclusions 

made in this thesis, due to the author‟s understanding and critical awareness of how an 

objective quantitative scientific approach should be applied. Also, the data gathering 

process and statistical tests helps to conduct an objective study, as well as the critical 

feedback from the supervisor and fellow students.  

 

2.2 Perspective 

This thesis has been written with the perspective of the stakeholders of SRIs and Green 

Fund stock performance information, including but not limited to investors, researchers, 

lecturers and students. The perspective of a group of stakeholders has enabled a wide 

literature search, guided the methodology choices and data collection and therefore 

influenced the research question. 

 

2.3 Scientific Approach 

The scientific approach that will be adopted in this thesis is that of a Functionalist, 

which holds an objective ontological position and a positivist epistemological position 

(Saunders et al. 2009, p.120). Saunders et al. (2009, p.120) state that this is a common 

position to hold in business research, because organisations are assumed to be rational 

entities that can produce rational solutions to possible problems. Understanding the 

research philosophy chosen is important to enable a well-structured thesis and a proper 

conduction of research in accordance with scientific practices within business research 

methods. Grix (2002, p.176) states that terminology in research of different disciplines 

can sometimes be confused even though they pertain to the same research philosophy, 

therefore clarifying the scientific approach is important for readers to be able to critic 

the thesis and authors to be able to defend the thesis.  
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2.3.1 Ontology 

Ontology is the study of anything or everything that is involved with its existence, and 

social ontology is the study of things in a social context (Lawson, 2004, pp.1-2; 

Saunders et al. 2009, p.109). To clarify; Grix states that ontology is about “what is out 

there to know about (2002, p.175)”. Lawson (2004, p.4) believes that it is important to 

understand the ontological viewpoint because it can bring “clarity and directionality” to 

the research. Ontology can be classed under objectivism or constructivism, the first 

pertaining to the idea that all things are independent of social actors and the second 

consisting of the idea that things are produced by social interaction and are constantly 

changing (Grix, 2002, p.177).  

 

Burrell and Morgan (2005, p.3) explain that the social philosophy of objectivism 

approaches the methodology of research with hard, external and realism, which means 

the evidence is factually recorded without human interpretation, the evidence exists 

without the researcher collecting the data, and the evidence is real. Therefore, if the data 

used for analysis in a thesis still exists, whether or not the thesis is written, then the data 

is independent from the author and the information revealed by the data can be 

objective; but if the data only exists because of the authors‟ method of collecting the 

data or other interaction, then the information revealed can be subjective (constructive).   

In realism, an object exists even if there is no name given to it or definition to explain it, 

but in nominalism the subjective sees the names and definitions as arbitrary and the 

structure imposed by the names as artificial (Burrell and Morgan, 2005, p.4). 

 

The purpose of this study is to investigate and produce empirical evidence about a topic 

that compares different types of investment stocks and funds. The historical prices of 

stocks and funds are reported on databases for interested parties to view. The data for 

this thesis will be collected from a reputable financial source, Thomson Reuters 

DataStream, and will therefore not be produced by the author and is independent from 

the author. This means that there will be no subjective interaction or manipulation of 

data used in this thesis and the concepts will be treated as though they exist without the 

research. An independent view will be held when making an analysis of financial 

models and stock index analysis, and the data will not be changed in any way while 

gathering or calculating tests of the data. Therefore, an objective ontological position 

will be made throughout this thesis (Saunders et al. 2009, p.110).  

 

2.3.2 Epistemology 

Epistemology is the study of knowledge (Lawson, 2004, p. 1; Saunders et al. 2009, 

p.112), which can be clarified as “what and how can we know about [something] (Grix, 

2002, p.175)”. The two factors of epistemology most commonly discussed are 

Positivism and Interpretivism. Positivism is explained as the “application of methods of 

natural science to the study of reality (Grix, 2002, p.178)” and Interpretivism is 

described as a strategy that can analyse the differences between subjects and objects of 

natural science and hold a subjective point of view (Grix, 2002, p.178). 

 

In positivism the scientific focus is often placed on the relationships and the common 

traits between variables chosen to analyse (Burrell and Morgan, 2005, p.3); the relative 

knowledge of a phenomena in relation to other phenomena can be studied, not absolute 

quintessence of the phenomena (Mackenzie, 2011, p.535). Therefore, the identification 

and definitions of the components that are exposed (the what), and how the concepts are 

measured are important to the positivist research approach. The result of positivism 



9 
 

research is often to explain a generalizable rule to a population to explain a reality that 

is found in empirical evidence. The Interpretivism approach, on the other hand, focuses 

on methodology that creates and modifies the information, to find what is distinctive to 

the context (Burrell and Morgan, 2005, p.3). Phenomena that lie beyond our own 

observations are significant to the Interpretivism approach (Mackenzie, 2011, p.535). 

 

What will be studied in this thesis is volatility and will be conducted through the 

collection of stock and fund prices. How it will be studied is via statistical tests of data 

and hypotheses. The results will be generalizable to the population of the sample data in 

the US, UK, Japan and the Eurozone and will strive to explain a reality that is found in 

empirical evidence. Therefore, this thesis will study what actually exists, not what the 

authors seeks to interpret, which means it will be produced with a positive 

epistemological position of a natural scientist (Saunders et al. 2009, p.113).  

 

2.3.3 Four Paradigms 

Burrell and Morgan (2005) first published their book sociological paradigms and 

organisational analysis: Elements of sociological corporate life in 1979, which 

describes the philosophies of research methods and creates a quadrant of four 

paradigms. The quadrant forms an understanding that in sociology research authors can 

hold different positions due to regulation or radical change with an objective or 

subjective point of view (see figure 1 below). 

 

 
Figure 1: Four Paradigms (Burrell and Morgan, 2005, p.22) 

 

Burrell and Morgan (2005, p.23) explain that the paradigms are a guideline that can help 

to understand different viewpoints, clarify assumptions and design the research. 

Regulation is meant as the way organisations are regulated and how their framework 

functions, while radical change means the judgment and critical understanding about the 

way organisations should be conducted (Saunders et al. 2009, p.120). Therefore, to help 

clarify the research of this thesis the paradigm suggests that an objective and regulatory 

approach is that of a functionalist. The research in this thesis seeks to explain how the 

investments function in relation to volatility comparisons in different financial markets 

and if this volatility can be predicted through a framework of rules designed by previous 

researchers. 
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2.3.4 Social Aspects in Research 
The functionalist approach has been concerned with an order-conflict debate, which is 

based on subject matters of social order, consensus, need satisfaction, rather than 

change, conflict or coercion in social structures (Burrell and Morgan, 2005, p.26); the 

functionalist takes the former stand point and strives to provide vital rational 

justifications, and practical, pragmatic, problem-solving information. Burrell and 

Morgan (2005, p.29) state that the functionalist paradigm is influenced by many 

theories continually on debate, including integrative theory, social system theory and 

interactionism and social action theory. 

 

Integrative theory is when a researcher uses theory from different influences and 

combines them to construct an understanding to investigate the subject matter. The 

theories of social responsibility in business have integrated over time from corporate 

responsibility to society, then managerial tools of responsiveness and more recently 

values and ethics (Swanson, 1999, p. 507). These theories have combined to become 

Corporate Social Performance (CSP) that mixes normative and descriptive 

methodologies. CSP measures have been used to compare SRIs (Brammer et al. 2006, 

p.114) and can therefore influence the research produced about SRIs and REFs, and in 

turn affect the society that are concerned with the results .  

 

Social system theory is about the relationship between the person and their social 

environment (Stanfield & Sieh, 2012, p.1344). A researcher acts by producing 

information through collaboration with their social environment to gather evidence, and 

therefore is influenced by, and can influence, the social environment. The systems that 

influence this research can be classed as the organisations that include their shares on 

the SRIs and REFs and the database provider; as well as the community organisation of 

the university library for allowing access to the data, and lecturers and supervisors for 

providing knowledge guidance. Also, cultures can be seen as systems of influence, 

which in this case can be multi-cultural due to the author‟s origin in Britain and 

residence in Sweden, plus the author‟s experience of residence in South-East Asia and 

other areas of Europe. However, an objective functionalist stand on research should take 

an independent view so that the research does not inflict any bias on society. 

 

Interactionism theory is about how we interact with each other in society and that the 

interactions create meaning (Lehn & Gibson, 2011, p.316), for example an author‟s 

production of research is a method of interacting with society by providing information. 

This interaction needs to be gauged so that its consequences are acceptable and 

therefore builds a level of responsibility on the researcher, which involves the 

discussion of ethics in research (see section 2.9). The theory of Interactionism also 

involves the idea of how interactions can influence the research, due to a person‟s need 

for acceptance or need to please another; which also leads to the discussion of ethics in 

research (see section 2.9). Therefore, interactions can lead to bias, but an independent 

research position should result in research that does not inflict this bias on society. 

 

Social action theory is when labelling is used to interpret a social interaction (Lehn & 

Gibson, 2011, p.316), for example, the companies on a SRI index may be labelled 

socially responsible which leads investors to believe they are socially responsible. 

However, standards used to create SRIs or REFs can differ with different levels of 

social responsibility, and if standards can differ the label of socially responsible can 

differ in meaning, too. The investor that is conscious about ESG factors may be more 
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concerned with the label of the investment than the risk of loss on returns, and therefore 

need a qualitative study about the standards; but risks of investment measured by 

volatility is still a concern for most investors. Therefore, labelling or defining the 

variables used to conduct empirical evidence must be transparent so that research results 

do not mislead society. 

 

Burrell and Morgan‟s framework can indicate what perspective an author has towards 

society but also how the many theoretical influences intertwine to produce the evidence 

found in research (Hopper & Powell, 1985, pp.429-430). Research can question 

previously made assumptions and viewpoints to reveal new information that can affect 

society and lead to new investigations. The relevance and usefulness of this 

functionalist research in a societal context can therefore be to question the assumptions 

of previous investment studies and the assumptions of volatility models that influence 

investment choices.  

 

The risk of stock market losses can have a detrimental effect on many aspects of 

society, for example, the recent recession of 2007-2009 caused not just losses in the 

financial markets (Cipollini & Fiordelisi, 2012), but economic struggles around the 

world including unemployment and cuts in healthcare, education and social services 

(Strier, 2013) as well as a consequential change in investors‟ and other stakeholders‟ 

behaviours. Understanding volatility in financial markets is therefore very important 

factor of research for many aspects of society, because it gives deeper knowledge about 

volatility that can create better societal behaviours in relation to the investors and other 

stakeholders. Also, investors interested in SRIs or REFs may be concerned with their 

own need satisfaction, which can be fulfilled by increasing their level of knowledge 

about the subject of SRIs and REF investments. 

 

2.4 Research Approach 

Deductive and inductive approaches can be made to research. The method of deriving 

hypotheses from theory to test through empirical evidence is a deductive approach, 

which attempts to describe a causal relationship between two or more variables 

(Saunders et al. 2009, pp. 124-125). Inductive research is the opposite where it builds 

theory. The deductive method is precisely what this thesis is attempting to achieve, 

theory will be discussed and will produce hypotheses that will be tested to reveal 

empirical evidence on the subject of volatility in SRIs and REFs.  

 

Three important factors that Saunders et al. (2009, p125) suggest an author needs to 

consider when producing deductive research is how well the data can be operationalized 

so that the measures can be made quantitative, reductionism is followed so that the 

problem is reduced to its simplest form, and that the sample is of sufficient size so that 

it can be generalizable. These three points will be achieved by an analysis of stocks and 

funds as they are already quantitative. The models used enable a simple form of 

analysis. The sample size will be taken from historical time series data that is 

sufficiently long, and from different countries that can represent a larger population than 

if the study was to be conducted on just the US indices, like many studies have been 

made previously.  
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2.5 Research Design 

The research design will use quantitative, longitudinal and secondary data, because the 

thesis will analyse the volatility of time series data between the year 2007 and 2012 and 

compare between the US, UK, Japan and Eurozone financial markets. Quantitative data 

has been chosen in this thesis because it is a method that can answer the research 

question while holding an objective ontological position and find evidence in a positive 

epistemological manner. Saunders et al. (2009, p.125) state that, while using 

quantitative data, control tests between each variable should be made to ensure casual 

relationships occur due to the variables in question and no other reasons. Control tests 

can be made with the use of statistical analysis of quantitative data, which is discussed 

in the practical method below (see chapter 4).  

 

Cross-sectional data has been popular in previous research while analysing the CAPM, 

SR and JA, but the short-comings of not analysing the changes in development of time 

series data over longer horizons has been recognised (Bali and Engle, 2010; Adrian and 

Franzoni, 2009; King, 2009, p.71; Campbell, 2008, p.17; Kumar et al. 2008). 

Longitudinal data can capture changes and developments over a long horizon, which 

Saunders et al. (2009, p.155) recognise as a strength in method choice and is also why it 

is chosen in this thesis. Longitudinal data can therefore better analyse intertemporal 

volatility, which is the topic of this thesis. 

 

Secondary data will be collected from the Thomson Reuters DataStream database, 

which Cowton (1998, p.425) states holds detailed information about companies 

finances. The use of secondary data can be cheaper and more available than primary 

data, but there can be disadvantages on reliability of data such as accounting values, and 

the feasibility of what is studied such as some event studies (Cowton, 1998, p.431). 

Specifically, Cowton suggests that secondary data can be useful when performing a 

longitudinal study (Cowton, 1998, p.432). 

 

2.6 Literature Search 

The literature search was made through the available sources at Umeå University 

Library, including the EBSCO Host database that has access to the Business Source 

Premier, EconLit and Regional Business news among many other sources; and the 

Google Scholar search engine. The articles citied in this thesis are recently published 

peer reviewed scientific articles or articles citied within these recently published articles 

that have relevant information to the origins of a theory or model discussed in this 

paper. Most of the articles used are published in journals that have been ranked as 

between A+ and B-, according to the ABS academic quality guide (Currie and Pandher, 

2010, p.9). Key words used to find the articles include Volatility, Socially Responsible 

Investments, Renewable Energy Funds, GARCH and Correlations. 

 

2.7 Summary of Research Methodology 

A model has been produced to help summarise the methodology choices that have been 

followed in this thesis (see below). 
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Figure 2: Methodology Model 

 

2.8 Ethics in research 

Codex states that it is important that “research is of good quality and morally acceptable 

(2013)” when considering professional ethics. A definition of research ethics by 

Saunders et al. is,  

“how we formulate and clarify our research topic, design our research and gain access, 

collect data, process and store our data, analyse data and write up our research findings 

in a moral and responsible way (2009, p.184)”. 

General ethical issues that can occur during research include “privacy, voluntary nature, 

consent, deception, confidentiality, anonymity, embarrassment, stress, harm, 

discomfort, pain, objectivity, and quality of research (Saunders et al. 2009, p.188)”. 

Many of these issues involve the participation of respondents in questionnaires or 

interviews, such as embarrassment, stress, harm, discomfort or pain, which will not 

occur in this research thesis due to the nature of data collection. However, other factors 

can be addressed. 

The data this thesis uses is given with consent via the Thomson Reuters DataStream 

database, which holds financial information about different organisations that have been 

voluntarily delivered. The use of the data will follow methods of other respected and 

published researchers, so the methods should not break any laws, rules or regulations 

pertaining to the use of data in research. A sample of SRIs, REFs and CIs will be taken 

in order to represent the population of these indices and funds, which will be selected by 

finding indices based on investments in different countries that have enough historical 

price information to make a generalizable study to the population. This should be 

considered as an objective research approach. The data will not be manipulated in any 

way as if to deceive the reader and tests and model calculations will be clearly 

explained so the reader can follow the methods used and how the results have been 

Research Design 

Quantitative Longitudinal Secondary Data 

Research Approach 

Deductive 

Paradigm 

Functionalist 

Epistemology 

Positivism 

Ontology 

Objectivism 
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produced. Saunders et al. explain that this type of physical and cognitive access to data 

can help to “answer your research question and meet your objectives in an unbiased way 

and to produce reliable and valid data (2009, p.170)”.  

Saunders et al (2009, p.116) point out that the study of Axiology is an area that 

discusses the ethics of value judgments that every person holds, due to the development 

of human interaction. They explain that the very act of choosing a research topic 

represents a value judgment of the author, so one cannot be completely free from value 

judgments while undertaking research. However, an author can control the role that 

values play on each stage of the research process. Saunders et al. (2009, p.116) state that 

this is an important factor to indicate the credibility of the research. Due to the objective 

and positivist position this thesis is pursuing, no further value judgements will be made 

by the author about the data collected, tested and results or analysis of the data other 

than the choices of each stage of the research process. 

Ethical issues in research can also occur due to the appropriateness of behaviour, for 

example, the interaction between student and supervisor or student and organisation of a 

thesis. Coercion, safety, confidentiality, anonymity, privacy, usefulness of research and 

quality of research are some issues that can occur (Saunders et al. 2009, p.188). During 

the formulation and clarification of the research topic, the supervisor of this thesis has 

not coerced the author into writing about a topic that is not her own choice. Also the 

supervisor has agreed that the research gaps observed are worthy of addressing and has 

approved of the chosen methodology and method choices that have been made to 

attempt to answer the research question. During the research design, gaining access and 

collecting data stages, there has been no access coercion and the researcher‟s right to 

safety has not been broken.  

The organisations involved have not had their confidentiality or anonymity rights 

crossed, due to voluntary consent of information available via the Thomson Reuters 

DataStream database. The processing and storing of data do not involve the privacy of 

individuals, due to the organisational voluntary nature of the data collected for this 

thesis research topic. Also, the analysis and report of results have not been coerced by a 

supervisor or any other stakeholder.  
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Chapter 3: Theoretical Framework 

The theoretical framework consists of further information about the relevant theories of 

this thesis. Assumptions will be derived from the theory and presented throughout this 

chapter, which will be used to construct hypotheses in chapter 4. Firstly, an introduction 

to volatility (section 3.1) will precede a review of literature about Socially Responsible 

Investments and Green Funds (section 3.2). Secondly, the theories Random Walk 

(section 3.3), Efficient Market Hypothesis (EMH: section 3.3.1) and Modern Portfolio 

Theory (MPT: section 3.4) will be explained and discussed with a review of recent 

literature; which are the precursors of the models Capital Asset Pricing Model (section 

3.4.1), Sharpe Ratio (section 3.4.2), Jensen‟s Alpha (section 3.4.3) and the development 

of the GARCH model (section 3.5) and EGARCH model (section 3.5.1). I will also 

discuss the different methods of calculating the average return (section 3.4.4) and 

frequency of data (section 3.6). A summary (section 3.7) will be presented with a model 

of the theories included. 
 

 

3.1 Volatility  
Volatility is an important part of understanding the financial markets and is used by 

many to understand asset allocation, risk management, option pricing and many other 

functions. According to Cartea and Karyampas (2011, p. 3319), in finance risk is the 

possibility that the actual return on an investment will not be what is expected. 

Volatility measures the dispersion of the returns over time, which in turn measures the 

risk. Estimating volatility depends on what assumptions and compromises the models 

contain, which affect the variables and results that will be produced (Cartea and 

Karyampas, 2011, p.3319). 

 

The development of fundamental theory of finance explains risk and returns through the 

random walk theory, the Efficient Market Hypothesis (EMH), and the Modern Portfolio 

Theory (MPT). The original random walk theory assumes the volatility to be constant 

over time. Models such as the CAPM, SR and JA have derived from the MPT and 

explain risk as either systematic (market risk) or non-systematic (asset‟s Beta), the first 

cannot be avoided but the second can be diversified away.  The volatility of this risk has 

been originally calculated by the use of the Standard Deviation (SD) of returns with the 

formula, 

 ζi = √ζi² 

(1) 

Where, 

 ζi = Standard Deviation of asset i 

 ζi² = the variance of returns of asset i 

 

The SD is used in the calculation of the Beta risk of the asset in the CAPM model, and 

includes the volatility of the asset against the volatility of the market. Therefore, the 

beta measures the risk of the assets compared to the risk of a market benchmark. The 

SD is also part of the SR, which measures how much excess expected returns an asset 

may give per the amount of risk it contains. The JA is another measure of risk that 

calculates how much actual excess returns a portfolio gives compared to the expected 

predicted returns. 
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The assumptions of the CAPM, SR and JA and the use of the SD are based on normal 

distribution and homoscedastic patterns, but many researchers have found that financial 

data are not normally distributed, skewness and kurtosis exists and data is found to be 

heteroscedastic. Therefore, further development of volatility measurements have been 

created to incorporate factors such as data clustering and asymmetric leverage effects, 

including, the Exponential Weighted Moving Average (EWMA), ARMA and 

ARCH/GARCH models.  

 

The EWMA has a declining weight function with a moving average calculation, which 

means that the weights are bigger for the first return and then the weights decline 

exponentially (Cecchetti, S. and Sigalotti, L. 2013, p.9; Menchero, J. 2012, p.5).  This 

weighting system puts more weight on current returns than earlier returns, which means 

it responds quicker to price fluctuations than the simple moving average. Its formula is 

(Menchero, J. 2012, p.33) 

 

ζ²t = λζ²t-1 + (1- λ) r²t-1 

(2) 

Where, 

 ζ²t = Variance 

 ζ²t-1 = lagged variance 

 λ = Lamda 

 r²t-1 = lagged squared return 

 

The Lamda is a weight that is assigned 0.94 with the Risk Metrics
(TM)

 products at MSCI 

(Menchero, J. 2012). The EWMA assumes that volatility is not constant over time, but 

it does not assume a mean reversion in the long run forecast. To allow for the 

measurement of volatility when it clusters, an autoregressive model (AR) has been 

developed (Koop, 2006, p.213) 

 

∆y²t = α + ϕ∆y²t-1 + et 
(3) 

Where, the volatility ∆y²t in a period depends on the previous period‟s volatility ∆y²t-1.   

In comparison to the EWMA, the GARCH model uses a declining weighted system 

with a moving average, where the weights decline but do not reach zero, and provides 

for a mean reversion in the long-run forecast; plus the use of autoregressive volatility.  

