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Abstract
This thesis investigates if Environmental, Social and Governance (ESG) investments can be
considered as an independent asset class. As ESG and responsible investing has increased
substantially in recent years, responsible investments have entered the portfolios with other asset
classes too. Therefore, there is a need in studying ESG investment properties with other financial
asset classes. By collecting daily price data from October 2007 to December 2018, we research the
directionalities between ESG, ethical, conventional, commodities and currency. Initially, we
employed a MODWT, multiscale investment horizon wavelet analysis transformation of the data.
The decomposed wavelet data is then applied in pairwise linear and non-linear Granger causality
estimations to study the directionality relationships dependent on investment horizon.
Additionally, econometric filtering processes have been employed to study the effects of volatility
on directionality relationships. The results mainly suggest significant directionality relationships
between ESG and the other asset classes. On the medium-term investment horizon, almost all
estimations indicate strict bidirectionality. Thus, on the medium-term, ESG can be said to be
integrated with the other asset classes. For the long-term horizon, most relationships are still
predominantly bidirectional between ESG and all other asset classes. The biggest differences are
found on the short-term horizon, with no directionality found between ESG and commodities that
cannot be explained by volatility. Furthermore, most directionality relationships also disappear
when controlling for the volatility transmission between ESG and currency on the short-term
horizon. Thus, our findings suggest significantly more integration between ESG and ethical and
conventional as bidirectionality overwhelmingly prevails regardless of investment horizon. As
previous research has found similarities between ethical and conventional as well as ESG having
similar characteristics to commodities as conventional and ethical, we suggest that ESG should be
considered as being integrated and having strong similarities with other equities. Thus, it should be
treated as being part of the conventional equity asset class. Deviations from bidirectionality could
be caused by ESG variable specific heterogeneity. However, despite our rejection of ESG as an
independent asset class, it still carries significant potential as it excludes firms with climate-harming
practices, thereby helping in combating climate-related as well as social and governance issues the
world is facing.
Keywords: ESG; Non-linear; Granger causality; Wavelet; Return performance; Directionality;
Responsible investing; Sustainability; DCC-GARCH; VAR; Climate; Asset class; Investment
horizon
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1. Introduction
Can environmental, social and governance (ESG) investments be defined as a new and independent
asset class? The practice of investing responsibly through ESG has developed at an increasing rate
in recent years. The Global Sustainable Investment Alliance (2018) managed approximately 30.7
trillion assets under the category global sustainable investment in 2018, an increase by 34 percent
from 2016. Hence, the trend does not seem to diminish in any way. Since the financial crisis started
in 2007, ESG has become more important and after the financial crisis ended in 2010, both
sustainable and ethical investments have increased substantially. This study measures if ESG
investments can be differentiated from other major financial asset classes. The results mainly
indicate that ESG investments are integrated with the other asset classes and especially with other
equities. Any deviation may be caused by heterogeneity pertaining to the ESG variables. Thus, our
findings suggest that ESG investments cannot be perceived as a new and distinctive asset class.
The climate is changing all over the world and the average global temperature has increased by
0.85°C from 1880 - 2012. The oceans are increasingly becoming warmer and the sea level has
already started to rise and is predicted to have risen by 24 - 30 cm by 2065 and with as much as 63
cm by 2100. Two major regulations, the Kyoto Protocol and the Paris Agreement, have been
launched to prevent this from happening (UN, 2019). However, it is not only the climate that is
being harmed. Humans are also harming other humans with sometimes unacceptable and
exhausting labor conditions. In 2016, the total victims of modern slavery reached 40 million and
approximately 25 million were in forced labor. Among victims of child labor, a majority are working
in agriculture, one out of five children are in the services sector and almost 12 percent in the
industry (ILO, 2017).
It is evident that the world is facing a lot of different issues. In this era of investment, there are
more possibilities than before to invest in a way that could potentially be beneficial for both
corporate and private investors as well as for society. This type of investment opportunity enables
the investor to take responsibility of where their capital is being invested. Responsible investing is
not a new phenomenon. It started already in the colonial era in the U.S. due to investing in the
slave trade not being acceptable by some religious groups. Furthermore, it was first in the early
20th century that evangelical protestants refused to invest in gambling, tobacco and alcohol (Syed,
2017). Later on, from the 1960s until the beginning of the 21th century, a new concept called
socially responsible investment (SRI) gained importance and investor attraction. SRI investing
heavily focuses on the practice of screening companies and industries based on certain ethical
beliefs. Consequently, rendering certain stocks and industries ineligible for selection. This may
significantly lower the number of securities available for selection and consequently lead to
institutions’ inability to maximize return (Commonfund, 2013). This restrictive approach has led
to the development of ESG, which captures information about environmental, social and
governance issues unlike the security analysis of traditional investment practice. By considering
such factors as carbon emissions, toxic waste treatment, labor conditions, employee relations,
corporate governance and energy efficiency as affecting a company’s financial indicators and
reputation. In 2006, the United Nations formalized the investment process and announced the
Principles for Responsible Investing (PRI), a guideline for investors to take ESG factors into
account in portfolio investment construction and performance. The purpose of ESG investing is
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to increase the value of investment performance, which in turn will create incentive for making
more resources available for supporting different goals (Commonfund Institute, 2013).
According to the UNPRI (2019a), responsible investing through ESG is not the same as, but does
have similarities, with such investment strategies as: SRI, impact investing, sustainable investment,
green investment and ethical investment. The difference being that ESG investments does not
include financial return combined with a moral or ethical return. Consequently, ESG investing can
be conducted by an investor whose sole aim is financial return because of the incorporation of
ESG factors. To ignore ESG factors would be negative, because they consist of both risks and
opportunities that will materialize in financial return. Thus, ESG can be regarded as a more general
approach which incorporates any piece of information that could be beneficial for financial
performance, while ignoring specific ethical or responsible themes such as solely focusing on
mitigating climate change.
Even with the event of formalization of ESG factor investing in 2006 there is still an ongoing
debate on the exact definition of ESG. Bassen & Kovacs (2008) argue that the definition of ESG
can be diverse depending on the context - corporate responsibility, risk valuation or SRI.
Additionally, they claim that there is no explicit understanding of what ESG refers to. Their
perspective is that ESG issues account for extra-financial material information regarding the
challenges faced by and performance of a company. This information has a relevant impact and
allows for a more diversified investment generating better risk assessments and opportunities for
investors. Thus, the evaluation of ESG illustrates an estimation of what a company faces regarding
risks and opportunities. It also has great importance in the matter of long-term performance and
improves the reliability of how forecasts and trends can possibly affect an industry. Eurosif (2016)
claims that ESG can be defined as a long-term oriented investment approach. In an investment
portfolio, the ESG criteria are integrated within the research, analysis and selection process of the
securities constituting the portfolio. The inclusion of ESG factors enables the investor to boost
the capturing of long-term return and contributes to society by improving firm behavior regarding
ESG factors. Derwall (2007) presents the ESG concept as an elaborated version of SRI, equivalent
to sustainable investing and ethical investing. The author explains that ESG investing includes
corporate governance issues and extra-financial investing, which implies that it acts as a
complement to traditional security evaluation criteria and dependent on corporate sustainability.
This creates incentives for the investors to understand the risk and return of investments. Yet
another researcher, Syed (2017), argues that ESG is derived from SRI due to socially responsible
companies now integrating ESG criteria in their investment strategies.
It is evident that there is no clear definition of ESG. Even the originator of the PRI, contend that
there is no agreed-upon definition (CFA Institute & UNPRI, 2018). The lack of universal definition
also seems to be present within the finance industry. Among analysts and portfolio managers
attending a workshop on ESG integration, 20-25 % of them perceived ESG to be synonymous
with SRI (CFA Institute & UNPRI, 2018). In addition, the factors that ESG security analysis are
comprised of are many and ever-shifting (UNPRI, 2019a). Thus, the ESG factors themselves are
not static, but dynamic and changing. Based on the aforementioned discussion, most researchers
and institutes seem to have the perspective that ESG incorporates more information in the security
selection process than traditional security analysis. Moreover, there is a wide variety of ways that
2

an investor decides to implement ESG factors in practice. Some may disclose information on ESG
factors that are relevant to them or measure and disclose information about a fund’s carbon
footprint (UNPRI, 2019a). According to research by Escrig-Olmedo, Muñoz-Torres & FernándezIzquierdo (2010), there are problems with ESG rating agencies, who evaluate the corporate
sustainability performance (CSP) of companies with their own idiosyncratic methodologies. The
ratings agencies do not always disclose the complete information regarding the ratings process and
evaluation criteria, especially concerning risk management.
In conclusion, there is no standardized framework in how to implement ESG in both the evaluation
of CSP for ESG ratings agencies and the security selection process of the investors. Likewise,
financial institutions and researchers alternate between the use of either sustainable and responsible
investing, seemingly treating them as synonymous. Even though these problems are evident,
sustainable investment portfolios and disclosure of climate related financial risks may not be in
vain as it could still play a significant role in climate change mitigation (Pimco, 2017). Thus, ESG
investments may provide benefits in addressing the issues the world is facing while still lacking a
definition and standardized framework. The purpose of this study is not to investigate and analyze
the definition regarding ESG and the consequent difficulty with standardization. Therefore, we will
not expand further on this but rather treat ESG investments as a form of responsible investment
with many similarities to many other types of sustainable and responsible investments.
Even though there is a prevailing wide variety of perspectives on the definition, generating some
confusion concerning ESG, it still shows potential regarding its performance properties. McKinsey
& Company (2017) explain that several factors have shown positive effects in sustainable investing,
such as producing market-rate returns at the same level as other investment approaches.
Additionally, it can improve risk management because of risks that are related to ESG such as work
incidents, waste or pollution spills and weather disruptions. Thereby, it can create greater value and
reputation for firms. Both fund beneficiaries and stakeholders have shown interest and demand
that institutional investors should develop sustainable investing strategies. The positive potential
of ESG is also supported by findings from Kumar et al. (2016). Using the Dow Jones Sustainability
Index (DJSI) they found results that ESG companies with a lower risk achieved a higher equity
return compared to non-ESG companies with the same lower risk. Friede et al. (2015) also found
that, in the worst case, investors in ESG mutual funds can expect to lose nothing compared to
investors in conventional fund investments. Thus, several previous studies have found that ESG
investments generate return equal to or greater than conventional equity investments. However,
evidence from some previous studies have found that sustainable funds may underperform
compared to conventional funds during market booms but perform better during financial crises
(Leite & Cortez, 2014; Nofsinger & Varma, 2014). In general, ESG has been proven to be a good
investment performing at least equal to conventional equity investments, which is a benefit for
investors.
Investing in ESG challenges companies to become more risk aware, to focus on their sustainability
and stimulates them to increasingly involve ESG factors in their decision-making. Galbreath (2012)
present findings on significant improvements in ESG factor performance of Australian firms
between 2002 - 2009 after the implementation of a responsible practice policy. ESG ratings may
influence firms to become more sustainability driven which effectively helps in improving the
3

environment and the society. US SIF (2018) presented new results on ESG incorporation by money
managers and institutional investors. The incorporation by money managers to exclude tobacco
companies has increased with 432% and by institutional investors with 121% since 2016. This
indicates that investing in ESG has decreased the amount of investment in tobacco which
potentially leads to greater societal health. Figure 1 presents the investment trend of how much in
total net assets that are managed by funds incorporating ESG factors between 1995 - 2016. Since
2010 the amount of assets managed by funds incorporating ESG factors has increased at an almost
exponential rate, the largest change can be seen occurring in the most recent years, especially
between 2012 to 2014.