 

These models are based on a method of calculating historical volatility, which assumes 

that historical volatility can help to predict future volatility. Another approach to the 

measurement of volatility is the implied approach, which suggests that the markets can 

predict future volatility. Implied volatility is used for the prediction of option pricing 

and will not be used in this thesis. The costs for an investor of believing in the SD, 

EWMA or EGARCH as a historical volatility measure will be tested. The development 

of theories and models explaining the historical volatility of returns will be discussed in 

more depth in section 3.2.1 below.  
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3.2 Socially Responsible Investments  
Social responsible investments are generally considered as investments that consider 

financial and non-financial factors of an investment (Benson et al. 2006, p.337). There 

has been a mix of results in previous research to whether SRIs give positive or negative 

financial performance and much of the research has tried to analyse the SRIs by 

investigating different factors (UNEP & Mercer, 2007). The major findings that arise 

from the research mentioned in the UNEP & Mercer report (2007) that use the models 

discussed in this thesis are presented in section 3.2.1, because the academic research has 

been described as the highest peer respected level of research on the topic of SRI 

performance; a further review of the literature about SRI and green funds has been 

presented in section 3.2.2 to give more information about recent publications. 

 

3.2.1 Review of the UNEP & Mercer report 

Barnett and Salomon‟s (2006, p.1102) article uses the CAPM to investigate the 

differences within SRI funds, in an attempt to shed light on the characteristics of SRIs 

rather than comparing SRI funds with conventional funds. They study the screening of 

SRI criteria effects on financial performance and find that when moderate social 

screening is applied financial performance weakens, but when a higher level of social 

screening is applied financial performance strengthens. They call this a curvilinear 

relationship (U-shaped). Van de Velde et al. (2005, p.137) use the Fama-French model 

to investigate European SRI Companies and also find that higher sustainability rated 

portfolios performed better than lower sustainability rated portfolios. 

 

Due to the Modern Portfolio Theory‟s view on diversification, screening for funds is 

expected to produce worse financial performance than market rates and contain higher 

costs (Barnett and Salomon, 2006, p.1102; Bauer at al. 2006, p.34; Chong et al. 2006, 

p.407; Bello, 2005, pp.41-42). However, Barnet and Salomon found that when the 

social screening intensifies the financial performance of a fund increases and Bello‟s 

(2005, p.43) study, which uses the JA and SR, found that moral screening of funds has 

little effect on SRI performance. These results indicate that SRI can be well diversified 

even though funds that don‟t pass the screening criteria are eliminated. This represents 

the idea that the better a business manages its social responsibility (or stakeholders) the 

better the financial performance, which stems from stakeholder theory (Barnett and 

Salomon‟s, 2006, p.1105). SRIs gain a competitive advantage with improved financial 

returns over conventional investments in the long run due to the companies‟ relationship 

with their stakeholders.  

 

Brammer et al. (2006, p.114) compare the Corporate Social Performance (CSP) with 

financial performance of a set of UK indices and find that the higher businesses score 

on social performance, the lower the financial returns; and businesses with the lowest 

total CSP score outperformed the market index. Evidence also suggested the 

Environmental and community factors are negatively correlated with returns, but the 

employee factor is positively correlated with returns. Although research results have 

been a little mixed on whether stricter screening produces better financial performance 

than CIs, better performance is based on higher returns and the higher the risk the higher 

the possibility for an investor to gain higher returns.  

 

Bauer at al. (2006), Brammer et al. (2006) and Derwall et al. (2005) research studies 

used the 4 factor Cahart model, which is based on the CAPM but includes the factors of 

the Fama-French 3 factor model plus a momentum factor. The Fama-French 3 factor 
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model includes a size and Book-to-market ratio factor and the Cahart momentum factor 

incorporates how performance changes over time. Other environmental, social end 

employee factors were also used in the regression model of Derwall et al.‟s study. These 

models assume normal distribution with large sample numbers. Geczy et al. (2005) 

compare all three models with a Sharpe Ratio and find that investors who choose to 

believe in the SR and invest in SRIs have experienced the highest level of costs, second 

to the Fama-French and Cahart models, and least costly if the investor believes in the 

CAPM. They also found that the costs are high if investors have invested totally in SRIs 

or if just a third of their investments are placed in SRIs. Therefore, if an investor would 

like to invest only with ESG or green factors in mind they may need to diversify the risk 

to stricter screened investments. Stricter green investments can be found in the 

renewable energy sector, and the higher the volatility the higher the chance of a higher 

return.  

 

Benson et al. (2006) use the SR and a multivariate regression analysis to analyse 

correlations between industries with US indices and find that there are differences 

between SRI and CI weights on different industries in each fund, but that the differences 

were not persistent over time. The results of the SR revealed that there is no statistically 

different stock picking style between SRIs and CIs funds and most do not produce a 

positive SR result. However, in Brammer et al.‟s (2006, p.114) study of UK indices and 

Derwall et al.‟s (2005, p.61) study of US companies there was no statistically 

significant evidence to suggest different industries as a factor that causes differences in 

financial performance between SRI and CIs.  

 

Bauer at al. (2006) compare SRIs with CI in Australia and find that by 2003 the SRIs 

had caught up to attain the same level of financial performance as the CI; and they 

found statistically significant evidence to suggest that Cap size did effect SRIs 

performance. Derwall et al.‟s (2005, p.61) study of US companies found evidence to 

suggest that large cap eco-efficient companies performed best of all and that investment 

style, market sensitivity and industry are factors that do not explain any performance 

difference between SRIs and CIs.  Due to evidence of large cap SRIs outperforming 

small cap SRIs, this factor should be taken into consideration when analysing REFs.  

 

Schröder‟s (2004, p.131) international comparison of US, German and Swiss SRIs with 

CIs found statistically significant evidence to suggest that the Europe-wide FTSE4Good 

index has a negative Jensen‟s Alpha, while all other results were not statistically 

significant. Shank et al. (2005) also use the JA to compare a Vice fund and a SRI fund 

with the S&P500 during a recession period. They found statistically significant 

evidence to suggest that the SRI fund created better returns than the market during a 

recession when investments were made for a 5 or 10 year period (Shank et al. 2005, 

pp.86-87). However, there was no statistically significant evidence to suggest the same 

for the Vice fund. Contradictory evidence about SRI performance during a recession 

indicates additional analysis needs to be made.  

 

Statman (2000, p. 38) used the JA and a modified SR to compare US SRI indices and 

CIs with US socially responsible and conventional mutual funds. Evidence suggested 

that the SRI index was not statistically significantly different to the CI and the socially 

responsible mutual funds were not statistically significantly different to the 

Conventional mutual fund, but both mutual funds performed worse than the indices 

during the 1990s. In Statman‟s (2006, p.15-16) study that compares different SRI 
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indices in the US, the JA and SR were also used and found no statistically significant 

evidence. There was statistically significant evidence to suggest that the SRI indices‟ 

tracking errors were high, which means they do not closely follow the S&P500 

historical returns trend. Each SRI index emphasised different characteristics, such as 

social, environmental or corporate governance. 

 

Chong et al (2006, p.407) compare SRIs with Socially Irresponsible Investments (SII) 

of US indices by using the SR, JA and GJR-DCC GARCH models and suggest they are 

the first to analyse SRIs by using an ARCH-type model. The results of the study 

indicate that the conditional risk of the US indices Domini Social, SP500 and Vice fund 

are lower than the risk calculated by the standard deviation in the normal distribution 

SR. Chong et al. (2006, p.416) conclude that the conditional ARCH models enable a 

more accurate understanding of the daily dynamics of a time series, so trading or 

investment strategies can be observed.  

 

Many of the authors question the methodologies of previous research on SRIs (Barnett 

and Salomon, 2006, p.1101; Derwall et al.2005, p.51; Geczy et al. 2005; Schröder, 

2004, p.131; Statman 2000, p. 38; Van de Velde et al. 2005, pp.136-137), but still 

persist in using models that assume normal distribution and simple linear regression. 

However, Chong et al. (2006, p.416) suggest more accurate model such as the ARCH 

models should be used to investigate SRIs further. 

 

Considering the mixed results made by previous research about whether stricter 

screening produces better financial performance than CIs, the costs that can incur if 

different models are used for financial performance predictions and the effect of a 

market recession on different investments, five assumptions about the volatility of these 

investments can be made; The higher the volatility, the higher the returns. 

 A1: Socially Responsible Investments are more volatile than the Conventional 

Indices  

 A2: Renewable Energy Funds are more volatile than the Conventional Indices 

 A3: Renewable Energy Funds are more volatile than Socially Responsible 

Investments 

 A4: The volatility of Renewable Energy Funds are  not correlated with the 

volatility of Socially Responsible Investments 

 A5: Renewable Energy Funds are more volatile than Socially Responsible 

Investments or Conventional indices during a recession. 

 

3.2.2 Further Review of SRIs and Green Funds 
According to Eurosif‟s (2012) study in 14 of the largest European financial markets 

since 2009, investments in sustainability themed stocks and funds have almost doubled; 

positive screened investments, investments in companies complying with regulations 

and standards, and investments that exclude factors due to ethical choices have all more 

than doubled; and investments that include ESG factors in traditional financial analysis 

and investments that include engagement level in voting rights have risen to a lesser 
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degree. This recent analysis suggests that there is more support for a better performance 

with stricter screening methods. 

 

Tularam et al. (2010) tested the correlations between SRI markets in 15 different 

countries using data from 1994-2009, and found that during a financial distress period 

diversifying to other SRI markets does not help to gain on an investment. However, 

diversification between SRI markets can be beneficial when there is no financial 

distress. This suggests that the risk for SRI markets is too highly correlated during a 

financial crisis, so investing elsewhere may be more beneficial as found by the Geczy et 

al. (2005) study.  

 

If indices and funds which hold stricter ESG standards do perform better than CIs, as 

suggested by Eurosif (2012), Barnett and Salomon‟s (2006, p.1102) and Van de Velde 

et al. (2005, p.137), then an investor may be interested in diversifying their portfolio in 

SRIs and Green funds. However, Mallett and Michelson (2010, p.408) found that green 

investment performance does not differ from SRIs fund or index performance, but there 

is a slight difference between SRI funds and indices, where indices perform better. 

Continuous disagreement between research results on this matter indicates the need for 

additional volatility information about these investments.  

 

Schaeffer et al. (2012, p.937) found evidence to suggest that the financial data in the 

US, when comparing the S&P 500 with the Dow Jones Sustainability Index, showed 

heteroscedastic behaviour. Therefore the authors used a GARCH model to more 

accurately determine the returns and volatility effect of oil companies when joining the 

sustainability index. The results of their study found no change in the volatility or stock 

price of the oil companies when they joined the sustainability index (Schaeffer et al. 

2012, p.941). However, this result may not be the same for all industries.  

 

Gladysek and Chipeta (2012) found that abnormal average excess returns of SRIs can 

be positive after an announcement of a new constituent. However, Oberndorfer et al. 

(2013) found evidence to suggest that the inclusion of some corporations can create a 

negative effect. This suggests the importance of what signals certain companies give 

when joining the index. Schaeffer et al. (2012, p.942) note that their evidence is based 

on short-term effects of the event and cannot infer any long-term possible costs that a 

loss of reputation can have on oil firms if they do not function towards greener goals. 

Scholtens (2011, p.231) investigated the effects of a green fund scheme in the 

Netherlands and found that the funds underperformed the market but a tax benefit 

attached to the fund compensates for this performance difference. He found that the 

funds help to stimulate process and product innovations, the development of other 

sustainable products and raise awareness about green and sustainable issues. Overall the 

research found that green funds are complementary to sustainable development 

progress. Therefore, the more concerned investor may be interested in investing in such 

funds.   

 

Chang et al. (2012) also found that green mutual funds in the US underperform the 

market when using the Sharpe ratio for analysis. Sabbaghi (2011) used the t-GARCH 

model to investigate the performance of Global green indices provided by US Exchange 

Traded Funds (ETFs). He found that there has been positive volatility persistence and 

evidence to support weak-form market efficiency in the green stock universe. Climent 

and Soriano (2011) use the CAPM to compare US green mutual funds and find they 
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underperform CIs but do not perform differently from SRI indices. There does not seem 

to be a lot of research targeting green fund performance and most of what does exist is 

based on US based funds and indices, which is also the same with SRIs. Therefore, 

additional analysis of the US compared to the UK, Japan and Eurozone markets should 

be made, and the sixth and seventh assumptions of this thesis are 

 

 A6: The volatility of Renewable Energy Funds and Socially Responsible 

Investments are not different in different regional financial markets. 

 A7: The volatility of Renewable Energy Funds and Socially Responsible 

Investments are not correlated between different regional financial markets. 

 

3.3 Random Walk 
The random walk theory suggests that all price changes are random deviations from 

previous prices, which means that the prices of today are independent of the prices of 

yesterday so they are only influenced by today‟s information and prices adjust to this 

information (Malkiel, 2003, p.61). Therefore, volatility is assumed as constant over time 

(Koop, 2006, p.212; Gujarati, 2004, p.815), such that 

 

     Yt= Yt-1 + et 

(4) 

Where Yt is the return today, based on yesterday‟s return Yt-1 and an error term et today. 

The theory stems from the idea that information is not predictable so there is no way to 

predict the stock prices of tomorrow. This implies that there is no useful information in 

studying historical stock prices or their returns and that there are no correlations 

between stock prices, instead they are just random.  

 

Many critics have found evidence to suggest that prices are affected by past prices and 

that by incorporating a time lag adjustment in a prediction model greatly increases the 

accuracy of that model (Lueng and Wong, 2010, pp.19-21; Kostakis, 2009, p.465; 

Zakamouline and Koekebakker, 2009, p.1242; Campbell, 2008; Farinelli et al. 2008; 

Ledoit and Wolf, 2008, p.851; Yu et al. 2007; Lo, 2002, p.37). Malkiel (2003) contests 

more modern ideas that there are patterns that deviate from the mean that can be 

predicted and taken advantage of, because he states that this excess return is never large 

enough or consistent long enough for any investor to truly gain more than the market.  

 

A random walk with a drift (et) has been developed to explain that returns drift upwards 

over time if α > 0 (Koop, 2006, p. 212) 

 

 ∆Yt = α + et 

(5) 

Where ∆Yt is the change in returns and α is the intercept, which implies that returns 

increase by the amount of α per period, but are otherwise unpredictable. Both, models 

assume that the time series are stationary; however, most time series have been found to 

be non-stationary so a stochastic trend should be considered (Gujarati, 2004, p.815) 
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 ∆Yt = β1 + β2t + δYt-1 +ut 

(6) 

The null hypothesis is that δ = 0, which means it is non-stationary. Malkiel (2003) still 

argues that there is no best way to predict excess stock volatility because stocks are in 

fact strong form efficient and unpredictable.  

 

3.3.1 Efficient Market Hypothesis (EMH) 
The EMH follows the theory that markets are efficient because they reflect all the 

information available about individual stocks and the market as a whole, and as new 

information is released the prices adjust accordingly (Malkiel, 2003, p.59). Therefore, 

there is no opportunity to gain higher returns by investing in individual stocks in a 

portfolio instead of investing in the market benchmark, under the same level of risk.  

 

Fama (1970, p.383) explains that there are three stages of the efficient market. The first 

is the weak form, where the information available is only the historical prices. The 

second stage is the semi-strong form, where tests are made to see if prices adjust to new 

information. The third stage is the strong form, where certain actors have access to all 

the information available. Fama (1970, p.387) also states the conditions of the EMH, 

which include, 

 

1. There are no transaction costs in trading securities 

2. All information is available to everyone and is costless 

3. All investors have the same expectation about the information and prices of 

securities 

 

These assumptions seem too unrealistic, due to the level of access to information for 

everyone and the individuality that most people have towards their expectations. 

Asymmetric information is the concept that one party has more information than 

another and has been greatly discussed as a prominent factor in business administration 

theory and research. Also, Behavioural Finance is a theory based on psychology that 

suggests that participants influence investment decisions due to the structure that allows 

information to be revealed and the characteristics of participants. There are many 

researchers (Alajbeg et al. 2012) who have found evidence that contradicts the EMH 

idea that all information is known by every participant and that all participants have the 

same expectations.  

 

However, market indices should represent the strong form of market efficiency because 

the market index is used as a benchmark of what to expect if all market information is 

available. Additionally, investors of REFs or even SRIs may not be as well informed 

about the activities in these business sectors so they could represent a weak or semi-

strong form of EMH, respectively. Sabbaghi (2011, p.435) found that the serial 

correlation of returns of green funds in the US were very close to zero, and states that 

this indicates a weak-form market efficiency. A test of semi-strong form market 

efficiency can include a regression or time series test, which is based on historical 

returns and should not be able to predict abnormal returns. 

 

3.4 Modern Portfolio Theory (MPT) 
MPT was established by Harry Markowitz in 1952, which (conversely) developed a 

mathematical formula by taking the historical average returns to forecast future returns, 
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the standard deviation (SD) as an estimate of future risk, and used the correlation 

coefficient as estimated interrelationships between returns (Markowitz, 1952, pp.80-81). 

The theory investigates the expected return-variance of return rule. The expected return 

is described as a weighted return, with the formula 

  
(7) 

Where, 

 E = the expected return 

 Xi = the fixed weighted variable of portfolio i 

 μi = the mean weighted return of portfolio i 

 Σ = the sum of all N= number of securities 

 

The expected variance of return has the formula, 

 

  
(8) 

Where,  

 V = the expected variance of returns 

 ζij = the covariance between two portfolios, i and j 

 

The covariance has the formula 

 ζij = ρij ζi ζj 

(9) 
Where, 

 ρij = the correlation of portfolio i with portfolio j 

 ζi = the standard deviation of portfolio i  

 ζj = the standard deviation of portfolio j 

 

These formulas are then used to choose the assets with a combination of risk and return 

that the investor prefers and then produce a well-diversified or efficient portfolio. The 

optimal portfolio is the portfolio with the largest return but smallest risk, which has a 

small correlation between the assets. This is called the efficient frontier and a set of 

optimal portfolios is called the efficient portfolio set that can be found on the efficient 

frontier (Fabozzi et al. 2012, pp.12-14).  

Fabozzi et al. use a more developed understanding of Markowitz‟s efficient frontier, 

which is also influenced by Markowitz‟s theory of utility wealth and Sharpe‟s (1964, 

pp.427-429) discussion of indifference curves (see figure below), 
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Figure 3: Utility Value (Fabozzi et al. 2012, p.14) 

 In the figure above, the indifference curves u1, u2 and u3 are also known as utility 

curves, which represent combinations of risk and return that have the same utility value. 

Utility value is a term used to describe an investor‟s risk level in combination with the 

return they would like for taking on that risk. The figure above shows that as the 

indifference curve moves further away from the horizontal line the higher the utility. 

The point where the efficient frontier is tangent to the utility curve is the efficient 

portfolio choice. This Utility Theory makes three assumptions; “(1) the overall expected 

utility of a choice is equal to the sum of the probability weighted utilities of all possible 

outcomes; (2) a choice is acceptable if it adds value to the existing asset portfolio; (3) all 

investors are strictly risk-averse (Dichtl and Drobetz, 2011, p.1686)”.   

 

What Markowitz added to the theory of diversification is the idea that as the number of 

assets increases the covariance between these assets also increases, so the risk of the 

portfolio changes (Brown and Walter, 2012, p.44). Fabozzi et al. (2012, p.4) state that 

MPT also gave the first method on how to quantify the expected returns and risk and 

introduced a model that could assess portfolio managers‟ performance (the Sharpe 

ratio). The MPT has been praised, Markowitz won the Nobel prize for Economics, and 

it is still used today in research, in practice and taught at universities (Brown and 

Walter, 2012; Miccolis and Goodman, 2012; Tu and Zhou, 2011). Tu and Zhou (2011, 

p. 204) say that it is still used by many because of its ease of use with real-world factors 

and constraints. Fabozzi et al. (2012, p.3) point out that the MPT was designed to 

calculate expected returns under a standard risk level with normal behaviour, for 

example maximising returns, and that it was not designed to calculate the expected 

returns under exact conditions. This is called a normative theory; something that 

explains what would happen while theoretical constraints are applied. 

 

However, the MPT has been criticised for its simplified assumptions of normal 

distributions, which does not reveal the actual higher chances of loss that financial 

assets incur; using static historical average returns as a forecast method, which are not 

static and ignores the varied market environments that can be found in higher or lower 

return moments; using the standard deviation as the only measure of risk, which ignores 
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the higher and lower deviations of the average returns; and for using a single correlation 

coefficient that does not show the true interrelationship between assets, because many 

factors have produced stresses on the market (Miccolis and Goodman, 2012, pp. 45-46; 

Tu and Zhou, 2011, p. 214).  

 

Tu and Zhou (2011, p. 214) find evidence to suggest that investing equally among all 

assets works better as a rule than Markowitz‟s weighted portfolio suggestion. Jacobs 

and Levy (2012) believe that a return-variance-leverage model should be used, when 

leverage is used in portfolios, so leverage aversion can be calculated to reduce systemic 

events like financial crises. Fabozzi et al. (2012, p.18) state that practitioners don‟t use 

the MPT because it is sensitive when factors change and practitioners find the need to 

modify the return-variance analysis in order to make the models and estimation errors 

more reliable, stable and robust. Miccolis and Goodman (2012, pp. 47-48), also agree 

that a more efficient model of correlation coefficients is needed to capture the 

information needed about financial returns during all market conditions. 
 

3.4.1 The Capital Asset Pricing Model (CAPM) 
The CAPM has been influenced by the Modern Portfolio Theory of Markowitz (Brown 

and Walter, 2012, p.44) and was developed by Sharpe (1964), Lintner (1965) and Black 

(1972). Sharpe‟s (1964, pp.428-430) explanation of the CAPM states how his 

development of the relationship between return and risk is that it is linear. He explains 

risk as the standard deviation of returns and that as the risk increases returns increase. 

 

Sharpe develops Markowitz‟s theory, which only discussed risky assets, and includes a 

riskless asset in the equation. In the figure below, P is the riskless asset and the line 

represents the relationship between risk and return, given the amount of risk that effects 

each combination of risky asset sets A, B and C. This line is called the Capital Market 

Line (CML) (Sharpe, 1964, p. 435). The preference portfolios are those which lay on 

the CML (A*, ϕ, C*), but the optimal portfolio is ϕ. Therefore, investors with 

preferences A* and C* would lend or borrow, respectively, in order to obtain portfolio 

ϕ. Points F and G represent inefficient positions. (See figure 4 below) 

 

 
Figure 4: Optimal Portfolio (Sharpe, 1964, p.34) 
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The CAPM assumes that all investors can borrow or lend at the same interest rate and 

all investors have the same expectations, which Sharpe recognises is unrealistic but 

necessary for a normative theory (Sharpe, 1964, pp.433-444). Sharpe‟s formula of the 

CAPM is described as a market equilibrium theory (1964, p.427). Sharpe explains that 

it is the risk of an asset that arises from the economic environment that is called the 

systematic risk (market risk) and that this risk is correlated with other assets. Systematic 

risk cannot be diversified. The non-systematic risk is found within the company and is 

not correlated with other assets, so it can be diversified. To diversify a portfolio of 

assets, an investor can choose a group of assets that have a low correlation with each 

other. If the assets have a low correlation with each other, their non-systematic risk 

should differ so that an investor would not loose total value if just one asset were to 

decrease in value. 

The figure below shows the variation of returns on asset i due to changes in asset g, 

which is assets i‟s total risk and therefore its systematic risk. Sharpe (1964, p.439) states 

that the risk can be predicted by calculating Big, which calculates the slopes coefficient. 

(See figure 5 below)  

 
Figure 5: Beta (Sharpe, 1964, p.439) 

Therefore, the systematic risk can be calculated and predicted by using a linear 

regression analysis. Lintner‟s (1965) discussion of the CAPM is a detailed explanation 

of the maths behind the linear relationship and adds to the models assumptions, stating 

that all transaction costs and taxes are assumed to be zero. Black explains the CAPM 

assumptions further, stating that all investors want to maximise their investments and all 

investors are risk adverse; and “an investor may take a long or short position of any size 

in any asset” (1972, p. 444). Black explains the CAPM as 

 

 E (Ri) = Rf + βi [E (Rm) – Rf ] 

(10) 

Where, 

 E ( Ri) = the expected return on asset i 

 Rf = return on a risk free rate (usually the value of a ten year bond) 

 βi = the systematic risk of asset i 

 E (Rm) = Expected return on a market (market risk)  

 [E(Rm) – Rf ]= the market premium 

 



27 
 

The development of the Beta (β) is the main addition to the market model. The β is 

calculated as (Jensen, 1968, p.391), 

 

 βj = cov (Rj, Rm) / ζ² (Rm) 

(11) 

Where  

 cov (Rj, RM) = the covariance between the return on asset j and the market return 

 ζ² (RM) = variance of the market return 

 

As covariance is calculated by multiplying the standard deviation between two assets 

and the correlation factor, the beta includes a volatility factor. The β typically ranges 

between 0 and 2, where a β of 1.0 means a stock is as volatile as the market benchmark; 

a β lower than 1.0 means a stock is less volatile than the market benchmark; and a β 

above 1.0 means the stock is more volatile than the market benchmark. Black et al. 

(1972, p.3) point out that the β is often found to be higher than the risk free rate and that 

when the beta is high the alpha is low, and vice versa. This indicates a non-linear 

relationship between the β and excess expected returns. 

 

In a survey made in 2008 by Welch (cited in Da, Guo and Jagannathan, 2012, p.204), 

75% of university professors of finance in the USA recommend the use of the CAPM 

and 73.5% of Chief Financial Officers that responded to a survey also use the CAPM. 

King (2009, pp.62-63) states that many banks in the USA use the CAPM and that the 

Federal Reserve System has used an average of bank CAPM estimates to produce a cost 

of equity for all banks. This indicates how popular the CAPM is today, even though 

there has been some criticism of the model.  

 

Da, Guo and Jagannathan (2012, p.218) investigate the anomaly of real option to 

modify or abandon an existing project and its effect on the CAPM, and adjust for this 

anomaly, which results in evidence that supports the CAPM. Magni (2009) also finds 

the CAPM to be a good tool to use as the discount rate when calculating the Net Present 

Value (NPV) of a project for the capital budgeting process. Grauer and Janmaat (2009) 

find evidence to suggest that the tests of the CAPM that have found the model is weak, 

also prove to be weak and that when a zero-weight portfolio is used the CAPM holds. 

Levy (2010, p.68) also finds evidence to suggest that the CAPM is a good estimator of 

future excess expected returns and states that it works with non-normal as well as 

normal distributions. 

 

However, many researchers (Bali and Engle, 2010; Adrian and Franzoni, 2009; King, 

2009, p.71; Campbell, 2008; Kumar et al. 2008) have found evidence to suggest that the 

CAPM is weak, due to the simple assumptions of the model having constant market risk 

premiums and betas over a long period which are hard to calculate. Campbell (2008, 

p.17) discusses how Merton‟s Intertemporal CAPM (ICAPM) has produced more 

efficient information when predicting excess expected returns, which introduces the 

idea that using the method of a moving average of past returns is a better method than 

the simple average return. King (2009) finds that the CAPM is best used for long term 

horizons or the length of a whole project, because the CAPM does not produce efficient 

information for short term horizons.  
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Adrian and Franzoni (2009) find evidence to support the conditional CAPM by using a 

Kalman Filter method to calculate the Beta. Kumar et al. (2008, pp.1071-1072) find 

evidence to suggest that a Bayesian conditional CAPM gives better results than the 

standard CAPM, because the conditional CAPM can calculate the risk effect of 

company events, dividend or stock repurchases; innovations in market volatility, oil 

prices and foreign exchange; plus the risk of information availability and range of 

information sources. They also note that the systemic risk, calculated by the Beta, tends 

to decline over time immediately following an initiation event of a company‟s life-cycle 

(Kumar et al. 2008, p.1040), which reveals a need for a Bayesian model. Heaton (2007, 

p.6) find evidence to suggest that the β risk should be calculated by summing the beta of 

returns and lagged returns together, for a more efficient calculation of volatility. Bali 

and Engle (2010, p.34) find support for the use of Bayesian model GARCH-in-mean 

with Dynamic Conditional Correlation (DCC) when using a conditional CAPM, and 

also find the unconditional CAPM to be inefficient.  

 

The recent literature about the CAPM has revealed that there are many different 

versions of these models and other measures that can improve the estimated forecasts. 

However, the simple CAPM was the most frequently taught model during my university 

studies at both undergraduate and Master‟s level. The CAPM will be tested in a eighth 

assumption to test if the costs are the same as in Geczy et al.‟s (2005) findings, 

 

 A8: The CAPM model is not a good fit to explain the volatility in stock returns 

of each index. 

 

3.4.2 The Sharpe Ratio (SR) 
Sharpe (1966) introduced the ratio in an article that discusses mutual fund performance 

measurements. It is also used to derive the CML (Lintner, 1965, p.593), discussed 

previously. It is a ratio that can analyse the mutual fund manager‟s ability in doing their 

job (Cvitanic et al. 2008), because the ratio can be used to compare one portfolio with a 

benchmark portfolio to assess how much can be gained. Leung and Wong (2010, p.2) 

say that the ratio can be used to test market efficiency, but Sharpe (1994) says that it 

was created to measure the expected return per unit of risk between two investment 

portfolio choices. The formula is (Sharpe, 1966, p. 122) 

 Sharpe Ratio = (Ei – p) / ζi  

(12) 
Where, 

 Ei = Expected return on portfolio i 

 p = the risk free rate  

 ζi = the standard deviation of portfolio i 

 

The higher the Sharpe ratio (SR) the better the investment opportunity, but an investor 

also needs to consider the level of risk to expected return considered in the portfolio. 

However, Sharpe (1994) recognises that it does not take into consideration the 

correlations between portfolios or among assets. This indicates that the ratio can help an 

investor decide between two or more portfolios, but it is not the only finance measure 

that should be used if the investor wants all the information about the chosen assets. 
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There have been further criticisms about the errors that can be made due to the 

simplicity of the ratio; it does not account for non-normal distributions, skewness, 

kurtosis, fat-tails and hetroscedasticity that can occur with financial data (Ledoit and 

Wolf, 2008, p.851; Lo, 2002, p.37). Lo (2002, p.45) found that funds could be 

overstated by 65% (and also understated) due to the correlations not calculated with the 

use of a SR. These criticisms have led to developments of the SR.  

 

Leung and Wong (2010, p.19) use a Multivariate Sharpe Ratio (MSR) because it can 

gain more efficient results when analysing between many assets‟ ratios. Zakamouline 

and Koekebakker (2009, p. 1243) find evidence to suggest that a Generalised Sharpe 

Ratio (GSR) can estimate the higher moments of a returns distribution to calculate the 

higher utility value, because the measure can adjust for skewness of the distribution. 

They say that the adjustment is relative to the investor‟s preference for skewness and it 

is limited due to the approximations. Ledoit and Wolf (2008, p.1639) have found a 

horizon problem between fund managers and investors due to their differing preferences 

with long and short term investments and the low and high risk that this incurs, 

respectively.  In a survey of 11 different performance measurements, Farinelli et al. 

(2008, p.2062) find that asymmetric ratios are more robust than the SR.  

 

Several researchers have used the Value at Risk (VaR) measure, in many of its forms, to 

substitute for the standard deviation in the SR formula, because the VaR assess non-

normal returns with more efficiency (Lueng and Wong, 2010, pp.19-21; Zakamouline 

and Koekebakker, 2009, p.1242; Farinelli et al. 2008; Yu et al. 2007). The VaR measure 

tries to estimate what the risk is of not gaining the expected returns. The VaR has 

mostly been used by banks and has been developed to be used for portfolio risk 

calculations with the Conditional Value at Risk (CVaR) measure (Miccolis and 

Goodman, 2012, pp. 46-47). The CVaR is used to calculate how much could be lost 

during a recession in the market.  

 

Kuester, Mittnik, and Paolella (2006; cited Lueng and Wong, 2010, p.19) find evidence 

to suggest that although the VaR measure can improve the SR results, the GARCH 

model is superior to all other measures of volatility. Ledoit  and Wolf (2008, p.855) find 

the VaR measure can work well when monthly time series data is used, but if data is 

taken from daily data or shorter periods then a GARCH model would be more precise. 

The GARCH model can be more precise because it does not exclude the outliers when 

modelling volatility, whereas the VaR calculates the tail percentiles (usually 5% or 1%) 

which ignores any outliers that commonly occurs in financial data.   

 

The recent literature about the SR has revealed that there are many different versions of 

this model and other measures that can improve the estimated forecasts. However, the 

Simple SR is the model that was introduced during my university studies at master‟s 

level and will be used to test Geczy et al.‟s (2005) evidence that it can be costly to 

believe in the SR. The ninth assumption is, 

 

 A9: The Sharpe Ratio model is not a good fit to explain the volatility in stock 

returns of each index. 
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3.4.3 Jensen’s Alpha (JA) 
Jensen (1968, p.390) describes the alpha as an absolute measure of a fund manager‟s 

performance, not the performance of the stock or portfolio. Jensen explains how the 

alpha is derived from the CAPM (Jensen, 1968, p.393), 

 

   E (Rjt) = RFt + βj [ E(RMt) –RFt] + ejt 

(13) 

Where,  

 Rjt = the expected return on asset j at time t 

 RFt = return on a risk free rate (usually the value of a T-Bill or ten year bond) at 

time t 

 βj = the systematic risk of asset j 

 RMt = average return on a market (market risk) at time t 

 [E (RMt) – RFt] = the market premium 

 ejt = error of asset j at time t, assumed to be zero 

 

The CAPM equilibrium can be adjusted to reveal how the risk free rate can be 

subtracted from both sides to calculate the risk premium of the j-th portfolio (see 

below). The risk premium is βj[(RMt) – RFt]. Jensen adds that if a fund manager is to 

earn on the investment then the error (ejt) is > 0, so there should be a constant that 

represents this (the αj, see below), 

      

 E (Rjt) – RFt = α + βj [ E(RMt) –RFt] + ujt  

(14) 

The αj then reveals to the investor how much value the manger has added or subtracted 

from the investment. The ujt is an error term, assumed to be zero. A simple 

mathematical equation shows that if we minus the risk premium from both left and right 

sides of the equation above, then the α will be zero. The process is essentially taking the 

CAPM variables from the CAPM result, which will always equal zero. Therefore, if we 

minus the CAPM result of expected returns of an asset from the actual average returns 

of an asset, what is left (α) will reveal how much value the asset manager has added to 

the portfolio. 

 α = Rj – E(Rj) 

(15) 
Where, 

 α = Jensen‟s alpha 

 Rj = actual returns on asset j 

 E (Rj) = expected returns on asset j (CAPM result) 

 

If Jensen‟s alpha (JA) is positive (negative), the manager has added (lost) value on the 

portfolio. Therefore, investors can use the JA to investigate the historical performance 

of a fund manager and cannot predict the fund manager‟s ability. Jensen (1968, pp. 394-

396) describes how the JA can be positive for two reason; first, the manager‟s ability to 

forecast market movements gains positive results; and second, a negative bias from the 

estimated β gives a positive bias in the estimated α.  

 

Criticisms of the JA include the ease of manipulation of the alpha by managers to make 

the appearance of a good fund manager, for example strategic use of the anomalies that 
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produce such high alphas (Kostakis, 2009, p.469). For example, Kostakis (2009, p.465) 

finds evidence to suggest that coskewness should be measured to reveal any 

manipulation attempts; coskewness strategies will produce heterogeneous data which is 

evident in financial data. Therefore, a measure that can reveal information about the 

high moments of residual volatility (heterogeneous data) will perform better than the 

simple CAPM or the JA. Meligkotsidou et al. (2009, p. 278) reiterate the understanding 

that financial data is often heterogeneous, has fat tails, skewness, kurtosis and non-

normal distribution, and they find evidence to suggest that a Bayesian model that 

performs a quantile regression is more efficient in analysing financial data than the JA. 

 

Otamendi et al. (2008, p.7) find evidence to suggest that the persistence of manager‟s 

abilities has been over and under-estimated because methods used to test multiple 

hypotheses have not included confidence interval decisions. They state that this results 

in a “False Discovery Rate (2008, p.3)” of fund managers. Also, Matallin-Saez (2007) 

finds that it is not the choice of model that can give different performances, but the 

choice of factors used in the model that can alter performances. Therefore, comparing 

benchmarks with similar exogenous factors, or using variables within a performance 

model with similar exogenous factors will lead to more accurate results (Matallin-Saez, 

2007, p.1170).  

 

The literature has revealed the pros and cons of the JA, but even with its derivation 

originating from the CAPM, the JA has a different performance objective - measuring 

the manager‟s ability rather than the stock performance. The costs for an investor of 

believing in the JA will be tested in comparison with the SR and CAPM due to its 

popularity among practitioners. Therefore, the tenth null hypotheses is 

 

 A10: The Jensen‟s Alpha model is not a good fit to explain the volatility in stock 

returns of each index.  

 

3.4.4 Average Returns 
To estimate the CAPM, SR or JA an average return needs to be calculated. The CAPM 

uses a calculation of the historical average return of a market large cap index time 

series, typically the S&P 500 for US comparisons, the FTSE 100 for UK comparisons 

or the Nikkei 225 for Japanese comparisons. The SR uses the historical average return 

calculation of a time series to calculate the standard deviation of expected returns; and 

the JA uses information from the CAPM to make its estimation. Therefore, making the 

right calculation to estimate the historical average return influences the results of these 

measures. Two average returns that were introduced during my studies at university 

were the Arithmetic Mean (AM) and the Geometric Mean (GM).  

 

The AM is calculated by the sum of all returns divided by the number of returns (Qi et 

al. 2013, p. 4), 

  
(16) 

Where,  

 Σ = the sum of all 

 ak = returns k 

 n = the number of how many returns 
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The geometric mean is calculated by the use of the formula below (Qi et al. 2013, p. 4), 

   
(17) 

Where, 

 Π = the multiplication of all  

 ak = return k 

 n = number of how many returns 

 

A literature search of recent academic articles on the subject of AM and GM has 

revealed that the preference for one mean over another is still debated. Israelsen (2005, 

p.146), Okumura (2008, p.23) and Moll and Hopfinger (2009, p. 2) point out that 

investments grow in a multiplicative manner, rather than an additive manner, so they 

prefer to use the GM when analysing the annualised returns of financial data. However, 

Heaton (2007, p.10) finds evidence to suggest that the AM is the best method to use 

when calculating the market risk for long and short term horizons. Moll and Hopfinger 

(2009, p. 2) state that the AM would be a good measure only if an investor were to 

invest in a short term (a year or less) because it does not account for compounding 

annual returns. 

 

Jacquier et al. (2003, p.46)  and Indro and Lee (1997) state that when an AM is used 

there can be an upward bias in the forecast and when a GM is used there can be a 

downward bias in the forecast, but a weighted average of the two means can produce an 

unbiased forecast. They find that when the investment horizon increases, the bias 

between AM and GM increases, which can be economically significant for investors. 

Also, their results show that the calculation of a weighted mean can depend on the ratio 

of investment horizon to the sample estimation period.  

 

The moving average (MA) method has also been recognised as a better fit to calculating 

the average return of historical data (Campbell, 2008, p.17). If heteroscedastic patterns 

are present in the data a weighted average should be used (Gujarati, 2004, p. 400). The 

Weighted Moving Average (WMA) is a method of averaging returns through a 

calculation of a subset of returns that moves along the time series, averaging between a 

chosen amount of returns, and uses the second return of the last subset as the first return 

of the next subset in its calculation. Weights can then be emphasised on each subset that 

represent how much more risk one subset holds in proportion to other subsets. The 

WMA is calculated by the formula below (Salcedo, 2003, p65), 

 

WMA = Σ (Wi * Ri) / Σ Wi   

(18) 
Where,   

 Σ = sum of all 

 Wi = weight at period i 

 Ri = return at period i 

 

The WMA can be used as a proxy for the conditional mean, which is frequently used in 

time series analysis. The use of a WMA for market return calculations with the CAPM, 
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SR and JA could give more accurate information than the simple AM, GM or MA 

calculations.  

 

3.5 Generalised Autoregressive Conditional Hetroscedastic (GARCH) Model 
The ARCH/GARCH models are a relatively more modern approach to modelling 

volatility and have been developed by researchers in response to the acknowledgement 

that traditional models, such as the CAPM, do not capture the time varying effect that 

volatility possess; and the assumptions behind traditional models have become 

considered as too unrealistic.   

 

Bollerslev (1986) explains how the GARCH model has developed from Robert Engle‟s 

use of the Autoregressive Conditional Hetroscedastic (ARCH) model, due to the need to 

be able to model a more efficient lag structure than the ARCH model‟s “abstract linear 

declining lag structure” (Bollerslev, 1986, p.307).  He continues to say that the ARCH 

(q) process uses a linear function of past sample variances as the conditional variance, 

but the GARCH (p,q) process uses a lagged conditional variance like an “adaptive 

learning mechanism” (Bollerslev, 1986, p.309). The GARCH (p, q) process is, 

 

 
(19) 

Where, 

 εt = real-valued discrete-time stochastic process  

 Ψt = the information set of all information at time t.  

 N (0, ht) = The distribution, so the mean is 0 and the variance is ht 

 p ≥ 0, q > 0 α0 > 0, αi ≥ 0, I = 1, …, q, βi ≥ 0, I = 1,…, p. 

 

A discrete-time stochastic process is a sequence of random variables as found in a time 

series of financial data. The εt has a linear regression of  

 

 εt = yt -xtb 

(20) 

Where, 

 yt =  dependent variable 

 xt = vector of explanatory variables 

 b = vector of unknown parameters 

 

The GARCH effect can be used as a conditional volatility measure in a market model, 

instead of assuming the errors are zero (Schaeffer et al. 2012, p.939). For example, 

 

 E (Ri) = μ+ Rm + εi 

(21) 
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Where, 

 μ = conditional mean  

 εi =conditional volatility as explained above 

 E(Ri) = the expected return on the asset 

 Rm = weighted moving average return on market 

 

According to Bollerslev (1986, p. 311) and Engle (2001, p.160), the simplest version of 

the GARCH model is the GARCH (1, 1) process of conditional volatility (Bollerslev, 

1986, p. 311), 

 

 ht = α0 α1 ε²t-1 + β1 ht-1 

(22) 

Where,  α0 > 0,  α1 ≥ 0,  β1 ≥ 0 

 

A (1, 1) process means that there is 1 autoregressive lag (α1) and 1 moving average lag 

(β1). The assumption of this stationarity is that α1 + β1 < 1. The GARCH (1, 1) process 

is said to measure leptokurtosis (heavy tails), which is common in financial data 

(Bollerslev, 1986, p. 313). Bollerslev also states that autocorrelations and partial 

autocorrelations of squared residuals can be used to identify and check for GARCH 

process in financial data. 

 

As mentioned previously, there have been many researchers who have recognised the 

weakness in the assumptions of normality theory based models such as the CAPM, SR 

and JA (Lueng and Wong, 2010, pp.19-21; Adrian and Franzoni, 2009; King, 2009, 

p.71; Kostakis, 2009, p.465; Zakamouline and Koekebakker, 2009, p.1242; Campbell, 

2008; Farinelli et al. 2008; Ledoit and Wolf, 2008, p.851; Yu et al. 2007; Lo, 2002, 

p.37). Many researchers have also found evidence to suggest that the use of a model that 

can measure Bayesian time lagged returns would be more efficient than the simple 

CAPM, SR or JA (Chuang et al. 2012; Engle and Sokalska, 2012; Liu, S. and Tse, Y.K. 