Figure 1: Investment Funds Incorporating ESG Factors 1995-2016
Source: USSIF (2016)

The field is growing and gaining importance, creating a possible avenue for future investing. AmelZadeh et al. (2018) conducted a global survey on institutional investors, finding that most of them
are interested in ESG because of financial reasons, believing that ESG information improves
investment performance. Moreover, the institutional investors believed that ESG factor type rating
systems, when the highest ESG-rated equities are selected for investment, and active ownership,
where shareholders influence corporate behavior, to become more important in the future. Thus,
institutional investors consider the trend to continue. In line with this attitude, are the number of
signatories for the PRI. A signatory is an organization which signs the PRI with the purpose of
committing to follow the directive for responsible investing. Figure 2 presents the progress of
signatories since 2006 until 2019 (UNPRI, 2019b). It clearly displays a strong positive trend and
with each new year there are more organizations that demonstrate commitment to the PRI.
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Figure 2: Number of PRI Signatories 2006 – 2019
Source: UNPRI (2019b)

Because of the rapid expansion of the field of ESG investing and due to its relative novelty, there
is an apparent lack of studies that research ESG performance characteristics and especially with
regard to other financial asset classes. Most previous studies only focus on the level of return
compared to conventional equities. With the recent years’ rise in assets incorporating ESG factors
under management and the strong belief by a considerable share of institutional investors it is likely
that this progression will continue into the future. However, as little is known about ESG and its
return characteristics comparative to other financial asset classes, it could be that the relationships
ESG equities have with other asset classes are different compared to that of conventional equities.
It may be that ESG, which includes ESG factor material information, serves as an independent
asset class with characteristics unlike others.
Therefore, the purpose of our study is to examine the return performance directionalities between
ESG equity indices and the major financial asset classes; conventional equities, ethical equities,
currency and commodities over different time scales, serving as proxies for different investment
horizons. The results of which could bear fruitful importance to investor decision-making and
financial analysis. In light of the aforementioned motivation this study intends to answer the
following research question:
● How are the directionalities between different ESG variables and between ESG variables
and other financial asset classes, under different investment horizons, and what are the
implications?
The method which we employ includes several steps. At first, the variables are transformed with a
multiscale wavelet decomposition creating the different investment horizons. Then we perform
both bivariate linear and non-linear Granger causality estimations for directionality on aggregate
and three selected investor horizons. To study the non-linearity characteristics of the bivariate
relationships, the variables are filtered through a Vector Autoregressive (VAR) model estimation
from which the residuals are saved. The bivariate VAR(2)-residual series are then estimated with
the same Granger causality procedure. To capture the impact of volatility on the bivariate variable
directionalities we filter the variables through a Dynamic Conditional Correlation Generalized
Autoregressive Conditional Heteroskedasticity model, DCC-GARCH(1,1) and save the
standardized residuals, which are then employed in the Granger causality tests.
5

2. Literature review
There are few previous studies that are directly related to the term ESG and most previous research
covers return performance of ESG investments. On the other hand, there are significantly more
studies, and a greater variety, about related terms such as sustainable investment, SRI and ethical
investment. As such investment strategies are deemed similar to ESG by the UNPRI, we have
decided to include previous research on such related terms in order to create a more nuanced
background about the previous research that has been conducted in the field of responsible
investments (which ESG is part of) as a whole.
2.1. Return Performance and Diversification Properties
Some previous research in ESG has focused on the diversification properties of ESG investing.
Hoepner (2010) investigated how the inclusion of ESG criteria into portfolio investment may likely
affect the number of stocks that an investor can choose from, their correlation, and if it worsens
the specific risk entailed in those specific stocks. Hoepner (2010) analyzed this by employing theory
on the mathematics of diversification. The author argues, based on the results from previous
research, that the inclusion of ESG criteria in investment processes worsens portfolio
diversification by reducing the number of stocks available to be selected in the portfolio. However,
at the same time, it can improve portfolio diversification by including ESG-rated stocks with lower
specific risk, thereby reducing the overall specific risk for investment portfolios. Similar results on
the diversification properties are corroborated by a more recent study from Verheyden et al. (2016)
and earlier by Bello (2005). Verheyden et al. (2016) tested whether the incorporation of ESG
information leads to increased investment opportunities even for investors that are uninterested in
responsible investing. The study tested the financial performance of ESG-screened portfolios in
relation to conventional equity portfolios over a six-year time period, January 2010 - December
2015. In four of the six portfolios, inclusion of ESG-screened stocks improved risk-adjusted return
and both volatility and tails risk were lowered. The researchers argue that portfolio diversification
with ESG can be achieved while maintaining unchanged return. However, these findings only hold
true when applying a low-threshold ESG filter where the bottom 10% worst ESG factor
performers per industry are excluded. The previous study by Bello (2005) found that SRI funds
and conventional funds do not deviate in terms of investment performance, portfolio
diversification and the characteristics of assets.
Besides the findings on diversification properties, both Bello (2005) and Verheyden et al. (2016)
found results that responsible investments may produce return equal to conventional investments.
Such findings are validated by Friede et al. (2015) who investigated the compatibility of ESG criteria
with corporate financial performance (CFP), based on the results from more than 2200 unique
studies. The study applied a two-step research method to analyze existing review and primary
studies. The first step in the methodology was vote-count studies followed by a second step metaanalysis. The authors found evidence of benefits with ESG investing. ESG pays financially and the
ESG impact on CFP is stable over time. ESG opportunities can generate increased return in several
market regions, particularly in North America, emerging markets and in non-equity asset classes.
Thus, the results indicate that, in worst case scenario, investors in ESG mutual funds may not lose
anything compared to conventional mutual funds. The study by Friede et al. verifies results from
previous studies by other researchers. Hamilton, Jo and Statman (1993) found similar evidence for
6

SRI mutual funds, suggesting that social responsibility factors do not have an effect on expected
stock returns or companies’ cost of capital. Thus, SRI mutual funds perform neither better nor
worse than conventional mutual funds. Humphrey and Tan (2014) conclude that SRI funds do not
harm or create benefit for the investors, because either positive or negative screened portfolios
produce returns or risks that do not deviate from unscreened portfolios. Revelli and Viviani (2015)
state that globally there is no real cost or benefit in SRI. Meaning that by investing in SRI it will
not create greater benefits or costs compared to conventional investing. Conclusively, these studies
indicate that responsible investments, whether denoted as ESG or SRI, generate return equivalent
to conventional investments.
Taking another approach, Lioui (2018) analyzed the effects of a real time investor’s performance
with access to two different universes of portfolios. One with no ESG-portfolios and one in which
the investor had access to two portfolios comprised of the highest ESG-rated companies. The data
used came from MSCI ESG ratings during the time period July 1992 - July 2017. The author
compared the overall wealth of the real time investor by comparing the two universes of portfolios’
mean variance efficient frontiers and Sharpe ratios. The evidence reveal that ESG-portfolios do
not lead to improved financial performance based on the decisions of the real time investor. This
finding opposes the previous studies who found no significant difference between responsible
investment and conventional investment performance. However, Lioui (2018) did find something
interesting, but not through the performance of the real time investor. While constructing a
portfolio using the optimal portfolio model, the resulting portfolio maximized return by taking
long positions in low ESG-rated stocks and short positions in high ESG-rated stocks. Indicating
that a real-time investor can improve performance by investing in irresponsible firms and taking
short positions in responsible firms. Furthermore, the study delivered additional findings revealing
that when considering the Maximum Sharpe Ratio (MSR), risk-return during five-year windows
between 1993-2017, and when allowing for short-selling, ESG investing increased the welfare of
the investor during the Global Financial Crisis (2008-2012). Thus, implying that ESG factor
investing may be less affected by market turmoil.
2.2. Responsible Investments and Financial Crises
Lioui (2018) is not the only study to find evidence of sustainable investments going against the
market during times of financial turmoil. Leite & Cortez (2014) explored the performance of
French SRI funds that invest in European equities during the time period between January 2001 December 2012. The study identified three crisis periods with significant negative trends in stockmarket indices, the first being the tech bubble between January 2001 - March 2003, the second
being the global financial crisis between June 2007 - February 2009 and the third being the euro
sovereign debt crisis between May 2011 to May 2012. The study employed a 5-factor model
measuring portfolio excess return over the sample period. The results indicate the existence of an
asymmetric return performance for SRI funds. Continuously underperforming conventional funds
during non-crisis periods but performing slightly better than conventional funds during crisisperiods. The results corroborate findings in studies by Lioui (2018), Nofsinger & Varma (2014)
and Becchetti et al. (2015).
Nofsinger & Varma (2014) employed three different factor models: CAPM, a 3-factor model and
a 4-factor model, nevertheless finding the same results as Leite & Cortez (2014). Nofsinger &
7

Varma (2014) further expand the analysis by explaining that it is mutual funds with focus on ESG
factor screening, investing in the highest ESG-rated equities, that is the primary driver behind the
outperformance during crisis periods. Interestingly, Nofsinger & Varma (2014) also propose an
explanation to the results. They suggest that the SRI funds’ crisis performance might not stem from
the SRI qualities of the companies included in the portfolios, citing research from Borghesi et al.
(2014). Borghesi et al. (2014) found that older, larger firms with more stable free cash flow,
entertain higher levels of corporate social responsibility. Moreover, Nofsinger & Varma (2014),
while commenting on the findings of Borghesi et al. (2014), mean that this type of fund investment
behavior is not conducted with aim to invest in corporate social responsibility but rather because
it can act as a downside protection in times of market turmoil. Becchetti et al. (2015) applied
different multifactor models measuring sensitivity to risk factors, finding that SRI funds do seem
to generate greater return during and after the global financial crisis (GFC).
Taking another approach, Soler-Domínguez & Matallín-Sáez (2015), studied the performance of
the VICEX Fund, a non-SRI investment fund on the opposite end of the socially responsible
spectrum, comparing it to a set of 217 socially responsible mutual funds during the time period
August 2002 to June 2013. Using a linear 4-factor model, the authors divided the data sample in
periods of recessions and expansions finding that the VICEX Fund outperformed the set of SRI
funds in times of economic expansion and underperformed relative to the SRI funds during
economic crisis. The results confirm most of the previous findings cited.
Antonakakis et al. (2016) investigated the predictability of sustainable investments based on
financial stress indicators as proxied by different economic policy uncertainty (EPU) indicators
developed by Baker et al. (2016). Antonakakis et al. (2016) used the DJSI as representing the
performance of sustainable investments and data over the time period January 2002 to December
2014, splitting the sample in two parts, pre and post the global financial crisis. Applying a causalityin-quantiles approach they found evidence of predictability in the financial stress indicators only
after the global financial crisis. Implicating that economic policy related risk may be priced in
sustainable investments only after the global financial crisis, as is true for conventional investments
according to research by Apergis (2015). Thus, making it important information for investors to
take into consideration.
2.3. Directionality Relationships and Volatility
Jain et al. (2019) studied the performances between four different Thomson Reuters ESG indices
with six MSCI conventional equity indices comparing financial returns and interlinkages. The
authors modeled the conditional volatilities between the indices with an Exponential GARCH,
EGARCH(1,1) model and measured the cointegration by using a Vector Error Correction Model
(VECM). Comparing the performances during a five-year time period, January 2013 - December
2017. They found that the ESG indices show no significant differences in performance relative to
conventional equity indices. Moreover, the study found significant evidence of bidirectionality in
volatility spillovers between the set of ESG indices and the conventional ones. Implying that there
is a flow of information from ESG to conventional indices and the other way around. Hence, the
two sets of markets are integrated with each other. In contrast to the results by Jain et al. (2019),
Balcilar et al. (2017) only found evidence of unidirectional volatility spillovers moving from
conventional to sustainable indices, suggesting that responsible investments are affected by
8