2012; Rangel and Engle, 2012; Rodriguez and Ruiz, 2012; Watanabe, 2012; Bali and 

Engle, 2010; Anderson et al. 2009; Meligkotsidou et al. 2009, p. 278; Kumar et al. 

2008, p.1040; Heaton, 2007, p.6).  

 

Engle (2001) and Lueng and Wong (2010, p.19) explain the development of the ARCH 

and GARCH models and how they can be used to measure a more accurate picture of 

the VaR. More precise models that can measure volatility is important for investors to 

better understand the risk of their investments and how the investments respond to news 

events in their economic environments (Engle, 2001, p.166). Engle points out that there 

are many developments of the GARCH model, including the asymmetric Exponential 

GARCH (EGARCH) and Threshold GARCH (TARCH) models and many multivariate 

version of the GARCH model.  

 

In their discussion about the CAPM, Bali and Engle (2010, p.34) suggest the use of the 

multivariate DCC-mean-GARCH model because it can measure the correlations 

between assets with more accuracy. Rodriguez and Ruiz (2012, p.29) state, that the 

EGARCH and TARCH models function best when modelling the leverage effect, 

because they have less restrictions than the GJR-GARCH or the GQARCH model. 

Chuang et al. (2012, p.7) suggest the use of the GJR-GARCH model when investors 

would like to analyse the relationship between trading volume and stock returns or 
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between trading volume and volatility.  Liu and Tse (2012, p.5) suggest the use of the 

EGARCH model due to its ability to estimate daily data and intraday data accurately. 

Watanabe (2012, p.78) finds, that the Realized Volatility (RV) GARCH model 

measures volatility better than the EGARCH model, when a skewed Student t-

distribution is used.  

 

Rangel and Engle (2012, pp.109-110) suggest the Factor-Spline-GARCH model when 

high and low frequency correlations need to be captured with more precision. Recently,  

Engle and Sokalska (2012, p.81) suggest an improved intraday volatility forecasting 

model (with no name) which they find evidence to suggest gives better volatility 

forecasts than previous models; and that results show that pooling regressions give 

better forecasts than making a company-by-company estimation. Evidently, there are 

many improved volatility measures that can produce more accurate information about 

the response of an asset to information in the economic environment, but is this 

information significant enough to suggest that one measurement differs enough from 

other measurements.  

 

3.5.1 Exponential GARCH (EGARCH) 
The EGARCH model was established by Nelson in 1991 (Rodriguez and Ruiz, 2012, 

p.14), which was developed to capture large positive and negative shocks to the 

variance that can occur in financial data. The EGARCH model does not have any non-

negativity restraints, which the GARCH (1, 1) model contains, and the EGARCH model 

can calculate any asymmetric reaction to the possible negative and positive historical 

returns (Nelson, 1991, p.351; Brooks, 2009, p. 129; Rodriguez and Ruiz, 2012, p.14). 
The EGARCH model has the formula (Rodriguez and Ruiz, 2012, p.14), 

 

log ζ
2
t = ω + β log ζ

2
t−1 + α|εt−1| + δEεt−1 

(23) 

Where, 

 ω = Constant 

 β log ζ
2
t−1 = logged lagged variance 

 α|εt−1| = Conditional lagged error 

 δEεt−1 = leverage (asymmetric) effect 

 

The model is a good fit if the Alpha (α) and Beta (β) coefficients are positive and the 

leverage (δ) coefficient is negative. The leverage effect is a concept established by 

Black (1976) that evidence suggests that when the volatility increase the stock price 

falls, caused by the change in valuation of a business‟ equity due to its level of leverage 

(debt to equity ratio), so that an increase in leverage causes an increase in stock 

volatility (Black, 1976; Figlewski & Wang, 2000, p.2). 

 

Restrictions of the EGARCH model include β < 1, always stationary with Normal or 

Generalised Error Distribution (GED) with a parameter v < 1 (Nelson, 1991, pp.352-

353; Rodriguez and Ruiz, 2012, p.14). Rodriguez and Ruiz point out that the 

autocorrelations rate of decay is not constant and the exponential factor in the EGARCH 

model creates a bigger effect on the volatility of a time series when there is a big return, 

than with a simple symmetric GARCH model. 
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Due to possible positive and negative returns in financial stock data of the indices that I 

will be investigating, the EGARCH model will be used to investigate the volatility of 

each index. The cost for the investor in believing in the EGARCH will be tested and 

compared to the results of the CAPM, SR and JA. During my literature search on SRIs I 

have found very few research articles that have investigated the performance of SRIs by 

using a Bayesian model such as the GARCH model. Therefore, it would not only be 

useful to investors who are interested in SRI to have more information about SRI 

performance, but it would also be a test of robustness for the EGARCH (1, 1) model to 

be used in the different context of SRIs. Therefore, the eleventh assumption is 

 

 A11: The EGARCH model is not a good fit to explain the volatility in stock 

returns of each index. 

 

3.6 Daily or Monthly data  
Almost all the research discussed in the UNEP & Mercer (2007) report about the 

performance of SRIs has chosen to use monthly periodic data to analyse the indices 

(Schröder, 2004; Van de Velde et al. 2005; Geczy, 2005; Shank et al. 2005; Statman, 

2006; Bello, 2005; Derwall et al. 2005; Barnett and Salomon, 2006; Brammer et al. 

2006; Benson et al. 2006; Bauer et al. 2006). Chong et al.‟s (2006) research is the only 

paper in the UNEP & Mercer report that used daily data and a GARCH process to 

calculate volatility. The EMH implies that the more information a researcher or investor 

uses, the more efficient their analysis or predictions should be; the higher the frequency 

of data used the more consistent the results will be (Cartea and Karyampas, 2011, 

p.3320). However, too much information can also decrease the quality of information.  

 

Daily and intraday data has been used to investigate the over and under-reaction of 

stock prices to information and the mid or long-term effect, or good and bad news 

(Klößner et al. 2012, p.1162). Klößner et al. (2012, p.1163) find that over-reaction is 

correlated with high volatility ratios after bad news events and suggest further analysis 

of intraday volatility and risk relationship is needed. Daily or intraday data has also 

been used to investigate the effect of trading volume and returns on stock markets, and 

correlations have been found due to the price impact, common influence effects such as 

latent public information arrival, and intra-period feedback trading (Ülkü and Weber, 

2013, p.2733). Ülkü and Weber (2013) investigate how intraday feedback information 

can affect traders‟ choices and in turn effect returns on stock markets, and find a 

positive relationship between the two when analysing daily data.  

 

Ledoit and Wolf (2008, p.855) state that if daily or intraday data is used, models such as 

the GARCH process can be more efficient in predicting volatility. Dichtl and Drobetz 

(2011, p.1691) state that using daily data with a moving window approach is the most 

efficient way to investigate time series data due to its overlapping of data performance, 

preservation of dependency effects and periodic (window) analysis. Cartea and 

Karyampas (2011, p.3320) find evidence to suggest that the more frequent data that is 

used to find the optimal portfolio choice the more accurate the estimations have been, 

and that using different frequency data can indicate different optimal portfolios on the 

efficient frontier. They also note that when frequencies higher than daily samples are 

used, the realised volatility should be calculated. 

 

If most research about SRI performance has been made by using monthly periodic data 

then there is a need for additional comparison of results with monthly and daily periodic 
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data. A time series analysis of historical financial data includes volatility over an 

intertemporal period, which requires different factors of time to be assessed. Therefore, 

the twelfth assumption is 

 

A12: Monthly and Daily data samples produce different volatility results. 

 

3.7 Summary  
In the literature review there does not seem to be much information about the volatility 

of Green Funds or SRIs. Volatility is an important part of understanding the financial 

markets and is used by many to understand asset allocation, risk management, option 

pricing and many other functions. As Geczy et al. (2005) discovered an investor can 

experience costly advice if they are to believe in different performance measures over 

others. Therefore it is important for investors to understand as much about the quality of 

the performance measures as possible.  

 

SRIs have been investigated by using a mixture of performance measures, most 

predominantly the CAPM, SR and JA. These three models have been influenced by the 

theories of Efficient Market Hypothesis and the Modern Portfolio Theory, but each 

model measures slightly different performances of a stock or portfolio. The CAPM 

measures the expected return by including historical return performance of a stock or 

portfolio and a market index in a linear relationship with a risk-free rate. The CAPM 

therefore measures how much more than the risk-free rate that the stock or portfolio is 

expected to return in a given future period. The SR measures how much more than the 

risk-free rate an expected return on a portfolio is expected to be per level of historical 

volatility of that portfolio, and is used to compare two or more portfolios‟ performance. 

The JA is used to calculate how much expected excess return is actually produced 

compared to the expected performance level, and is therefore used as a measurement of 

a manager‟s past performance. Previous research about SRIs has not included more 

recently developed volatility measurements, such as the GARCH models, that have 

been proven to produce more accurate information about predicted volatility.  

 

Other factors that can also influence the results of previous studies include the lack of 

information from financial markets other than the US, the periodic data chosen such as 

monthly, daily or intraday data, and a comparison of results from stricter screened 

portfolios such as Green Funds in the renewable energy sector. Therefore, the literature 

review has found a research gap to investigate the volatility performance results of 

SRIs, REFs and CIs by using the different models CAPM, SR, JA and EGARCH, and 

monthly and daily data from different financial markets to compare results.  

 

Research has criticised the random walk theory and the simple CAPM, SR and JA 

models, however, Malkiel (2003) still contests that there is no best way to predict 

excess stock volatility because stocks are in fact strong form efficient and unpredictable. 

Therefore, the subject of measuring volatility is still on debate. The results of this thesis 

should contribute more information to investors, portfolio managers and academics 

about SRIs and REFs and indicate which, if any, performance measures should be 

considered in future analysis. 
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The model below is a summary of the theories that have been addressed in this chapter 

and it represents the factors that have influenced the performance models, which will be 

applied in this thesis.  

 
Figure 6: Theory Model 

 

Random Walk 
Theory 

•Price changes are random deviations 
from past prices! 

Efficient 
Market 

Hypothesis  

•Depends on how much information! 

•Weak Form 

• Semi-Strong Form 

• Strong Form 

 

Modern 
Portfolio 
Theory 

•Can Returns be predicted? 

•CAPM = Expected Return 

• Sharpe Ratio = Expected Excess Return / Volatility 

• Jensen's Alpha = Past Excess Return 

Average 
Returns 

• How to compute the Average return 
• AM/GM      or 

• MA/WMA 

Volatility 

• and the Risk? 
• Standard Deviation /EWMA      or 

• GARCH process 
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Chapter 4: Practical Method 

The practical method will introduce the hypotheses (section 4.1), explain the population 

and sample (section 4.2) and time horizon (section 4.3) and describe the variables 

(section 4.4) and statistical tests (section 4.5) to be calculated. The process of the data 

collection (section 4.6) and a critique on the sources of data and quality of results will 

be addressed (section 4.7). 
 

4.1 Hypotheses 
The assumptions produced in the previous chapter derive from a literature review of 

SRIs and green funds as well as theory that influence the volatility models that will be 

used in this thesis. The assumptions have been reformulated into hypotheses and the 

hypotheses will be tested with the use of statistical inference in order to answer the 

research question, 

 

 How does the predicted volatility compare in Socially Responsible Investments, 

Renewable Energy Funds and Conventional Indices between different financial 

markets when different models are used? 

 

Hypotheses 1 to 6 will be tested by using the models to measure volatility in each index, 

in each financial market, during a downward trend in financial markets (2007-2013), 

and used to answer the comparison hypotheses. Hypotheses 7 to 12 will use statistical 

inference to test if the models are a good fit to calculate volatility of SRIs, REFs and 

CIs‟ returns. These results can then be used to compare volatility between indices and 

funds in different financial markets, and therefore answer the research question. I have 

presented the hypotheses in part 4.1and the statistical tests of the hypotheses have been 

explained further in part 4.5. 

 

4.1.1 Hypotheses 1 and 2 
Due to contradicting results between previous research evidence that have compared 

indices and funds with different levels of screening or ESG factors, the first two 

hypotheses will test SRI and REF indices‟ volatility in comparison with CIs. Therefore, 

the first two hypotheses will answer the research question in relation to comparing 

volatility between CIs and stricter ESG factor indices. 

  

 H0  1: The returns of Socially Responsible Investments are not more volatile than the 

returns of Conventional Indices  

 Ha 1: The returns of Socially Responsible Investments are more volatile than the 

returns of Conventional Indices  

 

 H0  2: The returns of Renewable Energy Funds are not more volatile than the returns 

of Conventional Indices 

 Ha  2: The returns of Renewable Energy Funds are more volatile than the returns of 

Conventional Indices 
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4.1.2 Hypothesis 3 
Previous research has also produced contradicting information about whether it is good 

to diversify between SRIs, so hypothesis 3 and 4 will test to see if investing in green 

funds is more volatile than investing in SRIs and whether diversifying between the two 

funds is beneficial. Therefore, hypothesis 3 and 4 will answer the research question by 

comparing volatility between SRIs and REFs, 

 

 H0 3: The returns of Renewable Energy Funds are not more volatile than the returns 

of Socially Responsible Investments 

 Ha 3: The returns of Renewable Energy Funds are more volatile than the returns of 

Socially Responsible Investments 

  

 H0 4: The volatility of the returns of Renewable Energy Funds are not correlated 

with the volatility of the returns of Socially Responsible Investments 

 

 Ha 4: The volatility of the returns of Renewable Energy Funds are correlated with 

the returns of Socially Responsible Investments 

 

4.1.3 Hypotheses 5, 6 and 7 
Based on previous research other factors have come to light, such as the effect of an 

economic recession on SRIs, and regional analysis; therefore additional analysis of 

REFs will be made in light of these factors. Hypotheses 5, 6 and 7 will answer the 

research question by comparing volatility of indices and funds and selecting a data 

period during the recent downward trend in financial markets in the US, UK, Eurozone 

and Japan from 2007- 2013. 

 

 H0 5: The returns of Renewable Energy Funds are not more volatile than the returns 

of Socially Responsible Investments or Conventional indices during a recession. 

 Ha 5: The returns of Renewable Energy Funds are more volatile than the returns of 

Socially Responsible Investments or Conventional indices during a recession. 

 

 H0 6: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are not different in different regional financial markets. 

 

 Ha 6: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are different in different regional financial markets. 

 

 H0 7: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are not correlated between different regional financial 

markets. 

 Ha 7: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are correlated between different regional financial markets. 
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4.1.4 Hypotheses 8 to 12 
Hypotheses 8 to 11 will determine which model or models fit best to explain the 

volatility of stock returns in SRIs, REFs and CIs. Therefore, theses hypotheses will 

answer the research question by calculating the volatility as best as the models set 

out to achieve. Hypothesis 12 will determine the best frequency of data sample to 

collect and analyse for time series stock data sample analysis. 

 H0 8: Each data set of returns is not normally distributed. 

 Ha 8: Each data set of returns is normally distributed. 

 

 H0 9: Each data set of returns is not independent. 

 Ha 9: Each data set of returns is independent. 

 

 H0 10: Each data set of returns is not autocorrelated. 

 Ha 10: Each data set of returns is autocorrelated. 

 

 H0 11: Each data set of returns does not indicate conditional volatility. 

 Ha 11: Each data set of returns does indicate conditional volatility. 

 

 H0 12: Monthly and Daily data samples do not produce different volatility results. 

 Ha 12: Monthly and Daily data samples do not produce different volatility results. 

 

4.2 Population and Data Sample 
The studied population is composed of SRI, REF and CI indices and funds in the US, 

UK, Japan and the Eurozone. Different financial markets have been used to enable a 

regional comparison. The criterion used for the data sample selection of SRIs and CIs is 

previously researched indices of US and UK financial Markets. In Europe and Japan, 

however, there has not been a lot of research so the choice of similar amount of 

constituents and small to large cap weighted indices was chosen. The criterion used for 

the choice of REFs was investments in the companies or projects that were situated in 

each financial market, that solely work in the renewable energy market. Many green 

funds exist that state they are an investment in renewable or clean energy companies, 

but then use constituents that include gas and oil companies (such as, Powershares 

Windhill Clean Energy). Therefore, funds that represented stricter screening methods 

towards environmental factors were chosen to be able to represent and test previous 

research findings.  

 

The sampling method is known as stratified random sampling (Saunders et al. 2009, p. 

228), due to this method of dividing the population into regional groups of the US, UK, 

Japan and the Eurozone, then using data of 5 years long or larger, and then the use of a 

systematic sample to finally choose the SRI, REF and CI for each region. Systematic 

sampling takes a sample at a regular interval from the frame of the sample available, 

which can be done by using a sample fraction of actual sample size/ total population 

(Saunders et al. 2009, p. 226). The indices included in the sample include the Domoni 

Social Index (1990), the Guinness Atkinson Alternative Energy Fund (2006) and the 

S&P 500 (1957) for the US; the FTSE4Good index (2001), the Ventus fund (2005) and 

the FTSE All Share index (1962) for the UK; the FTSE4Good Japan index (2004), the 

Nikko Eco fund (1999) and the Nikkei 225 (1950) for Japan; and finally the STOXX 

Europe Sustainability index (2001), the DAX Renewable energy Index (2003) and the 

Euro STOXX (1991) for the Eurozone.  
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4.3 Time Horizon 
The indices have different lengths of historical data, so the shortest time horizon on 

each index has been chosen to give an equal horizon analysis. Therefore, the time 

horizon of this analysis will be from January 1
st
 2007 until December 31

st
 2012, which 

is 6 years of data. Although shorter time horizons can give different information than 

longer time horizons, the Beta (β) has proven to work better under shorter time horizons 

(Bali and Engle, 2010; Adrian and Franzoni, 2009; King, 2009, p.71; Campbell, 2008; 

Kumar et al. 2008). Therefore, comparisons of the different performance models should 

be strengthened by the elimination of this bias. If the time horizon is longer than about 

15 years the sample can be considered a bad representation of current price information 

and therefore irrelevant for stock price information today; therefore most research uses 

between 5 and 15 years as a sample for financial data analysis (Chang et al. 2012, 

p.696).  

 

Moskowitz et al. (2012) found evidence to suggest that one year past time horizons can 

predict a positive excess return for the next month, but this reverses after a longer 

predicted time horizon. Therefore, using more than one year historical time series to 

predict future volatility for one year could remove the anomalies of the short-term 

activities. This thesis will follow Moskowitz et al.‟s evidence by using a 6 year 

historical past returns period to predict a one year period of volatility, which can reveal 

significant findings that can be otherwise hidden by the use of the same time period for  

historical and prediction horizons (Moskowitz et al. 2012, p.230). 

 

Additionally, the daily and monthly historical prices will be taken from the Thomson 

Reuters DataStream database. Different periodic data has been chosen due to previous 

research evidence suggesting that results can differ with monthly and daily data (Ledoit 

and Wolf, 2008, p.855; Moskowitz et al. 2012, p.230), and the longitudinal aspects of 

the analysis require an analysis of time in an intertemporal manner. 

 

4.4 Variables 
The log returns and lag returns are two variables that will be calculated to make the tests 

for each model. The lag returns are a set of data points lagged one position back, so the 

day before for daily data and the month before for monthly data. The lag returns can 

then be used as past returns to test the log returns for the assumptions of the four 

models. The NUMXL software program can calculate both variables. 

The variables in the CAPM model include (Jensen, 1968, p.393), 

 

 E (Rjt) = RFt + βj [ E(RMt) –RFt] + ejt        (13) 

 

The return on the risk free rate (RFt) is usually the value of an average ten year bond, 

which will be chosen for each set of indices in their respective countries. Therefore, the 

set of indices in the USA will use a risk free rate of the T-Bill; the sets in the UK and 

Japan will use the ten-year bond in their respective countries; and the set of indices for 

Europe will use the ten-year bond given by the European Central Bank (ECB). Market 

analysts provide this information and I will use the Thomson Reuters database 

DataStream to retrieve this information. 
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The Beta (β) is calculated in the EXCEL program. A linear regression of the individual 

index against the market index gives the β with a statistical significance p-value test of 

0.05 at a confidence level of 95%.  

The return on a market (RMt) can be calculated by finding the average return on a 

benchmark market index. I will use the WMA because it reduces the bias found 

between AM and GM. The benchmark indices are the S&P 500 for the US, the FTSE 

All Share for the UK, the Nikkei 225 for Japan and the Euro STOXX for the Eurozone.  

The variables in the Sharpe ratio include (Sharpe, 1966, p. 122), 

 

 Sharpe Ratio = (Ei – p) / ζi (12) 

 

The expected return (Ei) and the risk free rate (p) will be given by the CAPM variables 

and the standard deviation (ζi) can be calculated by the EXCEL software. The variables 

in the Jensen‟s Alpha can also be calculated by using the CAPM variables. As 

mentioned above, the EGARCH model parameters can be calculated by the EXCEL 

add-in software program NUMXL. Also, the EGARCH market model parameters, 

including the conditional mean, can be calculated by the NUMXL EXCEL add-in 

software program. The EGARCH market model variables include, 

 

 E (Ri) = μ+ Rm + εi (21) 

 

Where, 

 μ = conditional mean  

 εi =conditional volatility (EGARCH process) 

 E(Ri) = the expected return on the asset 

 Rm = weighted moving average return on market 

 

4.5 Statistical tests 
The Microsoft Excel software program with the NUMXL add in will be used to test and 

model the data. NUMXL is software that enables advanced time series analysis tools to 

be used with the EXCEL software program, and is designed by Spider Financial (2014).  

 

4.5.1 Normal Distribution 

Normal distribution will be tested by the use of the Jarque-Bera test, because it can 

account for large sample sizes (Spider Financial, 2014). 