uncertainty in global equity markets. The application of ESG factors in the security selection
process of SRI indices may not serve as protection against shocks that are common to the global
equity markets. The findings are of high importance for institutional investors and money managers
to take into account in discussion and decision-making.
De Sousa Gabriel & Rodeiro-Pazos (2018) researched both the short- and long-term cointegration
between different environmental indices with return data spanning from January 2009 to February
2016. Using a Johansen’s cointegration approach to study the long-term cointegration between the
indices and an asymmetrical DCC-AGARCH(1,1) model to study the short-term time varying
covariance, the conditional covariance. They found no evidence of interdependence in the long
term. This indicates that environmental indices act autonomously from other environmental
indices, contrary to results found in previous studies about conventional indices’ cointegration.
Thus, there may exist opportunities for investment diversification. In contrast, for the short-term,
they found evidence suggesting that environmental indices are more affected by negative shocks
than positive, producing sharper volatility, which is contrary to the results from the long-term
perspective. Such findings are in line with those obtained studying conventional indices, making
diversification in the short-term complicated.
Another form of responsible investment, more associated with the ethical universe, is Sharia
compliant Islamic indices. Islamic investments select securities taking religious law into account.
Mensi et al. (2017) researched the volatility spillover directionality between the Dow Jones Islamic
Market Index (DJIM) and commodities gold and crude oil. The results indicate that DJIM is a
contributor of volatility spillover to both crude oil and gold over the time period November 1998
- March 2015. For reasons of comparison, the study included the responsible index, DJSI, finding
similar results in volatility spillover directionality for that index with regard to crude oil and gold.
Responsible investments may be contributors of volatility spillovers to gold and crude oil. In line
with this research, Sadorsky (2014) modeled the conditional correlations and volatilities between
the DJSI, conventional equity index S&P500, and commodities gold and oil. Employing three types
of multivariate GARCH models namely, diagonal GARCH(1,1), constant conditional correlation
GARCH, CCC-GARCH(1,1), and DCC-GARCH(1,1). The data consisted of 700 observations
spanning from December 1998 to May 2012. The DCC-GARCH(1,1) model was then used to
construct hedging ratios and optimal portfolio weights between the DJSI and oil and gold. The
results with DJSI were similar to those estimated between the S&P500 and the same commodities.
From the perspective of risk management, investors could expect responsible investments, as
proxied by DJSI, to offer similar risk management qualities with gold and oil as investing in the
S&P500.
Findings by Balcilar et al. (2017) demonstrated that there appears to be a connection between SRI
investments and ESG. An intriguing reason is that SRI investments combine outperformance with
non-financial factors and are presumed to have a smaller risk compared to conventional investment
alternatives. Thereby, creating incentive for better management and satisfaction for clients and
possibly increased revenues. The authors investigated the issue of diversification between SRI and
conventional investments by considering the regime-switching volatility interactions. Measuring
the volatility interactions globally but also by region, studying the volatility interactions specifically
in Europe, North America and the Asia-Pacific region. Applying a Markov regime-switching, MS9

DCC-GARCH(1,1) model deriving dynamic hedging strategies. Their main conclusion of the
findings suggests that sustainable investments create investor incentives for better diversification
in conventional stocks globally when taking short positions in SRI investments. Apergis et al.
(2015) used cointegration analysis to study the connection between the US DJSI and the Dow
Jones Industrial Average Index (DJIA). The results reveal that there is no linear cointegration
between the indices because of non-linearity and regime switches. The authors conclude that there
does not exist long-run diversification opportunities in the US between SRI and conventional
investments.
2.4. Relevance of Climate Risk
As ESG factor investing takes into account the environmental aspect of a company’s behavior it is
of interest for us to consider previous research related to this field. Research has already been
conducted on how institutional investors regard risks related to climate change indicating that most
are concerned about the regulatory risks and entailing financial implications they will have on their
portfolios (Krueger et al., 2018). Because of future climate change mitigation policies, which will
disproportionately affect high carbon footprint companies (Andersson et al., 2016), it is of
importance to know how low-carbon footprint investments perform in relation to high-carbon
footprint investments. Andersson et al. (2016) researched how a decarbonized index performed in
a passive long-term investment strategy. The decarbonized index has either excluded or given less
weight to the highest greenhouse gas emitting companies. It outperformed a conventional
benchmark equity index over the six-year time period, between 2010-2016. Generating greater
return, similar volatility and greater Sharpe ratio. The resulting implication is that climate risk can
effectively be hedged against by investing in decarbonized equity indices. Because the highest
carbon footprint companies will be most negatively affected by future climate mitigation policies.
A decarbonized index investment strategy takes advantage of the mispriced risk, carbon risk,
inherent in companies and financial markets. The long-term passive investors can thus maximize
return while taking greater consideration to the mispriced carbon risk inherent in financial markets.
Along this line, Trinks et al. (2018) investigated the effect of fossil fuel divestment on portfolio
performance. Comparing the performance of portfolios including fossil fuel stocks and market
indices with fossil-free portfolios, they found that portfolios without fossil-fuel allocations have
the same diversification opportunities and did not significantly underperform portfolios void of
such constraints. An interesting find considering that the study used data over monthly
observations spanning from 1927-2016, a comprehensive time period. Thus, the findings hold over
very long term.
In this section we have presented previous studies conducted on ESG and similar types of
responsible investments with as much nuance as we were able to attain. Many studies have
researched the return performance of responsible investments, with a majority of past studies
strongly indicating that responsible investments perform equally as well as conventional. However,
responsible investments seem to perform better than conventional investments over financial crises
and slightly worse during market booms. Furthermore, the directionality relationships between
responsible investments and conventional does not indicate the same consistency as the few
previous studies show varying results, indicating both uni- and bi-directionality. Additionally,
responsible investments also seem to cause volatility spillovers to commodities gold and crude oil.
Previous literature has not researched the properties of ESG in relation to other asset classes with
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the intention of examining if ESG could be considered as its own asset class. Most previous
research that has been presented may not be directly related to our study but is included with the
motive to present what type of questions related to ESG that has been answered. Therefore, there
is a definite informational void which our research may fill.
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3. Theoretical Framework
3.1. The PRI ESG Criteria
The criteria of environmental, social and governance (ESG) are several. The factors that are
specifically denoted as ESG, according to the Principles for Responsible Investment (PRI), are
presented in figure 3 (UNPRI, 2019a).

Figure 3: ESG Criteria implemented by the Principles for Responsible Investment
Source: UNPRI (2019a)

These criteria are important for responsible investments. The goal is to include the ESG criteria
into investment decisions and thereby increase the capability of managing risk and generate
sustainable long-term returns. There are several different driving forces behind responsible
investment. According to the UNPRI (2019a) responsible investment is driven by the following
reasons:
● The need within the financial community to recognize the impact ESG criteria has on
determining risk and return.
● The importance to understand that the inclusion of ESG criteria is part of an investor’s
responsibility to its customers and beneficiaries.