 

 JB = n/ 6 (S² + K²/ 4) ~ X²v = 2 

(24) 
 

Where, 

 S = the sample skew 

 K= the sample excess kurtosis 

 n = the number of non-missing values in the sample 

 JB = the test statistic; JB has an asymptotic chi-square distribution 
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If the p-value level is less than or the same as 0.05 at a 95% confidence level then the 

assumption of normality is rejected (Pallant, 2007, p.62).  Therefore, the hypotheses are 

 

 H0: χ ~ N (.) 

 Ha: χ ≠ N (.) 

Where, 

 Χ = data sample 

 N (.) = normal distribution 

 

The Jarque-Bera test checks if skewness is 3 and kurtosis is 0; if skewness and kurtosis 

are both zero then the distribution is perfectly normal (Pallant, 2007, p.56), but if 

skewness is far from 3 and kurtosis is far from 0 then the distribution is not normal.  

In the figures below, there are examples of what a positive (left skewed), zero or 

negative (right skew) skewness pattern looks like, as well as kurtosis greater than 

(leptokurtic), smaller than (Platykurtic) or equal to 3 (Mesokurtic) (Gujarati, 2004, 

p.887; p. 402). 

 

 

Figure 7: Skewness and Kurtosis (Gujarati, 2004, p.887) 
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A symmetrical skew that is mesokurtic is otherwise known as a normal distribution, 

leptokurtic is when the data shows a long fat tail and platykutic is when the data show 

short tails. Quantile-Quantile plots (Q-Q plots) can show the pattern of distribution and 

can be helpful in determining any asymmetry that may occur. In the figure below, (a) 

shows a homoscedastic pattern, (b) to (e) show different heteroscedastic patterns. (c) is 

linear and (d) and (e) show quadratic relationship between the residuals u² and Y.  

 

Figure 8: Homo- and Heteroscedasticity (Gujarati, 2004, p.402) 

 

According to Gujarati (2004, p.403), if heteroscedasticity is present in the data the data 

needs to be transformed and models that can measure this factor need to be considered. 

 

4.5.2 Stationarity and Transforming Returns  

Stationary or non-stationary trends can be observed in a line graph of stock prices. An 

Augmented Dickey Fuller test can be made to check stationarity, using the formula 

 

η = ϒ/SEϒ 

(25) 

Where, 

 η = Test statistic 

 ϒ = the estimated coefficient 

 SE = the standard error 

  

The null hypothesis is 

 

 H0: ϒ= 0 

 Ha: ϒ < 0 
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The test statistic is compared to a critical value of the ADF and if it is less than the 

critical value, and the p-value at 0.05 or less at a 95% confidence level, the null 

hypothesis can be rejected (Spider Financial, 2014). The ADF is a unit root test 

sometimes called a random walk test. If the prices are not stationary, as expected, the 

continuously compounded returns will be calculated by the formula, 

 

 R= ln (St+1) – ln (St) 

(26) 

Where, 

 R = the return 

 Ln = the log normal function 

 St = the stock price of today 

 St+1 = the stock price of tomorrow 

 

The log returns can be tested again for stationarity. The R² test will be used because it 

can reveal how much of the variance in the log returns (dependent variable) is explained 

by the linear regression model (Pallant, 2007, p.158). The Analysis of Variance 

(ANOVA) test can investigate if the variables are not independent by giving a 

significance level of 0.05 or less at a 95% confidence level. If the variables are 

independent, it indicates that the variables are not influenced by each other (Pallant, 

2007, p.203). The hypotheses are, 

 

 H0: μ1 = μ2 = …=μk 

 Ha: μ1 ≠ μk 

Where, 

 μ = independent variable 

 k = number of independent variables 

 

4.5.3 Autocorrelation 

A correlogram can test for convergence of autocorrelations, which shows if the weights 

of autocorrelations decline towards zero. The Autocorrelation Function (ACF) is given 

by the formula (Gujarati, 2004, p.808) 

  

 ρk = ϒk / ϒ0  

(27) 
Where, 

 ϒk = covariance at lag k 

 ϒ0 = variance 

 

The hypotheses of this test are 

 

 H0: ρ1 = ρ2 = …= ρk = 0 

 Ha: ρk ≠ 0 

 

Where, 

 ρ = correlation 

 k = number of correlations 
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This will indicate if the time series are stationary or need to be transformed. The log-

normal returns will be used as a transformation of stock prices from non-stationary to 

stationary returns, which is a necessary process for modelling future estimations of 

volatility of returns (Gujarati, 2004, p.403), and commonly used with financial time 

series data (Koop, 2006, pp.142-143). 

 

4.5.4 White Noise Test 

A White Noise test, called the Ljung-Box Q test, will be made to test for serial 

correlation (Spider Financial, 2014).   

 

 

(28) 
Where, 

 T = sample size 

 ρj = sample autocorrelation at lag j 

 m = number of lags being tested 

 χ² = chi-squared distribution, rejection level of hypothesis 

 v = degrees of freedom for the chi-squared distribution 

 

If the p-value is greater than the significance level of 0.05 than one cannot reject the 

null hypothesis and vice versa; the hypotheses of this test are 

 

 H0: ρ1 = ρ2 = …= ρk = 0 

 Ha: ρk ≠ 0 

 

Where, 

 ρ = correlation 

 k = number of correlations 

 

4.5.5 Conditional Volatility 

The white noise test therefore indicates whether a conditional mean should be modelled, 

whereas the ARCH test indicates if conditional volatility should be modelled (Spider 

Financial, 2014). 

 

 ζ²t = E [(xt - χ  t)²] = E [x²t  - χ  ²t   

(29) 
Where,    ζ²t = conditional variance, and    xt = conditional mean 

 

If the Arch test is significant it indicates a time varying volatility, volatility clustering 

and fat-tailed distribution is present and suggests the need to use an ARCH/GARCH 

model. The hypotheses of this test are 

 

 H0: ρ1 = ρ2 = …= ρk = 0 

 Ha: ρk ≠ 0 

 

Where,  ρ = auto-correlation, and   k = number of correlations 
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4.5.6 Pearson Correlation and r² 

The Pearson Correlation (r) test measures the degree of association between two 

variables. Results lie between -1 and +1, where 0 indicates an independent association 

and a negative or positive number indicates a negative or positive association.  

 

 
Figure 9: Pearson Correlation (Gujarati, 2004, p.86) 

The statistic is known as the sample correlation coefficient and is calculated with the 

formula 

 

r = ∑xi yi / √ (∑x²i) (∑y²i) 
(30) 

The T-statistic is used as a test the null hypothesis. The hypotheses of this test are 

 

 H0: r = 0 

 Ha: r ≠ 0   

 

Where, 

 r = correlation 
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Tests of a p-value ≤ 0.05 at a 95% confidence level will be made. If r is 0, which 

indicates an independent association between the two variables, it does not indicate that 

the variables are independent and cannot imply a cause-and-effect relationship. 

However, the r² can determine how much of the variation in one variable is explained 

by the other variable(s) and can therefore, be used to determine independence. 

 

4.5.7 Model fit tests 

If the results of the tests reveal that the data is not normally distributed, shows skewness 

far from 3, kurtosis far from 0, and non-homoscedastic patterns, which is common in 

financial data (Chuang et al. 2012; Engle and Sokalska, 2012; Liu, S. and Tse, Y.K. 

2012; Rangel and Engle, 2012; Rodriguez and Ruiz, 2012; Watanabe, 2012; Bali and 

Engle, 2010; Anderson et al. 2009; Meligkotsidou et al. 2009, p. 278; Kumar et al. 

2008, p.1040; Heaton, 2007, p.6), then the next step is to model and test the EGARCH 

model for good fit.  

The EGARCH model will transform the log returns to the squared returns, so that the 

data will be stationary. It will use a skewness and excess-kurtosis test of residuals; both 

using a significance level of 0.05 or below at a 95% confidence level. Also, a log-

likelihood test will test for how probable the model is a good fit and the AIC test will 

reveal how good a fit the model is by showing a low number (Wang and Liu, 2006). 

According to Engle (2001, pp.160-161) a maximum likelihood test is the best way to 

estimate the weights of a GARCH model, and can be calculated as (Spider Financial, 

2014) 

 

 

(31) 
Where, 

 ln L = the log likelihood function 

 μ = normal distribution mean 

 ζ = standard deviation 

 N = number of observed values in the sample 

 YN= value of time series at time N 

 

 

4.6 Data Collection and Processing  
Once the data was retrieved from the Thomson Reuters database DataStream, the index 

stock returns were transformed into a Microsoft Excel file. Although the Excel program 

is connected to the database with an option button to transform data to this file type, the 

data is not recognised by Excel as number data, nor did it retain all the currency 

formats. Therefore, the data needed to be formatted to be recognised as a number and 

retain the right currency format before proceeding to be used in the Excel software 

program. Testing and modelling the data proceeded smoothly and results were easily 

obtained to present in tables and graphs for the Results chapter.  
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4.7 Reliability, Generalisation and Validity  

 

4.7.1 Reliability and Operationalization  
Saunders et al. (2009, p. 125; p. 156) point out that statistical test controls can ensure 

replication, decrease errors and decrease bias, which in turn leads to the reliability of the 

research. Therefore, the statistical tests made in this thesis will increase its reliability. 

They also say that, data must be operationalized to enable a measurement in a 

quantitative manner. Time series data is already produced in a quantitative manner, so 

the data is ready to be operationalized.  

 

4.7.2. Generalisation  
To consider whether the research can be generalised to other time series data sets, there 

needs to be a large enough sample taken from the possible data sets that exist (Saunders 

et al. 2009, p. 125). This thesis will analyse historical data of 6 years between SRIs, 

REFs and CIs between different financial markets; including, 2 USA sets, 2 UK sets, 2 

Japan sets and 2 Europe sets. Therefore, the research has taken as large enough sample 

of historical time series data and as many sets as possible that fit the population and 

historical time series data requirements, so the results can be generalised to all financial 

markets. 

 

4.7.3 Validity 
The validity of a research study explains if the variables actually measure what they 

have been used to measure (Saunders et al. 2009, p. 157). The models chosen to analyse 

have been critically analysed by many research academics and practitioners, which 

indicates that they are valid in their ability to measure the risks and returns that they 

state they will set out to measure. The stock prices and risk free rates are obtained from 

a reputable financial database, Thomson Reuters DataStream, which also validates the 

variables chosen to analyse in this thesis. The computer software program NUMXL is a 

financial data analysis tool established in the US in 2008, who claim to have partnered 

with Microsoft to apply the program as an add-in to the Microsoft EXCEL software 

program (Spider Financial, 2014). This indicates that the results produced by the 

software program should be valid in recognition of the reputation of Microsoft. 
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Chapter 5: Results 

The results will be presented in this chapter with the use of descriptive statistics section 

5.1), graphs and tables. The statistical tests‟ results will also be produced, stationarity 

will be addressed (section 5.1.1), normality, white noise and arch tests and histograms 

(section 5.1.2), correlogram (section 5.1.3) and Q-Q plots (section 5.1.4). The model 

applications will be placed in tables (section 5.2), CAPM, SR and JA (section 5.2.1), 

and the EGARCH (section 5.2.2). Comparisons of volatility (section 5.3), comparisons 

of volatility correlations and R² tests (section 5.4) and comparisons of expected returns 

(section 5.5) will be placed in tables; separated by monthly and daily data sample 

results. 
 

5.1 Descriptive Statistics 

Daily and monthly data of each index and fund has been tested and the descriptive 

statistics will show the results of the normal distribution, white noise and ARCH tests. 

Each index and fund has been given a code.  

 

US variables: 

 Domini Social Index = DS 

 Guinness Atkinson Fund = GA 

 S&P 500 index = SP500 

 

UK variables: 

 FTSE 4 Good index = FTSE4G 

 Ventus Fund = Ventus 

 FTSE All Share index = FTSEAS 

 

 

Japan variables: 

 FTSE 4 Good Japan index = FTSE4GJ 

 Nikko Eco Fund= NE 

 Nikkei 225 index= N225 

 

Eurozone variables: 

 STOXX Europe Sustainability index = 

SES 

 Dax Renewable Energy = DRE 

 Euro STOXX = ES 

5.1.1 Stationary vs. Non-stationary 

For daily and monthly data sets, the stock prices revealed a non-stationary trend, so all 

prices were transformed into their log returns. The transformed log returns confirmed a 

stationary trend with all ADF tests showing a statistical significant result at 0.05 at a 

95% confidence level, which indicates that the null hypothesis can be rejected and 

further statistical tests can be performed. An example of the non-stationary prices and 

stationary log returns is shown in the graphs below. 
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Figure 10: DS Daily Stock Prices 

Figure 11: DS Daily Log Returns 

 

5.1.2 Normality, White-Noise and ARCH tests 

The daily data results show strong support for non-normal distribution, excess-kurtosis, 

and volatility clustering, with statistically significant results at 0.05 with a 95% 

confidence level (see table 1 below). Therefore, the null hypothesis that there is a 

normal distribution can be rejected and the null hypothesis that there is an ARCH effect 

present can be accepted. Although many of the indices and funds revealed not enough 

evidence to suggest that white noise is present and can therefore reject the null 

hypothesis that white noise is present in the data, the skewness, excess-kurtosis, non-

normal distribution and ARCH presence indicate the need to use a model that can 

incorporate these factors.  

 

DAILY AVERAGE SKEW EXCESS-

KURTOSIS 

White-

noise 

Normal 

Dist. 

ARCH 

Effect 

DS 0,00 TRUE TRUE FALSE FALSE TRUE 

GA 0,00 TRUE TRUE TRUE FALSE TRUE 

S&P 500 0,00 TRUE TRUE FALSE FALSE TRUE 

FTSE4G 0,00 FALSE TRUE FALSE FALSE TRUE 

Ventus 0,00 TRUE TRUE FALSE FALSE TRUE 

FTSEAS 0,00 TRUE TRUE FALSE FALSE TRUE 

FTSE4GJ 0,00 TRUE TRUE TRUE FALSE TRUE 

NE 0,00 TRUE TRUE TRUE FALSE TRUE 

N225 0,00 TRUE TRUE TRUE FALSE TRUE 

SES 0,00 FALSE TRUE FALSE FALSE TRUE 

DRE 0,00 TRUE TRUE FALSE FALSE TRUE 

ES 0,00 FALSE TRUE FALSE FALSE TRUE 

Table 1: Daily Statistical Tests 

 

The monthly data (see table 2 below), on the other hand, reveals different results; all 

results were statistically significant at 0.05 with a 95% confidence level. The table 

below shows that only 5 indices and funds indicate excess-kurtosis is present and can 

reject the null hypothesis that there is a normal distribution; 8 indices and funds indicate 
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that skewness is present and can  reject the null hypothesis that there is normal 

distribution; half the indices and funds show a normal distribution so they cannot reject 

the null hypothesis that there is a normal distribution present; and 5 indices and funds 

show that the ARCH effect is not present and can reject the null hypothesis that there is 

an ARCH effect present. However, the indices and funds that do not show excess-

kurtosis do have an ARCH effect or skewness present, which indicates that a model that 

can incorporate these factors should be used to predict future volatility.  

 

Monthly AVERAGE SKEW EXCESS-

KURTOSIS 

White-

noise 

Normal 

Dist. 

ARCH 

Effect 

DS 0,00 TRUE TRUE TRUE FALSE TRUE 

GA -0,02 TRUE TRUE TRUE FALSE TRUE 

S&P 500 0,00 TRUE TRUE TRUE FALSE TRUE 

FTSE4G 0,00 FALSE FALSE TRUE TRUE TRUE 

Ventus 0,00 TRUE TRUE TRUE FALSE FALSE 

FTSEAS 0,00 FALSE FALSE TRUE TRUE TRUE 

FTSE4GJ 0,00 TRUE FALSE TRUE FALSE FALSE 

NE -0,0109 TRUE TRUE TRUE FALSE FALSE 

N225 -0,0084 TRUE TRUE TRUE FALSE FALSE 

SES 0,00 FALSE FALSE FALSE TRUE TRUE 

DRE -0,0317 TRUE FALSE TRUE TRUE FALSE 

ES -0,0062 FALSE FALSE TRUE TRUE TRUE 

Table 2: Monthly Statistical Tests 

A histogram of the data samples can show the distribution patterns. A comparison of the 

FTSE4G monthly and daily samples has been presented below to show a non-normal 

pattern. Although the monthly data sample tests of the FTSE4G index indicated a 

normal distribution, the histogram shows high peaks and fat tails that suggest the 

sample has a non-normal distribution.  

 
Figure 12: FTSE4G Monthly Histogram Plot 
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Figure 13: FTSE4G Daily Histogram Plot 

5.1.3 Correlogram 

The correlogram produces a graph that can indicate if the autocorrelations of a data set 

decline to zero. The Upper Limit (UL) and Lower Limit (LL) are bands that indicate if 

the lag ACF returns are close to zero. The results of all data for both daily and monthly 

data sets revealed no decline to zero, but instead indicated both negative and positive 

fluctuations in the autocorrelations. Therefore, the null hypothesis that the data is 

autocorrelated can be rejected. An example of an Autocorrelation Function correlogram 

is shown below. 

 

 
Figure 14: DS Log Returns ACF 

Positive and negative fluctuations can indicate the need for further analysis of a possible 

asymmetric pattern in the data. However, the ARCH/GARCH models use the higher 

moment squared returns to model volatility that can show autocorrelation and lags that 

decline to zero. The correlogram below is an example of the lag squared returns 

declining to zero, which can accept the null hypothesis that there is autocorrelation and 

lags that decline to zero.  

 
Figure 15: DS Squared Returns ACF 
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5.1.4 Q-Q plots 

The Q-Q plots of both daily and monthly data sets showed an asymmetric pattern in the 

data, which together with the Normality, ARCH and ACF tests indicate the need for a 

model that can incorporate asymmetric effects of data for a prediction of volatility. An 

example of the Q-Q plots is shown in the graph below. 

 

 
Figure 16: DS Daily Q-Q plot 

 

5.2 Model Application 

To answer hypotheses 1 to 7, hypotheses 8 to 12 need to be answered so as to ascertain 

which volatility model is best-fit to compare results. Therefore, the results will be 

presented with the model fit tests first than comparisons of volatility, correlations and 

expected returns.  

 

5.2.1 CAPM, SR, JA 

Applying the models CAPM, SR and JA required a linear regression model to be made 

with each SRI index and REF fund against the market CI index of each financial 

market. The linear regression produces a Beta coefficient and tests for statistical 

significance, as well as an R² and adjusted R² and an ANOVA F-statistic result. Except 

for the Ventus fund results, both daily and monthly data sets showed a statistically 

significant Beta result at 0.05 with a 95% confidence level; all R² and adjusted R² 

results were large enough to suggest that the SRI indices or REF funds can be explained 

by the market CIs fluctuations in returns; and the ANOVA F-statistic results were all 

large and the p-value statistically significant at 0.05 with a 95% confidence level, which 

indicates a significant difference between historical returns in the data sample. 

Therefore, the null hypothesis that the variables are independent can be accepted. 

 

The theoretical assumptions to be able to use the normal distribution models of the 

CAPM, SR and JA have been met with most samples, and the data sample can be 

applied to these models. However, the Ventus fund did not meet the assumptions for 

both daily and monthly data sets, so the CAPM, SR and JA models do not fit this fund‟s 

data sample and statistical results cannot be inferred. A table of the results is shown 

below (table 3). 
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Monthly R Squared 
Adjusted R 

Squared 

p-value 

F.stat 
Beta p-value t.stat 

DS  0,9684 0,9679 0,0000 1,0433 0,0000 

GA  0,7345 0,7307 0,0000 1,6479 0,0000 

FTSE4G  0,9899 0,9897 0,0000 0,9891 0,0000 

Ventus  0,0008 -0,0137 0,8127 -0,0320 0,8127 

FTS4GJ  0,9226 0,9215 0,0000 0,9084 0,0000 

NE  0,9539 0,9533 0,0000 0,9124 0,0000 

SES 0,9416 0,9407 0,0000 0,8345 0,0000 

DRE 0,5825 0,5764 0,0000 1,6493 0,0000 

Daily 
R Squared 

Adjusted R 

Squared 

p-value 

F.stat 
Beta p-value t.stat 

DS  0,9418 0,9418 0,0000 0,9763 0,0000 

GA  0,6250 0,6247 0,0000 1,1672 0,0000 

FTSE4G  0,9621 0,9620 0,0000 0,9918 0,0000 

Ventus  0,0055 0,0048 0,0034 0,1104 0,0034 

FTS4GJ  0,8941 0,8940 0,0000 0,9168 0,0000 

NE  0,8901 0,8900 0,0000 0,8721 0,0000 

SES 0,8889 0,8888 0,0000 0,8629 0,0000 

DRE 0,4635 0,4631 0,0000 1,2304 0,0000 

Table 3: Beta and Tests 

5.2.2 EGARCH Model 

The daily and monthly data sets for all indices and funds revealed a good fit to the 

EGARCH model. LLF and AIC tests, as well as ARCH, White-noise, distribution, 

kurtosis and skewness tests of residuals were statistically significant at 0.05 with a 95% 

confidence level. However, some results of the EGARCH (1,1) model showed the need 

for a higher moment model, which led to further analysis and a good model fit with 

EGARCH models such as (2,1), (2,2), (3,1) and a (3,3). This means that some samples 

need the use of 2 or 3 alpha parameters and 2 or 3 beta parameters, to calculate a more 

accurate volatility prediction. The Results are shown in the tables below (table 4 and 5). 

 

Monthly µ α0 α1 α2 γ1 γ2 β1 GED ν 

DS 0,00 -1,85 0,48 -5487,89 -0,49 0,07 0,75  

GA -0,0165 -1,0989 0,0150  -25,6932  0,7597 1,8961 

S&P 500 0,00 -3,50 0,16 -0,54 -0,4308 0,13 0,43  

FTSE4G 0,0011 -2,4632 0,1681  -3,3820  0,6301  

Ventus -0,0036 -11,6362 0,8851  0,1269  -0,7829  

FTSEAS 0,0024 -2,3786 0,2227  -2,4643  0,6503  

FTSE4GJ -0,0060 -10,4800 0,0779  -3,6289  -0,8730  

NE -0,0075 -7,8672 0,2035  -1,5692  -0,3723  

N225 -0,0056 -7,5575 0,2820  -0,9781  -0,3446  

SES -0,0033 -0,4931 0,0021  -165,9218  0,9227  

DRE -0,0303 -5,2516 0,2911  0,1356  -0,2076  

ES -0,0059 -7,4345 0,4620  -0,1721  -0,2262  

Table 4: Monthly EGARCH Parameters 
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The monthly data reveals that most indices and funds data sample fit an EGARCH (1, 

1) model, except the DS and S&P500 that fit an EGARCH (2, 1) model, with 2 alpha 

parameters and 1 beta parameter. The GA fits an EGARCH (1, 1) model with GED 

vector distribution, which Nelson (1991, pp.352-353) states is common with financial 

time series data. Table 5, below, shows the results of tests of residuals for the monthly 

data sample and indicates a good model fit for all samples. 

 

 

The daily data (see tables 6 and 7 below) reveals that six indices and funds fit the 

EGARCH (1, 1) model, but the DS fits a (3, 1) model, the S&P500 fits a (2, 2) model, 

the FTSE4G, FTSEAS and SES fit a (2, 1) model and the Ventus fund fits a (3, 3) 

model. 

 

DAILY µ α0 α1 α2 α3 γ1 γ2 γ3 β1 β2 β3 

DS 0,00 -7,22 0,23 -0,23 -0,01 0,17 0,15 0,00 0,00   

GA 0,00 -0,33 0,17   -0,32   0,98   

S&P 500 0,00 -0,53 0,01 0,20  -16,02 -0,45  0,44 0,52  

FTSE4G 0,00 -0,23 0,12 -0,16  -1,18 0,16  0,98   

Ventus 0,00 -0,04 0,34 0,04 -0,34 -0,01 -0,06 0,10 0,72 0,26 0,02 

FTSEAS 0,00 -0,27 0,12 -0,16  -1,15 0,16  0,98   

FTSE4GJ 0,00 -0,38 0,19   -0,29   0,97   

NE 0,00 -0,41 0,14   -0,88   0,97   

N225 0,00 -0,42 0,22   -0,33   0,97   

SES 0,00 -0,29 0,16 -0,23  -0,76 0,18  0,98   

DRE 0,00 -0,49 0,24   -0,03   0,96   

ES 0,00 -0,30 0,12   -1,34   0,98   

Table 6: Daily EGARCH Parameters 

Table 7, below, shows the results of tests of residuals for the daily data sample and 

indicates a good model fit for all samples. 

Monthly SKEW KURTOSIS Noise? Normal? ARCH? LLF AIC 

DS TRUE FALSE TRUE TRUE FALSE 103,6852 -194,3703 

GA TRUE FALSE TRUE TRUE FALSE 58,0031 -103,0062 

S&P 500 TRUE FALSE TRUE TRUE FALSE 108,9313 -204,8627 

FTSE4G FALSE FALSE TRUE TRUE FALSE 119,2371 -228,4742 

Ventus FALSE TRUE TRUE TRUE FALSE 119,7979 -229,5959 

FTSEAS FALSE FALSE TRUE TRUE FALSE 118,8884 -227,7768 

FTSE4GJ FALSE FALSE TRUE TRUE FALSE 96,5737 -183,1474 

NE FALSE FALSE TRUE TRUE FALSE 98,4737 -186,9474 

N225 FALSE FALSE TRUE TRUE FALSE 92,8535 -175,7071 

SES FALSE FALSE TRUE TRUE FALSE 119,6485 -229,2970 

DRE TRUE FALSE TRUE TRUE FALSE 42,5961 -75,1921 

 ES FALSE FALSE TRUE TRUE FALSE 97,3530 -184,7060 
Table 5: Monthly EGARCH Residuals Tests 
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DAILY SKEW KURTOSIS Noise? Normal? ARCH? LLF AIC 

DS TRUE TRUE TRUE FALSE FALSE 3916,36 -7818,73 

GA TRUE TRUE TRUE FALSE FALSE 3991,71 -7973,42 

S&P 500 TRUE TRUE TRUE FALSE FALSE 4762,51 -9509,01 

FTSE4G TRUE TRUE TRUE FALSE FALSE 4797,75 -9583,51 

Ventus TRUE TRUE FALSE FALSE FALSE 5053,91 -10085,82 

FTSEAS TRUE TRUE TRUE FALSE FALSE 4798,78 -9585,56 

FTSE4GJ TRUE TRUE TRUE FALSE FALSE 4498,53 -8987,07 

NE TRUE TRUE TRUE FALSE FALSE 4601,11 -9192,22 

N225 TRUE TRUE TRUE FALSE FALSE 4494,54 -8979,07 

SES TRUE TRUE TRUE FALSE FALSE 4739,75 -9467,51 

DRE TRUE TRUE FALSE FALSE FALSE 3605,27 -7200,55 

ES TRUE TRUE TRUE FALSE FALSE 4562,97 -9115,95 

Table 7: Daily EGARCH Residuals Tests 

 

5.3 Comparing Volatility Results 

The model fit tests have revealed that the simple regression model fits most data 

samples, except for the Ventus fund; however, the descriptive statistic results indicate 

that all daily data samples observe non-normal distributions and the ARCH effect, while 

the monthly data samples show either the ARCH effect, excess kurtosis or skewness in 

the data. Therefore, the EGARCH model should be a better fit than the CAPM, SR or 

JA models to infer statistical results. 

The prediction and actual results of the volatility measures of each model have been 

compared in the tables below, with most volatile to least volatile ranked within each 

financial market (US, UK, Japan and the Eurozone respectively). The SD or EWMA 

can be used in the CAPM, SR or JA models and predicts a short-term future volatility 

by using a one-step method; while the EGARCH model produces its own long-term 

volatility prediction.  

 

Most volatile   Medium volatile   Least volatile 

Table 8: Monthly Volatility Model Comparison  

Monthly 
2007-2012 

SD 
2013 

SD 
Beta 

2007-2012 
EWMA 

2013 
EWMA 

Predicted 
EGARCH 

2013 
EGARCH 

DS 0,0660 0,0304 1,0433 0,0544 0,0275 0,0531 0,0260 

GA 0,1196 0,0760 1,6479 0,1093 0,0599 0,1042 0,0683 

S&P 500 0,0622 0,0306 n/a 0,0519 0,0234 0,0522 0,0274 

FTSE4G 0,0517 0,0326 0,9891 0,0448 0,0221 0,0429 0,0376 

Ventus 0,0581 0,0333 -0,0320 0,0484 0,0486 0,0466 0,0078 

FTSEAS 0,0520 0,0308 n/a 0,0446 0,0206 0,0429 0,0169 

FTSE4GJ 0,0643 0,0623 0,9084 0,0590 0,0667 0,0620 0,0001 

NE 0,0635 0,0540 0,9124 0,0555 0,0537 0,0604 0,0358 

N225 0,0680 0,0537 n/a 0,0583 0,0500 0,0654 0,0505 

SES 0,0544 0,0202 0,8345 0,0457 0,0151 0,0417 0,0149 

DRE 0,1368 0,0866 1,6493 0,1180 0,0548 0,1251 0,0521 

ES 0,0633 0,0306 n/a 0,0577 0,0222 0,0561 0,0263 
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The Monthly Beta results suggest that the SRI and REF in the US, plus the REF in the 

Eurozone are all more volatile than their market CIs. All other SRIs and REFs are less 

volatile than their CIs. This result corresponds with the indices and funds‟ SD, but not 

with EWMA results. The EWMA suggests that most SRI and REFs are more volatile 

than their CIs except the REF in Japan and the SRI in the Eurozone. The results indicate 

that the volatility doesn‟t differ with different models in the Eurozone data sample, and 

only changes with the EGARCH model with the US data sample, but performance 

comparisons can differ if different models are used to make the analysis with the Japan 

and UK data samples.  

 

The EGARCH volatility measure will be used to infer hypotheses testing in the analysis 

chapter (see Chapter 6); because the statistical tests indicate that the EGARCH model is 

a better fit for the data samples. The predicted EGARCH results indicate that the 

volatility of SRIs, REFs and CIs differ between financial markets. The US data sample 

shows that SRIs and REFs are both more volatile than their CI; the UK data sample 

shows that the REF is more volatile than the CI but the SRI has the same volatility as its 

CI; Japan shows that the SRI and REF is less volatile than the CI; and the Eurozone 

shows that the REF is more volatile than the CI, but the SRI is less volatile than the CI. 

Therefore, results have shown that volatility measurements can differ between different 

models used to measure the volatility. The graphs below show the volatility of each 

SRI, REF and CI in each market. 

 
Figure 17: US Monthly Volatility 

The graph above (see figure 17) shows that there was an increase in volatility for all 

investment types in the US between 20 and 30 months after January 1
st
 2007, which is 

about August 2008 to June 2009. This pattern seems to have also occurred in the UK, 

Japan and Eurozone markets (see figure 18, 19 and 20 below). There has also been a 

larger volatility occurrence after 55 months, which is about July 2011 until the present.  
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Figure 18: UK Monthly Volatility 

The Ventus fund (see figure 18) shows an increased pattern of volatility before month 

20. The second increase in volatility pattern by month 55 in the US, UK and Eurozone 

markets does not seem to have occurred in the Japan financial market (see figure 19, 

below). 

 
Figure 19: Japan Monthly Volatility 

 

 
Figure 20: Eurozone Monthly Volatility 
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Comparing the monthly data set one year prediction results with the actual volatility of 

2013 (see table 8, above) reveals that none of the models are precise, but some data 

samples have had a close prediction; for example, the SD of the FTSE4GJ, the EWMA 

of the Ventus and the NE data samples and the EGARCH model of the FTSE4G data 

sample. However, statistical results indicate that the EGARCH model is a better fit, and 

a comparison of the EGARCH prediction results with the actual volatility of 2013 

reveals different results with the US, UK and Japan data samples.  

The results differ again when the daily and monthly data sets are compared. Table 9, 

below, shows the results of the daily data set, which indicates more variation in 

volatility between the indices and funds and between the different volatility 

measurements used. The only exception is with the Eurozone, which reveals identical 

ranking of volatility results between monthly and daily data sets of each index and fund, 

and each volatility measurement used. Ranking is made by most volatile to least volatile 

within each financial market (US, UK, Japan and the Eurozone respectively). 

 

 

Most volatile   Medium volatile   Least volatile

   

DAILY 
2007-2012 

SD 
2013 

SD 
Beta 

2007-2012 
EWMA 

2013 
EWMA 

Predicted 
EGARCH 

2013 
EGARCH 

DS 0,0157 0,0076 0,9763 0,0072 0,0056 0,0297 0,0077 

GA 0,0230 0,0148 1,1672 0,0122 0,0094 0,0209 0,0147 

S&P 500 0,0156 0,0072 n/a 0,0070 0,0056 0,0121 0,0024 

FTSE4G 0,0144 0,0081 0,9918 0,0050 0,0060 0,0100 0,0082 

Ventus 0,0213 0,0035 0,1104 0,0114 0,0013 0,0626 0,0029 

FTSEAS 0,0143 0,0077 n/a 0,0046 0,0056 0,0114 0,0079 

FTSE4GJ 0,0165 0,0156 0,9168 0,0107 0,0095 0,0157 0,0158 

NE 0,0158 0,0150 0,8721 0,0103 0,0097 0,0133 0,0175 

N225 0,0170 0,0168 n/a 0,0101 0,0114 0,0156 0,0162 

SES 0,0148 0,0081 0,8629 0,0052 0,0083 0,0096 0,0074 

DRE 0,0292 0,0196 1,2304 0,0126 0,0210 0,0277 0,0195 

ES 0,0162 0,0097 n/a 0,0068 0,0088 0,0129 0,0097 
Table 9: Daily Volatility Model Comparison 

The Daily Beta results reveal that the REF in the US and Eurozone markets are more 

volatile than their market CIs, and all other indices and funds are less volatile than their 

market CIs. This result corresponds to the SD results in the Japan and Eurozone market 

data samples, but not in the US and UK data samples. Therefore, using the SD as a 

volatility measure can give different results than using the Beta as a measure of 

volatility in comparison to the market index. The daily SD rank in volatility between 

indices and fund results also differ to the monthly SD results. The EWMA results give 

different rank in volatility between indices and fund results to the SD, which is also 

different to the results of the monthly EWMA results.  

Due to statistical results indicating that the EGARCH model is the best fit model to 

analyse the sample data, the results of the daily EGARCH model will be used to infer 

statistical tests of the hypotheses in the analysis chapter (see chapter 6). The daily 

EGARCH model reveals that the predicted volatility of the SRI in the US and Japan is 
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more volatile than their CIs, but the predicted volatility of the SRIs in the UK and the 

Eurozone are less volatile than their CIs. However, the predicted volatility of the REFs 

in the UK and the Eurozone are more volatile than their CIs and the predicted volatility 

of the REFs in the US and Japan is less volatile than their CIs. 

Comparing the Daily data set one year prediction results with the actual volatility of 

2013 reveals that none of the models are precise, but some data samples have had a 

close prediction; for example, the NE and N225 SD results and the FTSE4GJ and N225 

EGARCH results. However, statistical results indicate that the EGARCH model is a 

better fit and a comparison of the daily EGARCH prediction results with the actual 

volatility of 2013 also reveal different results with the UK, US and Japan data samples.  

 

5.4 Volatility Correlations 

The results of correlations between SRIs and REFs for monthly and daily data sets in 

different financial markets are shown in tables 10 and 11, below. The test statistic 

results of the Pearson correlation test for both the monthly and daily data sample sets 

were statistically significant at 0.05 with a 95% confidence level, except for the Ventus 

fund in both sets and the NE in the daily data set; therefore the results for the Ventus 

fund and NE need further analysis. Low correlation levels are generally considered to be 

below 0.3 and high correlation levels are generally considered to be 0.5 and above, but 

it can depend on the context of the investment assets. 

 

Small correlation medium correlation high correlation Not Significant 

Monthly DS GA 
FTSE4

G 
Ventus 

FTSE4G

J 
NE SES DRE 

DS 1 
       

GA 0,685 1 
      

FTSE4G 0,774 0,593 1 
     

Ventus -0,076 -0,013 -0,064 1 
    

FTSE4G

J 
0,294 0,369 0,338 0,150 1 

   

NE -0,008 -0,063 0,003 -0,080 -0,149 1 
  

SES 0,731 0,552 0,845 -0,049 0,375 -0,029 1 
 

DRE 0,514 0,695 0,489 -0,057 0,215 -0,133 0,549 1 

Table 10: Monthly Correlations 

 

The monthly data set indicate that the FTSE4GJ has a small to medium correlation with 

almost all other SRIs and REFs, which suggests that it would be the best assets to 

diversify with other assets. The FTSE4G in the UK market also has a medium 

correlation with the DRE, which suggests that it would be a good asset to diversify with 

the other assets. The scatter dot graph (figure 21, below) shows an example of 

correlation very close to zero, between the Ventus and NE fund.  
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Figure 21: Correlations between Ventus & NE 

 

The FTSE4GJ has a small to medium correlation with all other SRIs and REFs, 

indicating a good index to diversify a portfolio of assets. However, the DS, GA, 

FTSE4G, SES and DRE indicate high correlation and should not be used in the same 

portfolio of assets if an investor would like to diversify the risk of loss of returns. The 

scatter dot graph below shows a highly correlated pair of assets, between the DS and 

GA. 

 

 
Figure 22: Correlations between DS & GA 

 

Compared to monthly data samples, the results can differ when daily data samples are 

used to analyse the correlations between the indices and funds. Instead, the results 

indicate that the DS and GA are highly correlated, the GA and DRE are highly 

correlated, the SES and FTSE4G are highly correlated, the DRE and FTSE4G are 

highly correlated and the SES and DRE are highly correlated; all revealing that they 

should not be used in the same portfolio if the investor would like to diversify the risk 

of a loss in returns. The FTSE4GJ is still the lowest correlated index with all other 

samples, which suggests the best options to diversify risk in a portfolio if an investor 

were to use monthly or daily data to analyse the SRIs and REFs.  
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The R² test can tell how much of the variation in one variable is explained by another 

variable and is therefore called the coefficient of determination. A small effect is 

considered to be about 2%, a medium effect is considered to be about 13% and a large 

effect is considered to be about 26%. The R² result is therefore more informative about 

by how much the variables‟ variation are dependent on each other. The daily data 

sample results show that most samples have a low to medium R² effect and could be 

good to diversify in a portfolio, but the highest correlated samples are also the samples 

with the highest R² effect. 

 

Small correlation medium correlation high correlation     Not Significant 

 Daily r/R² DS GA FTSE4G Ventus FTSE4GJ NE SES 

DS 1       

GA 0,744/55.5% 1      

FTSE4G 0,397/15.8% 0,405/16.4% 1     

Ventus 0,009/ NS 0,009/ NS 0,014/ NS 1    

FTSE4GJ 0,316/10% 0,287/8.2% 0,274/7.5% 0,017/ NS 1   

NE 0,307/ NS 0,284/ NS 0,265/ NS 0,030/ NS 0,924/ NS 1  

SES 0,448/ 20.1% 0,443/ 19.6% 0,854/72.9% -0,002/ NS 0,281/7.9% 0,271/ NS 1 

DRE 0,388/15.1% 0,502/25.2% 0,537/28.8% 0,009/NS 0,300/9% 0,296/ NS 0,572/32.7% 

Table 11: Daily Correlations 

5.5 Comparing Expected Return Results 

The costs for an investor that believes in one measure over another have been found to 

be higher with the SR than the CAPM (Geczy et al. 2005). However, the evidence in 

this thesis suggests that the SD and Beta have both proven to be a good predictor of 

volatility in the US, Japan and Eurozone markets. The results below show the 

comparison of expected excess returns of the CAPM and EGARCH market model with 

the actual weighted moving average return of 2013. 

 

Monthly CAPM EGARCH Actual WMA 

DS  0,01 0,04 0,01 

GA  0,00 0,08 0,05 

FTSE4G  0,01 0,05 0,00 

Ventus  0,03 0,02 0,02 

FTS4GJ  0,01 0,01 0,00 

NE  0,01 0,05 0,01 

SES 0,02 0,04 0,02 

DRE 0,03 0,08 0,12 

Table 12: Monthly Expected Returns Vs. Actual Returns 2013 

The monthly data set (see table 12, above) indicates that the CAPM model has been 

closer in predicting the actual results than the EGARCH market model, but the 

EGARCH model has also performed better than the CAPM on occasion; for example, 

the GA, Ventus and DRE. Therefore, the costs for an investor of believing in either the 

CAPM model or the EGARCH model can be equally risky. The daily data set indicates 

similar results with the CAPM and EGARCH market model.  

 

The daily data set (see table 13, below) indicates more accurate predictions made by the 

CAPM and EGARCH market models, therefore the results reveal that daily periodic 
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data can be more efficient than monthly periodic data samples when inferring 

predictions and therefore less costly for the investor. 

 

Daily CAPM EGARCH Actual WMA 

DS  0,00 0,00 0,00 

GA  -0,01 0,01 0,01 

FTSE4G  0,00 0,01 0,00 

Ventus  0,02 0,00 0,00 

FTS4GJ  0,01 0,03 0,01 

NE  0,01 0,03 0,01 

SES 0,00 0,00 0,00 

DRE -0,01 0,02 0,00 
Table 13: Daily Expected Returns Vs Actual Returns 2013 

 

Furthermore, the monthly data sample for SR and JA comparisons (see table 14, below) 

indicates that the SR with a SD suggests that the SRI and REF in the US data sample 

have a similar risk level, whereas the SRI in the UK is more risky than the REF, and the 

SRIs and REFs in both Japan and the Eurozone data samples have a low risk level with 

good positive SRs. The JA with the CAPM variables results, on the other hand, 

indicates that the REFs in the US, Japan and the Eurozone all give positive excess 

returns and outperform the SRIs in the respective financial markets; however the REF 

and SRI in the UK market give equally negative excess returns. Three of the samples 

give a zero JA, which means no excess returns and an indication of an efficient market. 

 

Due to statistical evidence that indicates the EGARCH model is a better fit for the 

sample data, the EGARCH process is used in the SR instead of the SD and the 

EGARCH market model is used to replace the CAPM in the JA to compare results. The 

monthly data sample for the SR with an EGARCH process for volatility reveals that the 

negative SRI and REFs, DS, GA and FTSE4G, are expected to be more risky than the 

SR with SD predicts and the difference between the SR and REF becomes wider. The 

JA with an EGARCH market model is also different, with the indication that all SRIs 

and REFs will give a negative JA, meaning that they will give less return than was 

expected.  

 

Monthly SR-SD 
SR-

EGARCH 
JA-

CAPM 
JA-

EGARCH 

DS  -0,24 -0,61 0,00 -0,49 

GA  -0,21 -0,37 0,04 -0,04 

FTSE4G  -0,32 -0,44 -0,01 -0,01 

Ventus  0,01 0,07 -0,01 -0,04 

FTS4GJ  0,08 33,91 -0,01 -0,06 

NE  0,08 0,14 0,00 -0,02 

SES 0,12 0,45 0,00 -0,03 

DRE 0,10 0,26 0,09 -0,07 
Table 14: Monthly SR & JA Comparisons 

 

The daily data sample results (See table 15, below) indicate the SR with a SD reveals 

more risk in the SRIs and REFs of the US, UK and the Eurozone and lower positive JA 

with a CAPM results in all indices and funds. The only fund with a negative JA with a 
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CAPM is the Ventus fund. The SR with an EGARCH process for volatility indicates 

that the negative SR will be more risky than the SR with a SD and the difference 

between the SRIs and REFs are wider. The daily data sample differs from the monthly 

data sample with a prediction of more risky assets than the monthly data sample when 

using both SRs. The JA with an EGARCH market model reveals more negative JAs in 

the sample, and the positive samples are zero indicating no excess return and therefore 

suggest an efficient market.  