12

● The current problem with short-term focus on corporations’ investment returns, the
market behavior and company performance. Instead, responsible investment policy seeks
a more long-term investor perspective.
● The necessity for legal requirements protecting the beneficiaries and the financial system.
● The pressure from companies trying to become more differentiated by presenting
responsible investment opportunities as a competitive advantage.
● Investing responsibly pushes the beneficiaries to become more active and demands more
effort in knowing how and in what their money is being invested in. Thus, a need for more
transparency.
● Lastly, as investing responsibly gains more traction it creates new knowledge about the
value-destroying reputational risks inherent in pollution, climate change, poor labor
conditions, employee diversity, corruption and aggressive tax strategies in our globalized
world.
3.2. Efficient Market Hypothesis
The Efficient Market Hypothesis (EMH) is built upon the preconditions that firms make their own
production and investment decisions. Investors have the ability to choose between the securities
offered by the market with the presumption that the security prices are derived from the firms
having ownership of their actions. Thus, security prices reflect all information that’s currently
available in the market making such a market defined as being efficient. The theory developed by
Fama (1970), introduced three different forms of EMH; explaining how prices fully reflect available
information. Firstly, there is the weak form of efficient markets which tests if current prices can be
fully represented solely by historical prices, with historical prices being regarded as all the
information available. Secondly, the semi-strong form of market efficiency testing for the speed of
price adjustment to other available information, such as firm announcements or reports, made
public by the firms. Finally, there’s the strong form of market efficiency that concerns whether
there are investors or groups of investors that have monopolistic access to information that is
relevant to the formation of prices.
Jensen (1978) explains that since the conception of the theory by Fama, it has been regarded as a
solid economic theory which has upheld its position with much empirical evidence supporting it.
However, arguments against the universal explanatory power of EMH and examples of anomalies
deviating from the theory has been discussed as early as in the late 1970’s. Past studies have, for
example, researched which factors drive the formation of stock prices. By constructing portfolios
made up solely by past winners or past losers and comparing their returns from that point and on
De Bondt & Thaler (1985) found evidence of loser portfolios outperforming its opposite winner
portfolios 36 months after creation. The findings are not compliant with the weak form of the
EMH. Evidentially, peoples’ overreactions to unexpected and important news events seem to bear
implications on the market.
Incompatibility with the EMH have been exemplified for several different markets and asset prices,
questioning the validity of the theory. However, deviations have not solely been observed in
conventional investment markets, but also in markets related to ESG and responsible investments.
For instance, evidence from research on stock markets’ ability to encapsulate information on
drought trends, a type of climate risk, which negatively affects a country’s return from food stocks,
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reveal that food stock prices underreact to climate change risks (Hong et al., 2019). Similar evidence
of inability to incorporate information on climate change risk comes from research on European
companies’ climate change induced systematic risk. Companies disclosing information on
Greenhouse gas (GHG) emissions generated higher risk-adjusted return compared to companies
not disclosing such information providing evidence of market inefficiency in pricing assets
correctly (Liesen, 2015). The two studies give interesting insights on continuing inefficiency of
EMH to explain security prices.
Applying the theory on ESG investments seem to yield two different stances depending on whether
one is an opponent or proponent of ESG investing. Opponents argue, based on principles of the
EMH, that if ESG matters were important then the available information about potential
investment opportunities in ESG would be speedily incorporated in ESG security prices. On the
other hand, proponents of ESG investing claim that if the EMH held up theoretically then there
would not exist a premium for investing in ESG. However, because of the relative novelty of ESG
and its lack of integration into mainstream investment processes it presents an investment
opportunity now (Commonfund, 2013). As ESG is a growing concept and with little research on
its compatibility with EMH, it is of value to incorporate the theory in this study, researching if ESG
can stand as an independent asset class.
3.3. Financialization
Epstein (2002) defines financialization as the increasing importance of financial markets, financial
motives, financial institutions and financial elites in the economy and the governing institutions of
the economy on both national and international levels.
The term financialization can be used to explain a large set of differences between the relationship
of the financial and the real sector. Deregulating the financial sector and liberalizing international
capital flows created the incentive for financialization by using different measures. This created a
new place for new financial institutions such as money market funds, hedge funds and private
equity, but also made it possible to introduce financial instruments that did not exist before.
Financialization is showing that finance has increased significantly and that it has a leading role
over real activity. However, this statement can confuse because it is difficult to give an exact
purpose of it, but it does exist evidence that real activity is growing slower than financial activity
(Stockhammer, 2010).
An example on how financialization theory can be applied in order to analyze comes from the
commodities futures market researched by Pradhananga (2016). The author claims that the large
inflow of investment into the commodities market has caused commodities to become an
investment asset. There is a probability that the commodity futures market can cause co-movement
among different commodities in three different ways. Firstly, if commodity futures are bought and
sold based on investors acting together as a group, so called herd behavior, or because of other
portfolio considerations. Secondly, if speculators trade in at least two commodity markets and one
of the commodities falls in price, it can affect the other commodity’s price to fall because of
liquidity effects. Lastly, if energy commodities like oil have highly priced indices, it can lead to
shocks in energy markets causing other markets to be affected while there are no changes in the
commodities. However, some may argue that the financialization of commodities can instead be
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driven by co-movement. If so, an increase in commodity prices can attract new investors, which
will result in a higher liquidity in the commodity markets. As provided by Pradhananga (2016),
financialization becomes a valid theory to explain how increasing investment leads to an increasing
dependency relationship between different assets. Thus, because of the increasing investment in
ESG in the most recent years it may cause ESG to become an independent investment asset with
co-movement to other asset classes.
The importance of financialization in explaining responsible investing has been researched before.
Hiss (2013) explains that financialization of sustainability may be the only way to bring sustainability
into the realm of investor decision-making. By use of sustainability accounting, which measures
and quantifies social, environmental and ethical topics and includes them in financial accounting
reports, sustainability is becoming integrated with the financial market. Furthermore, the
financialization of sustainability makes negative externalities and financial risks more visible,
effectively making sustainability a commodity, included in the financial market. Potentially, the
integration of sustainability accounting may create a new category for competition in firms now
wanting to achieve the best sustainability practices. By integration of sustainability measures in the
financial market the information available to the investor has increased. As argued by Hiss (2013),
financialization may be the only way to integrate the sustainability or ESG, which is the same
concept, in financial markets. Financialization could be beneficial in providing ground for
discussion on the characteristics of ESG in relation to other financial variables.
3.4. Behavioral Finance
Traditional finance theory has always assumed that people act with their own interest in mind,
make rational decisions and are uninfluenced by other factors in their visions of the future.
However, people consistently break these assumptions (Nofsinger, 2014). The lack of explanatory
power in standard finance theory to address market inefficiencies or market actors not behaving
according the prevailing theories has led to the development of behavioral finance theory. By
including a perspective from the view of investor behavior, behavioral finance tries to explain why
investors do not always act rational and why observed market inefficiencies occur (Statman, 2008).
Behavioral finance tries to integrate psychology and sociology into the field of finance. However,
the field is still growing and the definition of what constitutes behavioral finance is still under
debate (Ricciardi & Simon, 2000). Due to the vastness of behavioral finance and the few studies
found which explore behavioral finance in relation to ESG related investments this section will
only explore those psychological biases within the field that we find most appropriate to apply on
ESG investing.
Previous research on ESG in relation to behavioral finance has been conducted by Przychodzen
et al. (2016). They found that subjective behavioral factors played a major role in including ESG
assets in portfolios. Investors were strongly motivated by the tendency to herd and willingness to
mitigate risk instead of creating value over the long-term. Herding is a behavior often used to
describe investors making decisions based on the prevailing consensus of the market actors. This
type of behavior causes investors to make decisions based on feelings, effectively omitting
extensive individual analysis from the decision-making process leading to an amplification of the
psychological biases of the group. Herding behavior can be used to explain the cause behind the
sudden emergence of a price bubble, which can negatively affect the financial market (Nofsinger,
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2014). The findings by Przychodzen et al. (2016) thus propose an explanation as to why there is an
increasing implementation of ESG factor screening in fund management. It may potentially be
stemming from psychological behavior such as herding, whereby investors do as everyone else is
doing rather than for genuinely ethical reasons.
Another key behavior and psychological bias in finance is the disposition effect. The term is used to
describe the behavior that people tend to seek the pride associated with having made a good
investment and avoid the experiencing of regret from having made a bad investment. Therefore,
people tend to sell the winners early and keep losers longer. Hence, the disposition effect can be
used to predict investment behavior (Nofsinger, 2014). This behavior may be of value to apply in
analysis of investments related to ESG investing as responsible investing is not primarily done with
the same purpose as conventional investments. Van Dooren & Galema (2018) found that people
that invest solely in socially responsible stocks display a stronger disposition effect, holding losing
stocks longer and selling winners earlier. The disposition effect is thus a valid psychological
behavior to apply to ESG investing presuming that ESG investors should act similar to SRI
investors, holding losing stocks longer, due to the investment strategies containing such similarities.
3.5. Ethical Investing
Previous literature on ethical investments have explored what the definition of ethical investments
is and what the primary drivers behind why investors choose to invest ethically are. Much of the
research have reached similar, yet marginally different, results. Lewis & Cullis (1990) discusses
ethical investments with the perspective of preferences being an endogenous part of economic
models. According to them, the word preferences comprises ethics, morals, beliefs, values and
attitudes. They define ethical investments as having social characteristics that are desirable or
attractive to the investor and that the primary aim of the investor may not solely be financial return
but that ethical investments also have non-monetary importance. Similarly, Lewis & Mackenzie
(2000) define ethical investments as having the primary goal of influencing companies to improve
their ethical and environmental performance. Thus, it can be said that ethical investments exist
with the aim of acting in accordance with the nonmonetary preferences of investors and potentially
to influence companies to improve their ethical standards. Consistent with this line are the advances
by Beal et al. (2005) who proposes three motives behind ethical investing; to get greater returns,
non-monetary returns and to contribute to social change. The investor does not solely gain mere
financial return, but may also gain social status and pleasure from the investment. Beal et al. (2005)
liken the psychic returns, which is a form of utility return, from investing in ethical investments as
either be similar to a gambler’s pleasure of participation, or as being part of the investor’s utility
function or as equivocal to the well-being one gains from participating in joyful activities. Research
by Renneboog et al. (2011) found that SRI investors take into consideration the nonfinancial return
in their decision-making. Researching the motives behind ethical investing, Berry & Junkus (2013)
surveyed a population of roughly 5000 investors on what they consider the most important
motivation behind ethical investing. They found environmental issues to be the biggest issue and
driver. Firms displaying better environmental performance are viewed as preferable. Religious and
governance motives ranked low among the population. Thus, investors may place more importance
on some ESG criteria than others providing evidence of discrepancies among the motivations for
investing ethically.
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4. Methodology
The study employs time series econometric methodology. The aim is to examine the directionalities
between ESG variables and with respect to other major asset classes. The following section
presents an overview over the methodology employed in the paper.
4.1. Unit Root Test
In time series, the data is often non-stationary, meaning that it contains some type of trend or
constant, which is true for the variables included in our study. This can lead to spurious regression,
which means that two independent non-stationary variables are presenting significant evidence
when there is none. Additionally, it causes a problem with highly autocorrelated residuals. If a
variable is indicating non-stationarity, then it is characterized by a unit root process. Therefore, the
data must be tested for stationarity by testing the variables with unit root tests (Verbeek, 2012). In
time series analysis it is important to choose the optimal number of lags Sjö (2019). Dickey and
Fuller (1979) introduced the ADF-test which can be presented in two different states, one where
the equation (1) includes a trend and equation (2) without a trend.
𝑘

∆𝑦𝑡 = 𝛼 + 𝜋𝑦𝑡−1 + 𝛽𝑡 + ∑ 𝛾𝑖 ∆𝑦𝑡−𝑖 + ∈𝑡

(1)

𝑖=1
𝑘

∆𝑦𝑡 = 𝛼 + 𝜋𝑦𝑡−1 + ∑ 𝛾𝑖 ∆𝑦𝑡−𝑖 + ∈𝑡

(2)

𝑖=1

In the equations, k denotes the optimal number of lags, t is either a trend variable or time, y is the
times series variable, π = 0 is the null hypothesis and ∆ indicates the first difference operator. By
performing an ADF-test, the estimated coefficient will either be equal to zero or different from
zero. If the coefficient is different from zero, then it does exist a unit root.
Kwiatkowski, Phillips, Schmidt and Shin (1992) introduced the KPSS-test, which only tests for
trend stationarity. This test has an opposite null hypothesis compared to the ADF-test. Meaning
that the null hypothesis is stationarity and the alternative hypothesis is non-stationarity, indicating
a unit root. It is a useful tool because the opposite null hypothesis can increase the reliability of
trend stationarity for the ADF-test. In the procedure of the KPSS-test, a time series is decomposed
into a random walk, a sum of a deterministic trend and a stationary error term (Verbeek, 2012).
According to Sjö (2019), the equation can be constructed in the following way:
𝑦𝑡 = 𝛼 + 𝛽𝑡 + 𝑒𝑡

(3)

Based on the estimated residual, the equation for the LM test statistic can be constructed as:
𝑡

𝜂 = 𝑇

−2

∑ 𝑆𝑡2 /𝑠 2 (𝑘)

(4)