 

Daily SR-SD 
SR-

EGARCH 
JA-

CAPM 
JA-

EGARCH 

DS  -1,93 -3,94 0,00 -0,02 

GA  -1,57 -2,46 0,02 -0,01 

FTSE4G  -1,92 -3,40 0,00 0,00 

Ventus  -0,15 -1,06 -0,02 -0,06 

FTS4GJ  0,22 0,23 0,00 0,00 

NE  0,22 0,20 0,00 0,00 

SES -1,17 -2,34 0,00 0,00 

DRE -0,84 -1,26 0,00 -0,01 

Table 15: Daily SR & JA Comparison 

 

Due to statistical evidence in this chapter that indicates that daily data samples can give 

more information, and that the EGARCH model is a better fit for the sample data, the 

hypotheses will be tested by the use of the results of the daily data sample and the 

EGARCH process for volatility including the EGARCH market model. Therefore, the 

SR results suggest that SRIs and REFs quite risky investments and the JA suggest that 

the SRIs and REFs give either negative or no excess returns, which indicates a poor 

investment choice for a risk adverse or return seeking investor.  

 

5.6 Summary 

SRI and REF volatility results indicate that they can be more or less volatile than their 

CI depending on the financial market. Table 16, below, shows a summary ranking of the 

samples in a comparison between SRIs, REFs and CIs;  

 

Where, 1 = highest value, 2 = middle value and 3 = lowest value.  

 

 

Monthly CAPM (Beta) SR - EGARCH JA - EGARCH EGARCH Volatility 

DS 2 2 2 3 

GA 1 1 1 1 

S&P 500 3 n/a n/a 2 

FTSE4G 2 2 2 1 

Ventus 3 1 1 3 

FTSEAS 1 n/a n/a 2 

FTSE4GJ 1 1 2 1 

NE 3 2 1 2 

N225 2 n/a n/a 3 

SES 3 1 1 3 

DRE 1 2 2 1 

ES 2 n/a n/a 2 
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Daily CAPM (Beta) SR - EGARCH JA - EGARCH EGARCH Volatility 

DS 3 2 2 2 

GA 1 1 1 1 

S&P 500 2 n/a n/a 3 

FTSE4G 2 2 1 1 

Ventus 3 1 2 3 

FTSEAS 1 n/a n/a 2 

FTSE4GJ 2 1 1 3 

NE 3 2 1 1 

N225 1 n/a n/a 2 

SES 3 2 1 3 

DRE 1 1 2 1 

ES 2 n/a n/a 2 
Table 16: Summary of Volatility Ranking 

Although the statistical evidence suggests that the EGARCH model could be a better fit 

to use as a predictor of future volatility than the CAPM‟s beta, due to the assumptions 

of normal distribution and a static beta over time, the beta and EGARCH have both 

proven to have problems in predicting accurate future volatilities. Also, when the 

volatility measures are used in a market model, the CAPM and EGARCH have proven 

that they can predict similar return results. The daily data sample results indicate that 

more frequent data information can give more consistent results.  

 

The daily data results for the REFs are the most volatile in the US and Eurozone 

markets, the least volatile in the UK market and mixed results in the Japan market 

between the CAPM beta and EGARCH volatility measures. The JA daily data results 

indicate that the REFs are the best performers in the US and Japan markets, but the SRIs 

perform better in the UK and the Eurozone markets. The daily sample SR results 

indicate that the REFs are less risky than the SRIs, but the monthly data shows mixed 

results and more positive SR results.  

 

The correlations between some REFs and SRIs can be low and the correlations between 

markets can be low, which indicates that investing in SRIs and REFs between different 

financial markets could be beneficial when trying to diversify the risk of loss by just 

investing in SRIs, or just investing in indices or funds in one market. However, the 

correlation results were not statistical significant with the Ventus or NE fund daily 

sample data, so further analysis needs to be produced for the two funds.  
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Chapter 6: Analysis 

The analysis will discuss the results and present the interpretations of the findings. 

Statistical evidence will be used to accept or reject the hypotheses. Hypothesis 8 to 12 

will be analysed first in order to establish a good model fit to use as a volatility measure 

so that the main hypotheses 1 to 7 that are about volatility can be investigated. Then 

further analysis of the hypotheses and results will be discussed. 
 

6.1 Hypotheses 8 to 12 

As presented in the results (chapter 5), the statistical tests of each data sample indicated 

that the data samples are all non-normally distributed and show volatility clustering 

patterns. The autocorrelation results indicate that all data sets represent a weak-form 

efficient market, which suggests that the EMH still holds and that no arbitrage 

opportunities should exist in the long run. These results indicate that hypothesis 8 can 

be accepted, but hypotheses 9, 10 and 11 can be rejected and the alternative hypothesis 

can be accepted;   

 

 H0 8: Each data set of returns is not normally distributed. 

 

 Ha 9: Each data set of returns is independent. 

 

 Ha 10: Each data set of returns is autocorrelated. 

 

 Ha 11: Each data set of returns does indicate conditional volatility. 

 

 

Therefore, the models that assume normal distribution and homoscedasticity such as the 

CAPM, SR and JA should not be a good fit to explain the volatility in stock returns. The 

EGARCH model is therefore the best model to infer further evidence about the 

volatility of the samples. The EGARCH models were proven to be statistically 

significant for all samples; however the results of the measures differed between 

monthly and daily samples. This result indicates that hypothesis 12 can be rejected and 

the alternative hypothesis can be accepted; 

 

 Ha 12: Monthly and Daily data samples do produce different volatility results. 

 

The difference in results due to different frequency of data samples used to infer 

statistical analysis has been noted (Moskowitz et al. 2012, p.230) and the use of daily 

data to enable the use of more information and consistent results about volatility has 

been advised (Cartea and Karyampas, 2011, p. 3320). Also the EGARCH model has 

been designed to use higher frequency data samples, which contributes to its accuracy 

(Ledoit and Wolf, 2008, p.855). Therefore, further analysis of hypotheses 1 to 7 will use 

the EGARCH model with the daily data sample. 

 

6.2 Hypotheses 1, 2 & 3 

The daily data sample of EGARCH long-term volatility predictions and actual results 

for 2013 of SRIs and CIs ( see table 9) revealed that the US SRI is more volatile than its 
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CI; the results for the UK and Japan samples were close, suggesting similar volatility 

patterns; and the SRI in the Eurozone is less volatile than its CI. These results indicate 

that volatility can depend on which financial market the stocks are associated with. 

However, three out of the four regional samples suggest that we can accept the first null 

hypothesis, that 

 

 H0 1: The returns of Socially Responsible Investments are not more volatile than the 

returns of Conventional Indices. 

  

This evidence is in contradiction with the assumption that screening assets for a 

portfolio restricts risk diversification, as previous research suggests (Brammer et al. 

2006, p.114). If SRIs are not more volatile than CIs, then there is enough evidence to 

suggest that there is not a higher risk of loss on returns from an investment in SRIs than 

an investment in CIs. Therefore, there is no adverse effect from an active screening of 

assets for socially responsible standards set by different authorities in different regional 

financial markets. This information may be of interest to shareholders who would like 

to consider ESG factors and are risk adverse, but if the investor is more interested in 

higher returns then they may prefer higher risk investments. In Bello‟s comparison of 

SRIs and CIs, evidence was found that revealed there was no difference between SRI 

and CI characteristics, such as net assets, portfolio holdings in top 10% and 

capitalisation (2005, p.50), which could explain the similar volatility levels found 

between the SRIs and CIs. Furthermore, Brammer et al. (2006, p.97) point out that if 

screening for social responsibility does not affect the diversification risk of a portfolio 

in an adverse manner it could be an indication that the SRI is outperforming the CI and 

therefore compensates for any screening costs. 

The daily data sample of EGARCH long-term volatility predictions and actual results 

for 2013 of REFs and CIs revealed that the US and Eurozone REFs are more volatile 

than their CIs; however the UK REF was predicted to be more volatile than its CI but 

was actually the least volatile of all three investment types in 2013 by about 0.5%, and 

the REF in the Japan sample was predicted to be the least volatile but was actually the 

most volatile in 2013 by about 0.15%.  

These results indicate that REFs can be more volatile but can also show similar 

volatility patterns to their CIs, which reveals that REF volatility patterns can depend on 

the fund and possibly the financial market they are associated with. However, the 

evidence suggests that the samples in the US and Eurozone can reject the null 

hypothesis and accept the alternative 

 

 Ha 2: The returns of Renewable Energy Funds are more volatile than the returns of 

Conventional Indices 

 

The evidence also suggests that the samples in the UK and Japan cannot reject the null 

hypothesis, that  

 

 H0 2: The returns of Renewable Energy Funds are not more volatile than the returns 

of Conventional Indices 

 

Therefore, the evidence supports previous research (Barnett and Salomon, 2006, 

p.1102; Van de Velde et al. 2005, p.137) in some financial markets but results can differ 

in different financial markets, indicating a dependent factor for the extent of volatility 



70 
 

when comparing REFs and CIs. Investors that are interested in investing in stricter ESG 

funds with more risks should consider the US and Eurozone markets, but investors who 

are more risk adverse and want to invest in stricter ESG funds may prefer the UK and 

Japan financial markets. An investor may also want to consider diversifying between 

SRIs and REFs to spread the risk in the portfolio and gain on the higher risk REFs while 

lowering the overall risk of the portfolio with SRIs. This result indicates that there is 

further evidence to suggest that screening for socially responsible standards or Green 

funds, such as the renewable energy sector, may not always lead to adverse effects and 

can add value to a portfolio.  

Previous research (Barnett and Salomon, 2006, p.1102; Van de Velde et al. 2005, p.137) 

has suggested that the stricter the screening standards of an index or fund, the better the 

returns have been. The results for the REFs in this study have shown that some funds 

can have higher risks but others may be similar to CIs; however the returns for REFs do 

not differ significantly from the returns for CIs. This evidence, therefore, contradicts 

previous research of Barnett and Solomon (2006) and Van de Velde et al. (2005), which 

adds to many other contradictory evidence about the financial performance of SRIs and 

CIs found in previous research.  

The daily data sample of EGARCH long-term volatility predictions and actual results 

for 2013 of REFs and SRIs revealed that the REF in the Eurozone was predicted and 

actually was more volatile than its SRI; the REFs in the US and Japan were predicted to 

be less volatile but were actually more volatile in 2013 than their SRIs, but the Japan 

REF was only more volatile by about 0.15%; and the REF in the UK was predicted to 

be more volatile but was actually less volatile in 2013 than its SRI by about 0.5%.  

 

Therefore, the evidence suggests that volatility can differ between REFs and SRIs in 

different markets but the volatility dispersion differences are only about 1 % in the US 

and Eurozone markets, about 0.5% in the UK market and not much difference between 

funds in the Japan financial market. However, there is enough evidence in the US, Japan 

and Eurozone samples to reject the null hypothesis and accept the alternative, 

 

  Ha 3: The returns of Renewable Energy Funds are more volatile than the returns of 

Socially Responsible Investments 

 

This evidence supports previous research (Barnett and Salomon, 2006, p.1102; Van de 

Velde et al. 2005, p.137) and indicates that investors that are not risk adverse should 

consider the stricter ESG funds in the US and Eurozone, but investors who are risk 

adverse should consider the stricter ESG funds in Japan. However, an investor that 

would like to invest in the UK financial market may prefer to invest in the SRI indices 

rather than the REFs if they are not risk adverse, but if they are risk adverse they may 

prefer to invest in the UK‟s REFs. Therefore, the evidence indicates that screening for 

stricter Green fund standards could cause more costs if the portfolio is solely based on 

REFs, but diversifying between SRIs and REFs could decrease the risk of loss on a 

portfolio.  

 

6.3 Hypotheses 4, 6 and 7 

The evidence so far has indicated that the volatility of SRIs, REFs and CIs can be 

different in different financial markets, and we can reject the null hypothesis and accept 

the alternative hypothesis that 
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 Ha 6: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are different in different regional financial markets. 

 

This evidence contributes to previous research by giving more information about REFs 

and SRIs in a multi-financial market analysis, instead of a single market analysis. It also 

points out that previous research results may not hold in all financial markets so the 

results may not be generalised to an international population of REFs and SRIs. The 

evidence can indicate to investors that if they want to invest in SRIs or REFs they may 

need to consider the financial market that the investment is associated with in order to 

achieve their optimal portfolio.  

Statistical evidence can determine statistical significance between the volatility of each 

financial market and their SRIs, REFs and CIs by using a correlation test and the R² test 

to determine how much one asset is correlated with another. The daily data sample of 

EGARCH volatility correlation results were significant for all indices and funds except 

the Ventus fund in the UK and Nikko Eco fund in Japan; therefore, there can be no 

statistical inference concerning the Ventus and Nikko Eco fund.  

Modern Portfolio theory suggests that to create an optimal portfolio of assets an investor 

can diversify the risk of loss on returns, by having assets that indicate low correlation 

levels in the investment portfolio (Fabozzi et al. 2012, pp.12-14). Furthermore, SRIs 

and REFs can be considered as an option that is less diversified because the act of 

screening leads to less choice in the variety of asset types that an investor has on offer. 

However, Barnett and Salomon‟s (2006, p.1102) and Bello‟s (2005, p.43) study found 

evidence to suggest that screening for ESG factors does not affect the performance of 

SRIs. Therefore, diversifying risk between ESG funds and indices may be a preferable 

option to some investors.  

Low correlation levels are generally considered to be below 0.3 and high correlation 

levels are generally considered to be 0.5 and above, but it can depend on the context of 

the investment assets. The daily data sample of EGARCH volatility correlation results 

(see table 11) reveal that the REF and SRI in the US have a correlation of 74.4% and the 

REF and SRI in the Eurozone have a correlation of 57.2%, both indicating high 

correlations. Therefore, there is enough evidence with the US and Eurozone daily data 

samples to suggest that we can reject the null hypothesis and accept the alternative 

hypothesis that 

 

 Ha 4: The volatility of the returns of Renewable Energy Funds are correlated with 

the returns of Socially Responsible Investments 

 

This evidence indicates that an investor would not be advised to try to diversify risk in a 

portfolio between REFs and SRIs in the US and Eurozone markets. However, the R² 

results of the regression between the REF and SRI in the US market suggest that 55.5% 

of the variance in the REF can be explained by the variation in the SRI, and the R² result 

in the Eurozone market indicted that 32.7% of the variance in the REF can be explained 

by the variance in the SRI. The R² test results imply that the correlation between REF 

and SRI is quite small in the Eurozone but quite large in the US market, therefore an 

investor may still prefer to use the REFs and SRIs in the Eurozone to diversify the risk 

of loss on returns in a portfolio. This evidence reveals that screening for SRI or REF 

funds could be costly in some financial markets, if attempts to diversify the risk are 

based in the same financial market.  
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The daily data sample of EGARCH volatility correlation results revealed that the 

correlations between different markets can differ, where the SRI in the US market has a 

medium level correlation with the SRI in the UK market, the SRI in the Japan market 

and both the SRI and REF in the Eurozone market; the REF in the US market has a high 

correlation with the SRI in the UK market and both the SRI and REF in the Eurozone 

market, but a medium correlation with the SRI in the Japan market; the SRI in the UK 

market also has a low correlation with the SRI in the Japan market, but a high 

correlation with both the SRI and REF in the Eurozone market; the SRI in the Japan 

market also has a low correlation with both the SRI and REF in the Eurozone market; 

and the SRI in the Eurozone market has a high correlation with the REF in the Eurozone 

market.  

Therefore, there is enough evidence to suggest that the SRI in the UK and Japan 

financial markets are not correlated and the SRI in Japan and both SRI and REF in the 

Eurozone market are not correlated, so they can accept the null hypothesis that 

 

 H0 7: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are not correlated between different financial markets. 

 

However, all other correlations indicate enough evidence to suggest that they have a 

medium or high correlation, so they can reject the null hypothesis and accept the 

alternative hypothesis that 

 

 Ha 7: The volatility of the returns of Renewable Energy Funds and Socially 

Responsible Investments are correlated between different financial markets. 

 

This evidence also contributes to previous research by giving more information about 

REFs and SRIs in a multi-financial market analysis, instead of a single market analysis. 

The results indicates that an investor interested in diversifying the risk of loss on returns 

of an SRI or REF may prefer to look between the UK and Japan markets or the Japan 

and Eurozone markets. However, the R² results (see table 11) indicates that the SRI in 

the Japan market explains 7.5% of the variation in the SRI in the UK market, the SRI in 

the Eurozone market explains 7.9% of the variation in the SRI in the Japan market, and 

the REF in the Eurozone market explains 9% of the variation in the SRI in the Japan 

market. This evidence suggests that there is a small to medium effect between variables 

and can be considered to diversify the risk of loss on returns of a portfolio. Therefore, 

the R² results provide further evidence that diversification between the SRIs in the UK 

and Japan and between the SRI in Japan and the SRIs and REFs in the Eurozone could 

provide better protection against loss of returns. This also indicates that screening for 

SRIs or REFs between different financial markets may not lead to adverse effects.  

The R² results also indicate that the SRI in the UK market explains 15.8% of the 

variation in the SRI in the US market, the SRI in the Japan market explains 10% of the 

variation in the SRI in the US market, the SRI in the Eurozone market explains 20.1% 

of the variation in the SRI in the US market and the REF in the Eurozone market 

explains 15.1% of the variation in the SRI in the US market. These results indicate that 

there is a small to medium effect between the Japan SRI and the US SRI, a medium 

effect between the US SRI and the UK SRI and between the US SRI and the Eurozone 

REF; and a high effect between the US SRI and the Eurozone SRI. Therefore, an 

investor could diversify the risk of loss in returns between the first three variable 
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combinations but it would be advised not to try to diversify the risk between the US SRI 

and the Eurozone SRI.  

Also, the R² result indicates that the SRI in the Japan market explains 8.2% of the 

variation in the REF in the US market; the SRI in the UK market explains 16.4% of the 

variation in the REF in the US market; the SRI in the Eurozone market explains 19.6% 

of the variation in the REF in the US market; which are all small to medium effects and 

could be considered as a diversification option between SRIs and REFs. 

However, the R² results also indicated that the REF in the Eurozone market explains 

25.2% of the variation in the REF in the US market; and the REF in the Eurozone 

market explains 28.8% of the variation in the SRI in the UK market; the REF in the 

Eurozone market explains 32.7% of the variation in the SRI in the Eurozone market; 

and the SRI in the Eurozone explains 72.9% of the variation in the SRI in the UK 

market, which indicates a high dependency and therefore not a good combination in 

order to diversify the risk of loss on returns in a portfolio. Therefore, a poor long term 

investment performance would be predicted for a portfolio with the Eurozone REF and 

SRI with the US and UK markets.  

Most of the results of correlations between investments in different financial markets 

suggest that there are low to medium correlations, which indicate that the funds are well 

diversified and can be used by an investor that would like to consider ESG factors in an 

investment portfolio. Therefore, screening for ESG factors does not cause higher costs 

of volatility than investing in CIs. 

 

6.4 Hypothesis 5 

The data samples were taken from the period of January1st 2007 until December 31st 

2012 and the year 2013, in order to predict the volatility of 2013. Therefore, the sample 

includes the pre-recession and post-recession period of 2007-2009 that affected all 

financial markets in this data sample. It also includes the Euro debt crisis during 2010 to 

present, which would have affected the Eurozone markets and may have affected the 

UK and other markets too. However, the SP500 and FTSEAS benchmark indices show 

a recovery state of better performance than before the crisis in 2007, but the N225 and 

ES show signs of recovery but still at a lower performance level than before the crisis in 

2007. See graph below (figure 23), 

 



74 
 

 
Figure 23: Price Indices 2007-2013 

Therefore, the sample data period includes information about the SRIs, REFs and CIs 

during higher than usual volatility periods and recovery periods and suggests that REFs 

are more volatile than SRIs and CIs in the US, Japan and Eurozone markets. The 

EGARCH volatility results and the graphs of their volatility (see chapter 5, pp.59-60) 

indicate that the null hypothesis can be rejected and the alternative hypothesis can be 

accepted, 

 

 Ha 5: The returns of Renewable Energy Funds are more volatile than the returns of 

Socially Responsible Investments or Conventional indices during a recession. 

 

However, the REF is not more volatile than the SRI and CI in the UK market and the 

null hypothesis can be accepted, that  

 

 H0 5: The returns of Renewable Energy Funds are not more volatile than the returns 

of Socially Responsible Investments or Conventional indices during a recession. 

 

The volatility graphs show that the SRIs volatility is very similar to the pattern of the 

CIs volatility in the US and Eurozone between 2007 and 2012, which indicates that 

SRIs are as risky as CIs during recessions and that SRIs have performed as well as CIs 

during this period. This result suggests that risk adverse investors may prefer to invest 

in SRIs during a recession rather than REFs, but risk takers may prefer to invest in 

REFs in order to gain a bigger chance of better returns in the US and Eurozone financial 

markets. This result also indicates that screening for SRIs may not be more costly than 
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investing in conventional funds during a recession, but screening for REFs during a 

recession could cause adverse effects in the US and Eurozone financial markets. 

 

The volatility graph for the UK financial market shows that SRIs and REFs have been 

more volatile than the CI between 2007 and 2012, which indicates that they can perform 

better than the CI over longer periods. This also indicates that screening for SRIs or 

REFs could be less costly than investing in CIs in the UK financial market over a longer 

period of time. However, The REF in the Japan financial market has underperformed 

the CI and SRI between 2007 and 2012, which indicates that screening for REFs in the 

Japan financial market could be costly for an investor.  

 

The results of volatility of returns of SRIs, REFs and CIs during a recession have 

indicated that return performance can be dependent on the financial market; therefore 

the UK financial market results support Shank et al.‟s evidence (2005, pp.86-87) that 

SRIs perform better than CIs during a recession, but the US, Japan and Eurozone data 

sets do not support Shank et al.‟s evidence. 

 

6.5 Further Analysis 

The analysis of results so far has discussed statistical inference of the hypotheses made 

in the practical method (see chapter 4) which are based on the assumptions made in the 

theoretical framework (see chapter 3). Further analysis will now be discussed in 

connection with the theories discussed in chapter 3. 

 

6.5.1 Efficient Market Hypothesis 

Sabbaghi (2011, p.435) states that when the serial correlations of returns are close to 

zero it indicates a weak-form market efficiency, because the only information is the 

historical prices. The results of the autocorrelation test of the squared residuals daily 

data samples, used to forecast volatility with the EGARCH model, revealed that they 

are close to zero; the ARCH test revealed that the squared residuals are independent; 

and the Augmented Dickey Fuller test revealed that the returns are stationary, which 

suggests that the sample data represents weak-form market efficiency. However, the log 

returns used to measure volatility in the SD and Beta for the CAPM, SR and JA models 

revealed autocorrelations far from zero and a non-stationary trend. Therefore, the log 

returns of the sample data suggest that the time series represent an inefficient market.  

 

The EMH assumes all information is available and therefore there should be no 

arbitrage opportunities, which is seen in the daily data results of the JA predictions for 

the SRIs in the UK, Japan and Eurozone financial markets and the REF in the Japan 

financial market (see table 15). Therefore, these results suggest the markets are also 

semi-strong form efficient, but the JA is negative for the SRI and REF in the US and for 

the REFs in the UK and the Eurozone markets which suggests that the performance is 

expected to be lower than the risk free rate.  

 

Urquhart and Hudson (2013) state, that the EMH is too simplified and found evidence 

to suggest that the Adaptive Market Hypothesis (AMH) holds better with stock market 

time series analysis. The AMH suggests that market efficiency can have a changing 

degree of efficiency over time, therefore the risk premium can change over time and 

arbitrage opportunities can occur on occasion (Urquhart and Hudson, 2013, p.130). 

Therefore, the results of the tests on the log returns of the sample data, which indicate 

lags that are not close to zero and lags that are close to zero (see autocorrelation graphs 



76 
 

in chapter 5, p.54), suggest support for the AMH that the market experiences times of 

efficiency and times of inefficiency in an adaptive market.  

 

Consequentially, an investor that acts on the results of the CAPM, SR or JA to gain on 

possible excess returns during a period of predicted inefficiency in the markets could 

experience costs to their investments. Therefore, the use of the EGARCH model 

volatility prediction could be more successful in decreasing the risk of loss of an active 

investment in predicted inefficient markets. 

 

6.5.2 Investor’s Utility Value 

The analysis so far has considered the effect of volatility information about different 

SRI and REF indices and funds for investors based on the Modern Portfolio Theory‟s 

assumptions of risk adverse and risk taking investors. However, some investors that 

may be interested in investing in indices and funds with ESG factors may not consider 

the risk of loss on their investment as the highest priority when choosing a portfolio. 

Instead the increased risk of screening for ESG factors in a portfolio could be 

considered a choice due to possible improved efficiency in operations and resource 

management and therefore more stable business practises and improved competitive 

advantage.  

 

There are many funds that issue shares with contracts that restrict the manner of selling 

shares to obtain the returns, such as the co-operative and community finance 

organisation (CCF, 2014) that create funds to support small community projects; or 

funds that invest in NGO conservation organisations, such as Arcadia (Arcadia, 2014). 

The CCF calls their funds ethical investments and it is the ethics of supporting 

sustainable local community business that attracts investors. Therefore, an investor with 

an ethical mind may use the information about the volatility risk of REFs compared to 

SRIs as an indicator of where there is less risk there may be more sustainable projects to 

invest for the long-term.  

 

The results of hypothesis 2 suggested that REFs in the UK and Japan are not more 

volatile than the CIs, which indicates that the REFs could be more sustainable than CI 

investments. The results of hypothesis 3 suggested that REFs in the UK are not more 

volatile than the SRI, which indicates that the REFs could also be more sustainable than 

SRIs in the UK. Also, the results of hypothesis 5 suggest that REFs in the UK are not 

more volatile than SRIs or CIs during a recession, which indicates that REFs could be 

more sustainable than SRIs and CIs in the UK during a period of financial distress. 

Therefore, investors that would like to make an ethical investment may prefer to choose 

the UK market when investing in ESG funds for a better possibility of achieving a long-

term sustainable investment.  

 

Also, the SR and JA suggests that the REF is less volatile and outperforms the SRI in 

the UK financial market, and  both have a negative SR. Negative SR results indicate 

that the expected return on the assets is less than the risk free asset, used in the 

calculation of the expected return. All daily data SR results were negative, except for 

the Japan financial market, but all results indicated that REF fund managers are more 

efficient at picking assets than the fund managers of the SRIs. Also, the REF has a 

negative JA whereas the SRI has a zero JA, which indicates no excess return and 

therefore no inefficiency in the market. This indicates that investing in specific 

industries, such as the renewable energy industry, may be more beneficial than 
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investing in a general SRI fund. This may be of interest to an investor that does not seek 

to make profit, but instead seeks a long-term sustainable investment. 

 

6.5.3 Volatility Models 

The evidence has proven that the volatility comparisons between SRIs, REFs and CIs 

can differ between markets, between the chosen data frequency for analysis and the 

chosen volatility model. Therefore, comparing volatility results of different indices and 

funds can depend on the method chosen to use for analysis. Significant statistical 

evidence was found that revealed all sample data did not contain normal distribution 

patterns, which is one of the assumptions of the CAPM, SR and JA models in order to 

be a good fit to model the data. Therefore, the EGARCH model was proven to be a 

better fit for the sample data, but as a predictor of volatility it did not reveal superior 

results.  

 

The SD, used in the beta of the CAPM, SR and JA and in the SR denominator, revealed 

prediction results that were as close to the actual results in 2013 as the EWMA and 

EGARCH  predictions and actual results of 2013. Also, the results between SRIs, REFs 

and CIs were not different between the different models, except in the Japan market 

sample, which indicates that each volatility measure can show consistent results 

between models in the daily data sample.  

 

Evidence also indicate that the hypotheses results would be very similar if the SD or 

EWMA was chosen as the volatility measure to assess the hypotheses; with the 

exception of the Japan market sample data that indicates the REF as the least volatile if 

the SD is considered, and the EWMA indicates that the REF is less volatile than the 

SRI. Therefore, although statistical significance was not found for models that assume 

normal distributions, the models themselves were able to perform as well as a model 

that does not assume normal distribution like the EGARCH. This result indicates similar 

findings to that of Levy (2010, p.68), who found that the CAPM can function well with 

normal and non-normal samples. Hence, the results suggest that the CAPM does not 

need to assume normal distribution in the samples and the EGARCH model may not be 

a better model to measure volatility, as so many researchers have suggested. 

 

Information about the volatility of returns is important for investors because it can 

indicate how much risk an asset contains. Volatility measures are used in expected 

return prediction models, which are often used to assess which assets to invest in. 

Therefore, it is very important for investors to choose the best models to make their 

predictions in order to reduce the costs of loss on returns.  

 

The daily data samples revealed that when using the SD in the CAPM and using the 

EGARCH long term volatility in a market model, the expected returns were exact to the 

actual returns with 5 and 4 samples respectively. All other predictions were either 1% or 

2% off the actual returns of 2013. This result indicates that both the CAPM and 

EGARCH market model can give good one year predictions for an investor, and 

consequently contradicts much of the evidence from previous research that suggest that 

EGARCH volatility measures risk with more accuracy (Chuang et al. 2012; Engle and 

Sokalska, 2012; Liu, S. and Tse, Y.K. 2012; Rangel and Engle, 2012; Rodriguez and 

Ruiz, 2012; Watanabe, 2012; Bali and Engle, 2010; Anderson et al. 2009; 

Meligkotsidou et al. 2009, p. 278; Kumar et al. 2008, p.1040; Heaton, 2007, p.6). 
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Since the results of this research has indicated that the SD can predict volatility as well 

as the EGARCH model, and the CAPM can predict returns as well as the EGARCH 

market model, it would be wise for any investor to use as many measurement tools as is 

efficient for the task. The CAPM, SR, JA and EGARCH model could be used in 

combination to compare results and make an investment decision that maximises the 

investor‟s utility value; however the EGARCH model is the only model with statistical 

evidence to suggest it is a better fit. 

 

6.5.4 Methods 

Most of the previous research that investigates the performance of SRIs, especially 

those in the UNEP & Mercer‟s report (2007), has used monthly data samples rather than 

daily data samples which can cause inconsistent results. The results of this research has 

proven that if the analysis was to test hypothesis using the monthly data samples, the 

hypotheses would have some differing results to the analysis made with a daily data 

sample.  The daily data sample included more information about the volatility of the 

indices and funds and therefore gave more accurate results. This indicates that an 

investor could experience higher costs if predictions were made based on less frequent 

information than a daily data sample.  

 

Previous research has also found evidence to suggest that large cap SRIs perform better 

than small or mid cap SRIs (Bauer at al. 2006; Derwall et al. 2005, p.61). The SRIs in 

the data sample are all indices of small to large cap size companies, but the REFs have 

different cap sizes. The GA and DRE are both funds with small to large cap size 

companies, the NE contains mid capsize companies and the Ventus has small cap size 

companies. The daily data sample EGARCH volatility (see chapter 5, p.61) reveals that 

the most volatile REF has been the DRE at 0,0195; the second most volatile is the NE at 

0,0175; the third most volatile is the GA at 0,0147; and the least volatile is the Ventus 

fund at 0,0029. Theoretically the higher the volatility the higher the probability that 

returns will be high, but the highest average returns in 2013 were actually with the GA 

and NE with 1% return on one year, whereas the DRE and Ventus fund had a 0% return 

on one year. This result suggests that mid cap funds can perform as well as a fund with 

small to large cap companies; and supports previous research that suggested that small 

cap indices can perform worse than large cap indices. However, the difference between 

the sample data REFs‟ performance results is only 1%. 
 

6.6 Summary 

The results of the hypotheses analysis have been summarised in a table below (see table 

17). There was enough evidence to reject the null hypotheses of 6, 11 and 12, and 

accept the alternative hypotheses for all the sample data, so they have not been 

presented in the table. The evidence indicates that results of volatility for SRIs, REFs 

and CIs can differ between financial markets, except that all SRIs were found not more 

volatile than their CIs for each financial market and the EGARCH model was found to 

be a better fit than the CAPM, SR and JA for all financial market data samples.  
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Hypotheses Accept Reject 

H0: 1 – All samples: The returns of Socially Responsible Investments are 

not more volatile than the returns of Conventional Indices 
   

H0: 2 – UK & Japan: The returns of Renewable Energy Funds are not more 

volatile than the returns of Conventional Indices 
   

Ha: 2 – US & Eurozone: The returns of Renewable Energy Funds are more 

volatile than the returns of Conventional Indices 
   

Ha: 3 – All samples: The returns of Renewable Energy Funds are more 

volatile than the returns of Socially Responsible Investments 
   

H0: 4 – UK & Japan NS NS 
Ha: 4 – US & Eurozone: The volatility of the returns of Renewable Energy 

Funds are correlated with the returns of Socially Responsible Investments 
   

H0: 5 – UK: The returns of Renewable Energy Funds are not more volatile 

than the returns of Socially Responsible Investments or Conventional 

indices during a recession. 

   

Ha: 5 – US, Japan, Eurozone: The returns of Renewable Energy Funds are 

more volatile than the returns of Socially Responsible Investments or 

Conventional indices during a recession. 

   

Ha: 6 – US, UK, Japan, Eurozone: The volatility of the returns of 

Renewable Energy Funds and Socially Responsible Investments are 

different in different regional financial markets. 

   

H0: 7 – UK & Japan SRIs – Japan & Eurozone SRIs – Japan SRI  & 

Eurozone REF: The volatility of the returns of Renewable Energy Funds 

and Socially Responsible Investments are not correlated between different 

financial markets 

   

Ha: 7 – All other correlations (except UK and Japan REFs): The volatility 

of the returns of Renewable Energy Funds and Socially Responsible 

Investments are correlated between different financial markets  

   

H0: 8 – Each data set of returns is not normally distributed.    
Ha: 9 – Each data set of returns is independent.    
Ha: 10 – Each data set of returns is autocorrelated.    
Ha: 11 – Each data set of returns does indicate conditional volatility.    
Ha. 12 – Daily and Monthly data: Monthly and Daily data samples do 

produce different volatility results 
   

Table 17: Summary of Hypotheses Results 

 

The results of the hypotheses helped to answer the assumptions derived from theory in 

chapter 3, and questions that were made in the theory model (see figure 6 at the end of 

chapter 3). Therefore, I have reproduced the theory model with the answers that results 

from this empirical study to produce a results model (see figure 24, below). The results 

model summarises the results of the discussion in chapter 6. 
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Figure 24: Results Model 

 

 

 

 

• Price changes are random deviations from past 
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• YES, when using squared log returns (EGARCH) 

• No, when using log returns (CAPM, SR, JA) 

• Semi-Strong = Yes, the JA results found little or 
no abnormal returns 

 

Efficient Market 
Hypothesis  

• Can Returns be predicted? 

• = Yes, with a CAPM & EGARCH market model 

 

Modern Portfolio 
Theory 
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• and the Risk? 

• EGARCH process 
Volatility 
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Chapter 7: Conclusion 

The conclusion will present a summary of the thesis, answer the research question and 

discuss the thesis‟ contribution to new knowledge. The implications to research and 

society and further research suggestions will also be made in relation to the thesis topic. 
 

7.1 Research Question and Answer 

Previous research that has investigated the performance of SRIs revealed gaps in 

knowledge about these investments, including an investigation comparison between 

SRIs and REFs, different financial markets and different models that measure volatility. 

Therefore, this thesis attempted to fill this research gap and answer a research question, 

 

 How does the predicted volatility compare in Socially Responsible Investments, 

Renewable Energy Funds and Conventional Indices between different financial 

markets when different models are used? 

 

The predicted volatility results between SRIs, REFs and CIs were not different between 

the different models, except in the Japan market sample, which indicates that each 

volatility measure can show consistent results between models in the daily data sample. 

Also, evidence indicates that the hypotheses results would be very similar if the SD or 

EWMA was chosen as the volatility measure to assess the hypotheses; with the 

exception of the Japan market sample data. Therefore, results indicated that both the 

CAPM and EGARCH market model can give good one year predictions for an investor, 

and consequently contradicts much of the evidence from previous research that suggest 

that EGARCH volatility measures risk with more accuracy. 

 

The results also indicated that a comparison analysis of historical time series data 

between different financial markets, by using different volatility models, can give 

different results. However, statistical evidence was found to suggest that the EGARCH 

model for volatility is the best fit to model volatility and therefore the results of this 

model were given precedence. There was also enough evidence to suggest that daily 

data can give more information and better consistency between results, so daily data 

samples were given priority in the analysis.  

 

To summarise, SRIs were found to be less volatile than CIs in all financial markets; 

REFs were found more volatile than CIs in the US and Eurozone markets but not in the 

UK and Japan markets; REFs were found to be more volatile than SRIs in all markets 

except the UK; REFs were also found to be more volatile than SRIs and CIs during a 

recession in all markets except the UK. There was also enough evidence to suggest that 

the correlations between REFs and SRIs in the US and Eurozone were significant, but 

not significant in the UK and Japan market samples. The correlations were low between 

the UK and Japan SRIs, Japan and Eurozone SRIs and Japan SRI and Eurozone REF, 

which suggest that an investor may consider to diversify between these investments. 

However, all other statistically significant correlations between financial markets were 

too high and could consequentially deliver poor long term investment performance.  
 

There was also enough evidence to suggest that the volatility of returns in each data set 

represent weak-form market efficiency and that over the period of 2007 to 2013 prices 
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have adjusted to the long term market price, which supports the Efficient Market 

Hypothesis theory. The results of the volatility of returns between different SRIs and 

REFs in different financial markets indicate that an investor can use each fund type to 

diversify the risk of a portfolio of SRI and REF assets and expect to gain value on a 

long-term investment. Therefore, screening for ESG factors should not cost an investor 

if the investor diversifies the assets choice between different financial markets, which 

does not support the Modern Portfolio Theory assumption that restrictions on chosen 

assets can bring higher risks and therefore higher costs. The better performance that 

compensates for such theoretical costs could derive from the sustainable practices that 

organisations perform due to ESG considerations in system processes and planning.  

 

7.2 Contribution to Research 

This thesis has contributed to research through an investigation of different research 

gaps and analysis of new research observations about the volatility of SRIs in 

comparison to REFs and CIs. Statistically significant evidence gave additional 

information about the volatility of SRIs and REFs by using the EGARCH model and a 

daily data sample, which previous research has not investigated. Results that were found 

significant gave good statistical inference to answer the hypotheses that were based on 

assumptions influenced by previous research and theories; and the research question 

could be answered.  

 

The results indicated that volatility performance can differ between SRIs and REFs in 

different financial markets. However, the models used in this thesis to predict financial 

performance of SRIs, REFs and CIs revealed very similar results of low returns, 

therefore although the volatilities were proven to differ between funds the resulting 

returns had not differed significantly between SRIs, REFs and CIs. This evidence 

indicates that investing in different funds in different markets does not cost the investor 

if they choose to screen assets for ESG factors. Also, all the models seem to perform 

well during a recession in different financial markets.  

 

7.3 Ethical and Societal Implications to Research 

The results of this research have somewhat supported previous research about CIs in 

that higher frequency data samples, such as daily data, can give more information and 

more consistency between results. Also, the EGARCH model has proven to be a better 

statistical fit to model volatility of financial time series data in agreement with previous 

research about CIs. This research has added information about SRI and REF volatility 

by using daily data and the EGARCH process for volatility modelling. However, the 

CAPM was able to predict future returns with as much precision as the EGARCH 

market model, which indicates no superiority between volatility measurements.  

 

The research topic has been formulated and clarified, and the design, access, data 

collection, process, results and analysis have been presented in a moral and responsible 

way. The methodology and methods that were used to conduct the study have been 

described in detail so that the study can be replicated, and the data sample was large 

enough to generalise results to all financial markets. Therefore, this research has not 

broken any ethical boundaries and does not contain any bias, so the results should not 

mislead society. Other ethical and societal implications include increased knowledge 

about the volatility of SRIs and REFs, which can affect many different stakeholders 

including investors, asset managers and those concerned with corporate social 

responsibility. 
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Implications for investors include low costs for using different volatility measurements, 

because results revealed the same ranking between SRIs, REFs and CIs while using the 

different measurements. The only result that differed was with the UK market sample 

where the SR is not consistent with other measures. This indicates that investors may 

want to use more than one measurement in order to use as much information as is cost 

worthy to establish the best portfolio. However, risk taking investors may prefer the 

EGARCH that does not use as many restrictions as the CAPM, SR and JA assumes.  

 

Results have indicated that investors interested in ESG factors may want to diversify the 

risk of loss on their investments between the UK and Japan financial markets, and for 

those interested in stricter ESG factors, concentrate on the UK market specifically. This 

also indicates that screening for SRIs or REFs between different financial markets may 

not lead to adverse effects as suggested by Modern Portfolio Theory advocates. REF 

fund managers have been more efficient at picking assets than the fund managers of the 

SRIs; therefore, investing in the renewable energy industry may be more beneficial than 

investing in a general SRI fund. 

 

For academic studies, the CAPM proves to be relevant but different forms of the model 

could be used to develop the students‟ understanding of risk, for example the 

conditional CAPM or Intertemporal CAPM. As previous research suggests, and the 

results in this thesis, the EGARCH model has proven to be a statistically better fit to 

measure volatility, therefore ARCH and GARCH models should be considered for 

mandatory classes in a financial program so that students can be better acquainted with 

up-to-date financial models.  

 

7.4 Further Research suggestions 

Firstly, an event study could help to better understand the effects of a recession on SRIs 

and REFs volatility, or any other positive or negative events that could be found to be of 

influence to SRIs or REFs volatility in different financial markets. For example, the 

event of different constituents entering or exiting an index or fund could have an effect 

on the investors‟ perceptions of the funds‟ ESG levels. If the stricter the standards the 

better the performance, then the choice of constituent would be of high concern for the 

investor. Also, events such as reduction or increase of adverse environmental impacts, 

or good versus bad treatment of employees, or a change in company policy, could be 

possible events that effect volatility. 

 

Secondly, this thesis has based the investors‟ interests on the modern portfolio theory 

that investors want to maximise returns. However, investors in SRIs or REFs may not 

necessarily be solely interested in making the highest return, due to the nature of the 

ESG factors in these investments. Therefore, an analysis with the use of behavioural 

finance may be of interest to academics and investors so that a better understanding of 

investor actions and the effect of these actions on volatility can be achieved. Investor 

actions in relation to SRI and REFs could also be made as an event study, to better 

understand the effects of the investors‟ actions on the funds or indices volatility. 

 

Thirdly, green energy funds are relatively new so further analysis could take place in 2 

to 3 years. With more funds and longer historical data, cap size of the companies listed 

in the funds could be compared for additional analysis. 
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Fourthly, while conducting the literature review I found little information about how 

Green funds operate, therefore I recommend a qualitative investigation of Green Funds, 

co-operative funds, community funds or conservation funds. How do they entice not for 

profit investors, and should there be a specific separate platform for such funds that 

functions in a similar way to a conventional stock exchange system?  

 

Finally, for an improved understanding about the not significant correlation results of 

the Ventus and Nikko Eco funds the multivariate Dynamic Conditional Correlation-

mean-GARCH model could be used, as suggested by Bali and Engle (2010, p.34). This 

model is supposed to give more accurate results of correlations between volatilities, and 

could account for the non-normal distribution often found in the financial time series 

data. 
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