1
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4.2. Wavelet Decomposition
The employment of financial time series in economic analysis often makes use of the series’ time
domain, but rarely its frequency domain. A time series, which is the time domain, consists of a
timespan extending from an initial finite point in time to a final one. The time domain does not
explain anything about the frequency domain in the data. However, time frequencies exist in the
data as trends, cycles, seasonalities or noise (Benhmad, 2012). These frequencies can be estimated
by transforming the data to the frequency domain, which is then separated into different frequency
layers.
In this part, we will present a more elementary description of the wavelet analysis process. A more
exhaustive mathematical derivation of wavelet analysis can be found in Percival & Walden (2000)
and Gençay et al. (2002).
Wavelets are small waves that oscillate around a mean of zero. They begin at a certain point in time
and end at a later point in time. Additionally, they also contain a definite number of oscillations
(fluctuations) that exist during a certain time interval in time or space (Crowley, 2007). A financial
time series often exhibits such behaviors as volatility clustering and random jumps. For instance,
during times of market turmoil, volatility increases. These volatility changes that are dependent on
the market conditions throughout the length of the time series, represent different frequencies in
the data (Chakrabarty et al., 2015). Some periods show more volatility and others less. Thus, these
behaviors often exist for a limited time period in a financial time series and can be represented as
different frequencies. Wavelet analysis is useful in capturing these different frequencies that exist
during a specific time period.
The Discrete Wavelet Transform (DWT) transforms the time series by dividing it into several
segments called “scales”. The “scales” are listed from short to large and represent high to medium
to low fluctuations in the frequency of the time series. The two basic wavelet functions are denoted
as the mother wavelet Ψ and father wavelet Φ. The father wavelet function captures the low
frequencies in the data and the mother wavelet captures the high frequency components. They
must satisfy the following conditions:
+∞

∫

𝛹(𝑡)𝑑𝑡 = 0

−∞
+∞

∫

𝛷(𝑡)𝑑𝑡 = 1

−∞

The mother and father wavelet functions are defined by equations (5) and (6):
𝑡 − 2𝑗 𝑘
𝛹𝑗,𝑘 (𝑡) = 2−𝑗/2 𝛹 (
)
2𝑗

(5)

𝑡 − 2𝑗 𝑘
)
2𝑗

(6)

𝛷𝑗,𝑘 (𝑡) = 2−𝑗/2 𝛷 (
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Variable j is a scaling parameter and k is a translation parameter that takes the number of the
coefficients depending on the level.
In this study, we have used a method called Maximal Overlap Discrete Wavelet Transform
(MODWT), which is a form of DWT and can capture the different frequencies in the data. This
has been conducted by decomposing the time series into J levels. The DWT of a time series with
T observations can be calculated using the form dyadic scales, 𝑁 = 2𝐽 . Dyadic scales have the base
2 and the integer J, which denotes the largest number of scales. N denotes the number of wavelet
coefficients the function yields. The wavelet coefficient N, represents the decompositions of
information associated with both time and frequency, which are extracted from the time series
(Gençay et al, 2002). In order to capture wavelet coefficients, they have to be scaled which is
necessary in order to change frequency levels and capture information pertaining to both the time
and frequency domain.
We have decomposed our financial variables, consisting of stationary daily return data, into eight
different levels, J = 8, ranging from D1 to D8. D1 represents the highest frequency component in
the data, short-term variations. These occur on the time scale between D1 and D2, 2 - 4 days,
which can be regarded as daily effects. The next time scale, D2 captures variations in the data
between time scales D2 to D3, 4 – 8 days, representing weekly effects. The ensuing time scales
following all the way up to D8 capture the medium- to long-term variations. In our study, we have
chosen to include three different time scales, representing three different frequencies in the data.
These are D1 for the short-term frequency, D5 for the medium-term, 32 – 64 days and D8 for the
long-term frequency, 256 – 512 days. Table 1 demonstrates the time scale interpretation of the
eight multi-resolution analysis levels.
Table 1: Frequency interpretation of time scale levels
Time scales
Daily frequency
D1
2-4 days
D2
4-8 days
D3
8-16 days
D4
16-32 days
D5
32-64 days
D6
64-128 days
D7
128-256 days
D8
256-512 days
Appendix 9.1 displays an example, illustrating the multi-resolution decomposition of the financial
variable FTSE4GOOD GLOBAL (FTSE4GLB) from time scale D1 up to D8. By inspecting
Appendix 9.1, it is clear that as the time scales increase, they go from capturing more high frequency
short-term information, to more long-term trend information in the data. According to
Chakrabarty et al. (2015), employing multi-resolution analysis on financial variables captures the
variations in trading behavior depending on the investment horizons. Thus, short-term investor
behavior is captured in the D1 frequency while long-term investor behavior is captured in the D8
frequency. Therefore, this type of method can be used to explain how investor behavior changes
dependent on the frequency, which becomes a proxy for investment horizons.
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4.3. Dynamic Conditional Correlation Generalized Autoregressive Conditional
Heteroscedasticity (DCC-GARCH)
The generalized autoregressive conditional heteroskedasticity (GARCH) model is created by
Bollerslev (1986). It is a modified model of the autoregressive conditional heteroskedasticity model
(ARCH). According to Sjö (2019), the ARCH model has an important implication regarding
financial time series data and time varying volatility. If a great shock occurs, the error term will be
affected with a higher value. This implies that the volatility will fluctuate more in any direction
compared to a small shock. For example, if an ESG variable have been affected by a great shock,
the volatility of that variable will have a larger effect during that time period.
However, the GARCH model was applied in this study because it is a more parsimonious model
compared to the ARCH. Verbeek (2012) presents the GARCH model as a univariate GARCH(1,1)
which is described by equation (7).
2
2
𝜎𝑡2 = 𝜛 + 𝛼𝜀𝑡−1
+ 𝛽𝜎𝑡−1

(7)

When using the GARCH(1,1) model, there are three unknown parameters to estimate. The ϖ, α
and β must be non-negative so the 𝜎𝑡2 is non-negative. For stationarity α + β < 1, and if the value
is close to zero, then the persistence in volatility is low. If the value is closer to unity, the persistence
in volatility is high.
The DCC-model was introduced by Engle (2002) and is a developed model of the Bollerslev (1990)
CCC-model. The purpose of the DCC-model is to capture time varying correlations. The CCC
model is constant over time, but in the DCC-model the conditional correlations matrix is time
dependent. DCC-models are estimated with either a univariate or two-step procedure and the
likelihood function is the most significant criteria (Engle, 2002). For our study, this implies that the
DCC-GARCH-model can capture how the volatility of, for instance, an ESG variable is affected
by shocks over time. For instance, Sadorsky (2014) suggested that the estimated results where best
fitted with a DCC-GARCH(1,1) model for volatility correlations since the conditional correlations
proved to be varying over the time period.
In this study, the two-step procedure was used because it is the most significant model to use,
according to Sjö (2019). Furthermore, univariate series can in some cases be restrictive and
therefore it can be more significant to use a multivariate GARCH procedure (MGARCH), such as
the DCC method.
The DCC-model assumes that returns from the number of time series being modelled are
conditionally multivariate normal and the expected value is zero. Ht denotes the covariance matrix.
The returns are either the residuals from a filtered time series or have the mean zero. The equations
can be written as follows (Engle & Sheppard, 2001).

and

𝑟𝑡 |𝐹𝑡−1 ~𝑁(0, 𝐻𝑡 )

(8)

𝐻𝑡 ≡ 𝐷𝑡 𝑅𝑡 𝐷𝑡

(9)
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Dt denotes the diagonal matrix k*k of time varying volatility from univariate GARCH models with
√ℎ𝑖𝑡 on the ith diagonal. Rt indicates the time varying correlation matrix. Hence, the log likelihood
can be estimated as followed.
(10)

𝑇

1
𝐿 = − ∑(𝑘 𝑙𝑜𝑔(2𝜋) + 𝑙𝑜𝑔(|𝐻𝑡 |) + 𝑟𝑡′ 𝐻𝑡−1 𝑟𝑡 )
2
𝑡=1

Hence, the model specification for dynamic correlation can be constructed as followed, according
to Engle & Sheppard (2001).
𝑀

𝑁

𝑀

𝑁

(11)

𝑄𝑡 = (1 − ∑ 𝛼𝑚 − ∑ 𝛽𝑛 )𝑄 + ∑ 𝛼𝑚 (𝜖𝑡 − 𝑚𝜖′𝑡−𝑚 ) + ∑ 𝛽𝑛 𝑄𝑡−𝑛
𝑚=1

𝑛=1

𝑚=1
−1

𝑛=1
−1

𝑅𝑡 = 𝑄𝑡∗ 𝑄𝑡 𝑄𝑡∗

(12)

𝑄 defines the unconditional covariance of the standardized residuals based on the first estimation
and based on that, the square root of the diagonal elements of Qt creates a diagonal matrix 𝑄𝑡∗ . The
form for Rt is normally presented as:
𝜌𝑖𝑗𝑡 =

𝑞𝑖𝑗𝑡

(13)

√𝑞𝑖𝑖𝑡 𝑞𝑗𝑗𝑡

The result generates a positive condition for Rt and creates a conditional correlation matrix, i and j
denotes the series and t for time.
By estimating each variable in a DCC-GARCH(1,1) model, we saved the standardized residuals
and used them for estimations in the linear and non-linear Granger causality models. We employed
the GARCH method in order to filter the variables from the effects that are caused by conditional
variance and covariance between the series. The method has been employed in previous research
by Asimakopoulos et al. (2000), Bekiros & Diks (2008) and Bal & Rath (2015). If the Granger
causality estimations with DCC-GARCH(1,1)-filtered standardized residuals show less significant
results than the estimations on the aggregate return series and VAR(2) residuals, it may provide
evidence that the pairwise Granger causality found in the two previous methods depended on
volatility effects (Bekiros & Diks, 2008).
4.4. Vector Autoregressive Model (VAR)
The vector autoregressive model (VAR) is a stochastic process to capture and test multiple time
series, it describes the evolution of different variables based on their historical data dependent on
the number of lags included. The VAR model is used for forecasting, the components are used
together, includes fewer lags and can be more parsimonious. This entails that all the variables and
the error term in the model have the same lag length. The reduced VAR model can be constructed
as follows (Verbeek, 2012):
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𝑌𝑡 = 𝛿1 + 𝜃11 𝑌𝑡−1 + 𝜃12 𝑋𝑡−1 + 𝜀1𝑡

(14)

𝑋𝑡 = 𝛿2 + 𝜃21 𝑌𝑡−1 + 𝜃22 𝑋𝑡−1 + 𝜀2𝑡

(15)

In the equation, ε1t and ε2t are two white noise processes that could be correlated. Normally, it can
be assumed that one lag on every variable indicates no autocorrelation and can be normally
distributed white noise errors (Sjö, 2019). In this study, the test can only be reliable depending on
the optimal lag length, it has been chosen by using the lag with the lowest Akaike Information
Criterion (AIC) value. However, for the decomposed wavelet data, the lag length has been
restricted to two lags. Because when applying the same lag length selection process as for the
aggregate return data the lag length indicated by the AIC became unreliable. It consistently chose
the earliest lag available. For example, if we let the software choose the optimal lag length from 30
lags it always chose lag 30, which had the lowest AIC, but could not be economically motivated.
Thus, we decided not to rely on the lowest AIC for all the decomposed wavelet data, instead
deciding upon a lag length of two. Thereby facilitating the comparing of estimations on VAR- and
GARCH-filtered wavelet data. Hence, the model can be used for testing Granger Causality.
In practice, we employ the VAR(2) model with the intention of filtering the variables from linearity.
Because once the variables have been filtered through a linear VAR(2) process the remaining
predictive explanatory power of one series in predicting another can only be captured by employing
a non-linear process (Hiemstra & Jones, 1994). Thus, VAR(2)-filtered residuals should not contain
any linear explanatory power. Therefore, we execute pairwise non-linear causality testing with
VAR(2)-filtered residual series to find evidence of directionality that can be explained non-linearly.
The very same process has been used in testing for non-linearly explained directionality
relationships between time series in previous studies by De Gooijer & Sivarajasingham (2008),
Bekiros & Diks (2008) and Bal & Rath (2015).
4.5. Linear Granger Non-Causality Test
The Granger non-causality test is developed by Granger (1969) and measures if one variable can
predict another variable rather than a test for causality. For instance, if variable xt a conventional
equity index, can cause variable yt an ESG equity index, then the lagged values of xt is predicting yt
and it is possible to predict the future value yt.. The other way around, if xt is not predicting yt then
xt is not causing yt (Sjö, 2019). In this paper, it is of interest to test whether the ESG equity indices
demonstrate linear and non-linear causality between each other and between the other asset classes;
conventional equity indices, currency and commodities. Estimations are based on the stationary
aggregate return data and the decomposed wavelet data. In addition, each variable pair has been
filtered through the VAR(2) and DCC-GARCH(1,1) models. The estimated residuals from the
VAR(2) model and the standardized residuals from the DCC-GARCH(1,1) model have then been
applied in the Granger causality test. The Granger causality test model can be structured as follows
(Sjö, 2019):
𝑘

𝑘

𝑦𝑡 = ∑ 𝛼1𝑖 𝑦𝑡−𝑖 + ∑ 𝛽2𝑖 𝑥𝑡−𝑖 + 𝑒1𝑡
𝑖=1

(16)

𝑖=1
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𝑘

𝑘

𝑥𝑡 = ∑ 𝛼2𝑖 𝑥𝑡−𝑖 + ∑ 𝛽2𝑖 𝑦𝑡−𝑖 + 𝑒2𝑡
𝑖=1

(17)

𝑖=1

The equations are similar and the lag length is indicated by k. When testing for causality, the null
hypothesis is denoted as that there does not exist causality, it is equal to zero. Thus, if the null
hypothesis is rejected the variable xt does granger cause the variable yt (Sjö, 2019).
4.6. Nonlinear Granger Causality Test
A range of different events, information spikes and other variable changes can affect the
fluctuations in daily return of financial variables. Thus, the predictability that one variable has on
another variable may not be explained best by using a linear model. In this study, a non-linear
Granger causality test has also been employed to analyze the directionality between the ESG equity
indices with each other and the other financial asset classes over the aggregate time period and the
different investment horizons. Combining wavelet analysis and Granger causality, enables us to
compare the strength and directionality of the causality, which may vary depending on the
investment horizon (Benhmad, 2012).
The non-linear causality test was introduced by Baek and Brock (1992) and the nonparametric over
multivariate time series were founded on the assumptions that each time series had to be mutually
and individually independent and exhibit identical distributions. Hiemstra and Jones (1994) altered
the test allowing for short-term temporal dependence of the time series on which the test is applied.
However, the process suffers from potential over-rejection of the null hypothesis when there is
non-linear causality. Therefore, we employ the model developed by Diks & Panchenko (2006) for
the pairwise estimations as this model reduces the risk of over-rejection. Moreover, the model
captures the second-order moments of the time series, the volatility. The null hypothesis is
constructed such that the current value of one variable, 𝑋𝑡𝑙 does not non-linearly Granger cause
the current and future value of another variable,𝑌𝑡𝑚 . The null hypothesis can be written as:
𝐻0 = 𝑌𝑡+1 (𝑋𝑡1 ; 𝑌𝑡𝑚 ) ∶ 𝑌𝑡+1 | 𝑌𝑡𝑚

(18)

In the above equation, for instance, X can be designated as an ESG equity index variable and Y as
a conventional equity index variable, with lags l and m, respectively. The lags must fulfill the
condition of 𝑙, 𝑚 ≥ 1. By reformulating the null hypothesis it can be written in terms of ratios of
joint distributions. Where the conditional distribution of Z = Yt+1 and can be written as the joint
probability density function 𝑓𝑋,𝑌,𝑍 (𝑥, 𝑦, 𝑧) and the marginals can be written as:
𝑓𝑋,𝑌,𝑍 (𝑥, 𝑦, 𝑧)
𝑓𝑋,𝑌 (𝑥, 𝑦) 𝑓𝑌,𝑍 (𝑦, 𝑧)
=
∙
𝑓𝑌 (𝑦)
𝑓𝑌 (𝑦)
𝑓𝑌 (𝑦)

(19)

By deriving the equation based on Diks and Panchenko (2006), the bandwidth is denoted as 𝜀𝑛 ,
the sample size, n, and the indicator function is derived through 𝐼𝑖𝑗𝑊 = 𝐼 (||𝑊𝑖 − 𝑊𝑗 || < 𝜀𝑛 ), the
following equation is estimated:
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𝑓̂𝑊 (𝑊𝑖 ) =

(2𝜀)−𝑑𝑊
∑ 𝐼𝑖𝑗𝑊
𝑛−1

(20)

𝑗,𝑗≠𝑖

𝑓̂𝑊 (𝑊𝑖 ) takes the function of a local density estimator for a variate random vector W at a value Wi
denoted as dw. If the test is used in a pairwise causality estimation and the bandwidth takes a value
derived by 𝜀𝑛 = 𝐶𝑛 −𝛽 then the test will assume a constant value for every positive value of C.
Therefore, Diks and Panchenko (2006) suggest to use an appropriate bandwidth, derived through:
−2/7

𝜀𝑛 = 𝑚𝑎𝑥(𝐶𝑛

, 1.5), in which the C is calculated from the ARCH value of the time series.

4.7. Methodological Criticism
Because of the extensive nature of our methodology and the time limit that was placed on us, we
did not have time to examine the nature of the bivariate directionalities for the different investment
horizons with multiple lag lengths. It is possible that different lag structures could produce other
findings. Additionally, significant lack of lag length selection application on wavelet data hindered
a qualitative evaluation.
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5. Data & Preliminary Analysis
5.1. Variable Analysis
This study analyzes how investments in ESG equity indices performs comparative to each other,
conventional equities, ethical equities, commodities and currency rates over different investment
horizons. We use daily return data from three ESG equity indices, one Islamic index as a proxy for
an ethical investment, two conventional equity indices, two types of commodities and one currency
exchange rate. Table 2 displays the construction of variable abbreviations. We aim to study the
directionality relationships between the ESG equity indices and the different financial asset classes.
The findings may produce important insights into the relationships between these asset classes
over different investment horizons potentially producing useful information for investors. The
variables are divided into three overall categories, ESG indices containing the three ESG equity
indices and the Islamic equity index, Conventional indices, containing the two conventional equity
indices, and Currency & Commodity for the two commodities and the currency exchange rate. To
our knowledge, there is no research on the return performance directionalities between ESG equity
indices and other major asset classes and likewise regarding research on the interdependence
between the return performances of ESG equity indices themselves. By including three different
ESG equity indices originating from three separate market actors we study if there are heterogeneity
characteristics in their return performance directionality structures.
Table 2: Data construction
Panel A: ESG Indices
FTSE4GOOD GLOBAL
Dow Jones Islamic Market
Dow Jones Sustainability World Index
MSCI World ESG Leaders

=
=
=
=

FTSE4GLB
DJIM
DJSIW
MSCIWESG

Panel B: Conventional Indices
S&P500 Composite
MSCI World

=
=

S&P500
MSCIW

Panel C: Currency & Commodity
US $ TO EURO €
NYM-Light Crude Oil
CMX-Gold 100 OZ

=
=
=

USDEUR
COIL
GOLD

The field of responsible investments is diverse in both strategy and practical implementation
(Sandberg et al., 2008). This stems from factors such as an apparent lack of standardization in
ratings procedures, bias, lack of transparency, lack of independence, lack of credible information
and tradeoffs (Windolph, 2011). The heterogeneity of ratings procedures may influence ESG index
construction and asset allocation to vary between indices potentially resulting in different return
performance characteristics. Therefore, it is justified to research the directionality relationships
between these indices alone. The first ESG variable included is the FTSE4GOODGLOBAL
(FTSE4GLB), a weighted index constructed of companies that have passed the requirements of
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the FTSE Russell ESG Advisory Committee. The index consists of 957 different companies from
around the world making it a global equity index and is weighted to be investable (FTSE, 2019a).
The second ESG variable is the MSCI WORLD ESG LEADERS INDEX (MSCIWESG). The
index is constructed by selection of the highest ESG rated companies in each sector of the
underlying MSCI AWCI regional indices. Thus, constituents of the MSCIWESG must already be
part of other MSCI indices, which are globally investable. The index consists of 829 different
companies and have sector and region weights equal to its underlying indices to limit the systematic
risk entailed in selecting ESG rated companies (MSCI, 2019).
The third ESG variable is the Dow Jones Sustainability World Index (DJSIW). Unlike the two
previous ESG equity indices this one is not denoted as an ESG index but is instead referred to as
a sustainability index, which is not different from ESG. The DJSIW does take into account ESG
factors in its security selection process and is constructed similarly to the two other ESG variables.
The companies eligible for selection must be part of the DJSI World universe and passed an ESG
analysis survey, a company sustainability assessment (CSA). Among the 1800 companies that have
passed through the CSA, 317 are selected to be included in the index, the top 10% in terms of their
sustainability scores of each industry sector (RobecoSAM, 2018a). All three ESG indices make
explicit claims to exclude companies with involvement in tobacco, nuclear power, gambling,
alcohol and weapons.
The Dow Jones Islamic Market World Index (DJIM) is an ethical equity index that does not screen
companies based on ESG criteria but rather by their degree of Shariah compliance. Companies
included in the index cannot derive income from alcohol, tobacco, weapons, adult entertainment,
conventional financial services and have pork-related products exceeding 5% of their revenues.
There are several similarities between the DJIM and the three ESG equity indices pertaining the
business categories excluded (S&P Dow Jones Indices, 2019a). However, a rather significant
difference regarding their methodologies is DJIM’s lack of focus on the environment. A large driver
for ESG investing is risks stemming from climate change. Due to the comparative difference in
methodology between ESG and Shariah compliant indices, inclusion of both may yield interesting
results regarding the directionality structures over the different investment horizons between ESG
and a more ethically driven equity index.
The S&P500 composite index (S&P500) and the MSCI World (MSCIW) constitute our two
conventional equity indices. The S&P500 is the most commonly used benchmark index for
conventional equity performance globally. The index is constructed with 500 U.S. large cap
companies reflecting the performance of the U.S. equity universe (S&P Dow Jones Indices, 2019b).
The MSCI World is constructed with 1636 constituents of both large and mid-cap companies from
23 developed markets (MSCI, 2019b). The index reflects the performance of companies from the
developed world and its equity universe. Even though both S&P500 and MSCIW do not include
equities from emerging markets it does not present a problem as most of the assets in ESG
investing and growth of the field is achieved in developed markets (Schroders, 2018). Inclusion of
the two makes for a higher quality analysis comparing the performance directionality between ESG
equity indices and benchmark conventional equity indices.
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The USD/EUR exchange rate (USDEUR) is included to capture the directionality between ESG
and exchange rates. By using the exchange rate between the US Dollar and Euro, two of the most
widely used currencies in the world, we can measure the global directionality relationship between
ESG and exchange rates. The data for oil is collected as the NYMEX WTI Light Sweet Crude Oil
Futures prices (COIL). Using the price of futures contracts better reflects the demand for oil
because of its integral part in the world economy. Moreover, The NYMEX crude oil futures prices
encapsulate the effects of global geopolitical events, such as wars and civil unrest, which cause
changes in the volatility and mean of the futures contract prices (Noguera-Santaella, 2016). Thus,
as the oil variable acts as an approximation of geopolitical events, rather than merely oil futures
prices, it expands the avenue of analysis of the directionality between ESG and oil to ESG and
geopolitical events. Gold is included as the CMX-Gold 100 OZ futures contract prices (GOLD).
Gold is a commodity with financial characteristics important for portfolio diversification and
hedging.
Figure 4 displays all variables in logarithmic first difference. The visual representation facilitates a
comparison of the variables over the time period. In general, all variables depict many similarities.
During the global financial crisis, between roughly 2008-2010, all variables display more volatile
patterns with greater contrasts in daily performance. Though, the commodities and currency
variables indicate greater average volatility extending throughout the entire sample period as
compared to the ESG, ethical and conventional equity variables. Both variables USDEUR and
COIL display greater volatility around 2014-2016. During the time when crude oil prices started to
fall significantly, which may have been caused by increasing supply (Swedish Riksbank, 2015). The
price fall coincides with the increased volatility during the period. Additionally, the ESG, ethical
and conventional equity index variables did not exhibit similar volatility behavior during the same
period. Even though they show volatility clustering as well, it is much less pronounced.
The volatility behavior of ESG, ethical and conventional equity indices is close to identical. Not
surprising considering that the correlations between the six different variables are approaching
positive one as can be observed viewing the correlation matrix in appendix 9.1. Thus, the
correlational relationships between these variables are almost perfectly positive. Meaning that they
predominantly follow the same direction over the sample period. It could seem unnecessary to
perform the study on six equity indices with such similar correlations to one another during the
entire sample period. However, it could also be that the characteristics in variable directionalities
does not conform to the correlation structures during different investment horizons. Despite
strong correlation over the entire sample period between ESG and conventional equities it could
be that such a relationship, for instance, does not hold true for investments over the medium-term
horizon pertaining to 32-64 days.
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Figure 4: All variable series presented in logarithmic first difference
Note: Graphs of variable series presented in logarithmic first difference. All series are stationary.
Source: Thomson Reuters Datastream (2019)
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5.2. Descriptive Statistics
All data is collected from Thomson Reuters Datastream. The time frequency is daily, and the time
period surveyed is from 2007-10-01 to 2018-12-31. The time period is chosen because it covers a
wide range of market conditions. In its roughly 11-year length there are included periods of
significant market turmoil such as the global financial crisis between 2007-2008 and the following
great recession between 2008-2012. However, the time period also covers a contrasting period of
market boom such as the recent bull market that broke records in America as the longest lasting in
history with the S&P500, for example, advancing more than 300% since 2009 (CNN, 2018).
Conducting the study over a time period involving several business cycles makes more robust
estimations on the directionality between the variables.
In table 3, descriptive statistics for each variable is presented in logarithmic first difference form.
From reading the statistics in table 3, it is evident that each series shows leptokurtic behavior. The
kurtosis values indicate that the distributions of the variables are not normally distributed but rather
display signs of “tailedness”. A kurtosis value of three would mean that a variable is normally
distributed (Verbeek, 2012). Since all variables included in this study have values greater than or
less than three, it suggests that their probability distributions are not best represented as normal.
Moreover, the skewness values are not equal to one, further solidifying the claim that the variable
distributions are non-normal, as a value removed from one indicates that the variable is
asymmetrically distributed. Additionally, the Jarque-Bera null hypothesis of a time series being
normally distributed is rejected for all variables. In sum, the three statistical measurements lend
support to the claim that each variable time series is non-normally distributed. In figure 4, all series
are plotted graphically for visual examination. As can be noted from inspection, all series have a
mean of zero in logarithmic first difference, indicating stationarity. ADF- and KPSS-tests for unit
root provide evidence that the series are stationary in their current form. Unit root testing for a
constant as well as for both a constant and a deterministic trend can be rejected for all series. The
series are thus said to be integrated of order one, I(1). Further inspection of figure 4 indicates that
each series shows clear signs of clustered volatility dependent on which time observations are made.
Thus, they are not homoscedastic since the volatility varies over the roughly 11-year time period.
Testing for heteroskedasticity through the ARCH-LM strongly suggest that each variable is
heteroskedastic, displaying ARCH effects, as the null hypothesis of no heteroskedasticity can be
rejected for all variables. This implies that a more befitting model, like GARCH, for heteroskedastic
variables, is motivated to employ. Furthermore, as indicated by the Ljung-Box test, the Q-statistics
for all but two series, the USDEUR exchange rate and GOLD, suggest that the variables suffer
from autocorrelation.
Due to the Jarque-Bera, Kurtosis and Skewness indicating non-normally distributed variables we
performed a post-estimation BDS-test on the variables in logarithmic first difference. The test is
used to estimate presence of non-linearity in the data. As indicated by the estimations in table 4, all
nine variables demonstrate definite presence of non-linearity, rejecting the null hypothesis of
linearity at one percent significance level. Likewise, applying the test on residuals between the ESG
and the other financial variables, as can be viewed in appendix 9.3, the null hypothesis was always
rejected. Thus, indicating that there may be uncaptured nonlinearity between variables, suggesting
that a non-linear analytical approach, such as the non-linear Granger causality model developed by
Diks & Panchenko (2006), being recommended over a simple linear one.
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Table 3: Descriptive Statistics for variable series in logarithmic first difference
Variables

Mean (%)

Std.Dev (%)

Skewness

Kurtosis

Jarque-Bera

ARCH(10)

Panel A: ESG equity indices
FTSE4GLB
DJIM
DJSIW
MSCIWESG

-0,00002
0,00011
-0,00002
0,00004

0,01109
0,01041
0,01174
0,01062

-0,305
-0,468
-0,327
-0,471

8,609
10,300
8,517
8,737

9125,628***
13103,660***
8939,862***
9461,733***

6,237***
6,114***
6,978***
5,152***

Panel B: Conventional equity indices
S&P500
0,00016
MSCIW
-0,00005

0,01247
0,01068

-0,348
-0,487

11,098
9,256

15148,150***
10612,020***

Panel C: Currency & Commodity
USDEUR
COIL
GOLD

0,00623
0,02386
0,01150

0,144
0,121
-0,236

3,376
4,902
6,218

1407,320***
2952,820***
4764,990***

-0,00007
-0,00019
0,00018

Q

2

ADF I(1) - C

ADF I(1) - CT

KPSS I(1) - C

KPSS I(1) - CT

64,232***
60,621***
66,745***
59,432***

-38,70139***
-38,66248***
-38,59745***
-38,74758***

-38,71785***
-38,66953***
-38,61267***
-38,76153***

0,220
0,149
0,191
0,205

0,114
0,086
0,090
0,114

3,255***
6,241***

54,079***
58,594***

-42,45423***
-38,73691***

-42,47231***
-38,75147***

0,255
0,210

0,136
0,116

2,946***
3,780***
2,032**

8,312
32,204***
15,220

-53,5927***
-57,09588***
-53,95859***

-53,58355***
-57,09062***
-53,98213***

0,036
0,082
0,255

0,036
0,055
0,070

Note: Table over descriptive statistics of variables in logarithmic first difference. Variable test statistics are indicative of non-normality and asymmetric behavior in all series. The notations *, ** and *** indicate
rejection of null hypothesis at 10%, 5% and 1% significance level. The ADF and KPSS have been tested in two different procedures, the first one is only tested with a constant (C) and the second one is with both
constant and trend (CT). Both the tests show that there is no unit root process because of the null hypothesis is rejected. The ARCH(10) test for heteroskedasticity have been conducted with 10 lags and indicate for
heteroscedasticity for all variables since the null hypothesis is rejected. The same follows for the Ljung-Box test for autocorrelation (Q2) except for variables USDEUR and GOLD.

Table 4: BDS Independence Test

Log & 1st Diff

Dim
2
3
4
5
6

FTSE4GLB
BDS-statistic
0.018989***
0.044502***
0.066097***
0.080470***
0.088726***

DJIM

DJSIW

MSCIWESG

S&P500

MSCIW

USDEUR

COIL

GOLD

0.018478***
0.044460***
0.066808***
0.081116***
0.089405***

0.018396***
0.041260***
0.061470***
0.074830***
0.082586***

0.020202***
0.047633***
0.070559***
0.085274***
0.093829***

0.024036***
0.055327***
0.081203***
0.099233***
0.109581***

0.019333***
0.046152***
0.069083***
0.083900***
0.092547***

0.007784***
0.017198***
0.025686***
0.031273***
0.034440***

0.021833***
0.045872***
0.064419***
0.074472***
0.080316***

0.008165***
0.018087***
0.027871***
0.033938***
0.036927***

Note: BDS-test conducted on residuals series from VAR-model estimations in logarithmic first difference. Test method: fraction of pairs, value: 0.7 and dimensions: 6. Notations *, ** and *** indicate rejections of
the null-hypothesis at 10%, 5% and 1% significance level. The null-hypothesis is: The residuals are independent and identically distributed (iid). The test-statistics indicate rejection of the null-hypothesis at 1%
significance level for all variables.

30

5.3. Rating Scales
Because the three ESG variables and the Islamic index all stem from different index providers it is
of interest to us to understand the underlying processes in how each ESG and ethical index is
constructed as heterogeneity can potentially cause varying directionalities. Some providers rely
more on quantitative models and others on qualitative questionnaires. Index providers may also
use a mixed methodology including both qualitative and quantitative elements. Differences also
exist in the formulation of questions to be answered pertaining ESG factors. Some index providers
explicitly state that they give weight to company specific controversies such as environmental
catastrophes and child labor in the ratings process. As the procedures and rating scales differ
substantially between providers and some make use of complex quantitative models, more
elaborate descriptions of the processes can be found on their respective webpages. Table 5 provides
a summary of the different methodologies of the four different index providers’ construction of
the ESG indices and the ethical one.
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Table 5: ESG variables index provider rating scales
MSCI ESG
The goal of the rating process is to answer two main questions :
1. Which negative externalities can create unanticipated costs in
the medium- and long-run for companies?
2. Which ESG factors can affect an industry and create
opportunities in the medium- and long-run for companies?

ESG RATING SCALES
FTSE4GOOD
Rating process based on four levels, which are
built on 300 individual indicators composed of
pillars, thematic exposures and scores.
Four levels :
- Top level: ESG rating is between 0 – 5 to 1
decimal point.
- Second level: ESG pillar score & pillar exposure
is between 0 – 5 to 1 decimal point.
- Third level: ESG theme score and theme
exposure is 0 – 5 decimal point.
- Fourth level: points assigned per indicator met.

Dow Jones Sustainability
Questionnaire :
Multiple choice questions,
answers are awarded a
number between 0 – 100.
Answers are reconstructed
into quantitative scores.

Dow Jones Islamic Market
First screening process :
- Sector-based screens, Shariah law compliance as
determined by the Shariah supervisory board.

- A maximum of 5 % of a company’s revenue can be
derived from:
To answer the two main questions, the MSCI rating scale uses
1. Alcohol
the following four key questions :
Sustainability score process : 2. Tobacco
1. What are the most significant ESG risks and opportunities
- Based on amount of
3. Pork-related products
facing a company and its industry?
questions answered and a 4. Conventional financial services (banking, insurance,
2. How exposed is the company in its managing of key risks
calculation model.
etc.)
and/or opportunities?
- The total score is the
5. Weapons & Defense
3. How well is the company managing key risks and/or
number of question points 6. Entertainment (Hotels, casinos/gambling,
opportunities?
Two types of assessment. Score assessment for
received multiplied with pornography, music, etc.
4. What is the overall picture for the company and how does it
measurement of practice and performance.
questions weights and
capture to its global industry peers?
Exposure assessment for relevance and
criterion weights.
Second screening process :
materiality. The aim is to cover the followig four
- Accounting-based screens, measuring financial ratio
The MSCI ESG rating scale values what is believed to be
goals :
Media & Stakeholder
filters, companies are eliminated based on debt and
material for the industries. It searches for material risks and
1. Qualitative indicators assessing quality of
Analysis (MSA) :
interest income.
opportunities for the industries with a quantitative model.
management and approach
- Cases when companies
Companies are divided into three different categories based on 2. Quantitative indicators measuring corporate
are connected with a
- In the second screening process, the following
ESG ratings. A company is provided a rating from CCC, which is data disclosure.
negativity, for example,
criterias are reviewed:
the worst rating, to AAA, which is the best rating. The categories 3. Sector specific indicators tailored for different corruption, labor disputes 1. Total debt divided by trailing 24-month average
are :
industrial sectors.
or other types of
market capitalization.
- Lowest level, "Laggard", with companies rated CCC and B.
4. Performance indicators that use quantitative
controversies.
2. The sum of companies’ cash and interest-bearing
This category consists of companies with significant ESG risks. data to make performance judgements.
- MSA has its own
securities divided by trailing 24-month average market
- Average level, comprising companies with mixed track records,
measuring process
capitalization.
having ratings BB, BBB or A.
Companies are categorized in one of four different
3. Accounts receivables divided by trailing 24-month
- Highest level, "Leaders", with companies rated AA or AAA.
levels depending on exposure. The level range is
average market capitalization.
These companies are managing the most significant ESG risks
high, medium, low or not applicable based on the
and opportunities and are leading their respective industries.
14 themes.

Source: MSCI ESG: MSCI (2018a, 2018b), FTSE4GOOD: FTSE (2019b), Dow Jones Sustainability: RobecoSAM (2018b, 2018c), Dow Jones Islamic Market: S&P Dow Jones Indices (2019a)
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6. Results & Analysis
As post-estimation BDS-tests have been conducted, indicating that all variables and residual series
between variables may contain uncaptured non-linearity, encouraging a non-linear analytical
approach. Thus, we will solely analyze the non-linear directionalities between variables. Moreover,
although interconnectedness network analysis is not part of our methodology, we have included it
post-estimation to facilitate more efficient illustration of the directionalities. Yellow color
represents the short-term investment horizon, green for medium-term and blue for long-term. The
thicker the arrow, the more significant is the directionality relationship. Some variable relationships
have not been represented in the network analysis to avoid repetition as the variable directionalities
on some investment horizons were completely uniformly bidirectional.
6.1. ESG variables
Estimations on the directionality between the three ESG variables and the one ethical asset class,
proxied by DJIM, overwhelmingly generated results indicating existence of either uni- or
bidirectionality over the three different investment horizons. As seen in table 9 - 17, both the
VAR(2)- and DCC-GARCH(1,1)-filtered estimations demonstrate quite similar results pertaining
to non-linear directionality. Even after filtering for the volatility transmission between the variables,
most significant directionality relationships still prevail.
Our findings suggest that ESG variables demonstrate many similarities between one another over
all three investment horizons. All ESG relationships show significant bidirectionality on VAR(2)filtered and aggregate return data on all investment horizons. Indicating that one ESG variable can
predict another ESG variable and vice versa. Thus, as these directionality properties hold
consistently over short-, medium- and long-term investment horizons it may imply that the
different ESG variables are integrated and could be considered as a group. Although further
investigating is necessary with the other asset classes. However, the results change after taking the
volatility effect into account. As indicated by the DCC-GARCH(1,1)-filtered estimations between
ESG variables, the short-term investment horizon directionalities change most significantly. For
instance, according to table 11 which is represented visually in figure 7, FTSE4GLB is
unidirectionally related to both DJSIW and MSCIWESG after filtering for the volatility
transmission between variables. Thus, the short-term investment horizon relationships that were
found with VAR(2)-filtered residuals and on aggregate return data may be explained by volatility
spillovers. However, the directionality relationships for both medium- and long-term DCCGARCH(1,1)-filtered estimations still hold as significantly bidirectional.
These findings reveal that there are, in general, no significant differences in the relationships
between the three ESG variables over the different investment horizons. Despite the exceptions
from bidirectionality found for the short-term DCC-GARCH(1,1)-filtered estimations, our
findings indicate overwhelming bidirectionality. For instance, both medium- and long-term
bidirectionality seem not to be explained by simple volatility spillovers between ESG variables. The
results found on the short-term horizon are not enough to establish that they are unrelated.
Consequently, the relationships for medium- and long-term horizons indicate existence of feedback
relationships between ESG variables. Meaning that the return in one ESG variable can predict the
return in another and the other way around.
As the short-term investment horizon relationships become unidirectional when including the
volatility effect in the estimation, the question becomes why some bidirectional relationships
continue to exist while others disappear? The differences between the short-term investment
horizon and the medium- and long-term provide proof of the complex dynamic relationships
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between the ESG variables themselves. As can be seen in figure 5, the short-term relationships
between FTSE4GLB and DJSIW and MSCIWESG were bidirectional. However, after volatility
filtering as seen in figure 7, they are unidirectional. This means that volatility spillover effects
between the variables explained part of the bidirectionality. Although, the volatility transmission
must have explained more of the directionality going from DJSIW and MSCIWESG to
FTSE4GLB as those relationships now do not exist at all. However, the unidirectionality running
from FTSE4GLB to DJSIW and MSCIWESG still prevails after taking the volatility effect into
account, implying that they may be caused by another reason.
A possible explanation could be that there are differences in the ratings processes and the equity
allocations of the ESG indices. Implying that FTSE4GLB, for instance, could potentially
incorporate more information quicker than MSCIWESG and DJSIW. Based on the UNPRI
(2019a) ESG criteria, the indices’ ratings processes and equity selection criteria are different from
one another, as presented in table 5. For instance, if FTSE4GLB can incorporate more information
than the other indices, then traders on the short-term investment horizon, trading with
FTSE4GLB, may react to the new price information by either selling or buying FTSE4GLB. Thus,
investor reactions may explain our short-term investment horizon findings. As our ESG variables
consist of ESG equity indices, whose construction is completely heterogenous. It is entirely
plausible that one index could be better at including new market information than another. The
ESG index market could potentially be demonstrated as a semi-strong efficient market according
to the EMH (Fama, 1970). Thus, the FTSE4GLB may be more efficiently weighted, capturing
newly available market information more rapidly than DJSIW and MSCIWESG. How come that
the unidirectionality is not observed over the medium- and long-term investment horizon? It could
be that for the medium- and long-term investment horizons, constituting 32-64 days and 256-512
days, the ESG variables have had time to adjust to all new information. High-frequency investors,
trading on the short-term investment horizon, 2-4 days, may react more rapidly to new information
than investors on the medium- and long-term. Thus, FTSE4GLB may be more efficiently built,
being able to predict the future values of the other ESG indices, creating the short-term horizon
unidirectionality we observe.
The relationship between ESG and ethical assets show quite similar results as those estimated
between ESG variables on the short- and medium-term investment horizons. As can be noted in
table 11, the directionality relationships between ESG and ethical after DCC-GARCH(1,1)-filtering
on the short-term horizon are significant and bidirectional for all variables besides DJIM and
MSCIWESG. That relationship is unidirectional, with causality running from DJIM to
MSCIWESG, indicating that the volatility transmission may have caused the previously estimated
directionality running from MSCIWESG to DJIM. For the medium-term horizon there is
consistent bidirectionality, just like the estimations between the ESG variables themselves.
However, for the DCC-GARCH(1,1)-filtered estimations on long-term horizon in table 17,
represented in figure 8, ethical does not demonstrate any directionality with ESG. No results were
generated by the model when testing the causality running from DJIM to the ESG variables. This
makes it impossible to explain if the directionality running from ESG to DJIM, as estimated with
aggregate return and VAR(2) in table 15 and 16, may be caused by the volatility effect.
The directionality relationships between ESG and the DJIM, our proxy for an ethical investment,
clearly indicate that there are significant bidirectionality between ESG and ethical on aggregate
return and for the VAR(2)-filtered estimations. Indicating that there is non-linearly explained
information running between the two. This is true over all investment horizons. Our findings
support the results by Azmi et al. (2019) who discovered strong co-movement between the DJSIW
and DJIM over both the short- and long-term investment horizons while employing wavelet
coherence methodology. Thus, finding evidence of ESG being integrated with ethical investments.
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Moreover, as our findings indicate bidirectional causal relationships between ESG and ethical, also
suggesting integration between the two seeming to hold regardless of investment horizon.
Even though the volatility effect from the DCC-GARCH(1,1)-filtered estimations on the longterm indicate no directionality between ESG and DJIM while some estimations producing no
results at all, it is not enough evidence to claim that ethical investments are entirely different from
ESG. As Berry & Junkus (2013) and Lewis & Mackenzie (2000) found, environmental issues is a
more important driver of ethical investing than religious and governance causes. Implying that
there really should be no surprise that an ethical investment index as DJIM is bidirectionally related
to ESG over several investment horizons being that they share strong similarities in the ethical
motives for investing in either. Furthermore, as Hiss (2013) explained, financialization of
sustainability improves the information available in the investor's decision-making by taking
environmental and ethical topics into account. If an investor considers investing in these topics,
then it may be possible, depending on the investors perspective, to denote ESG and ethical
investing as similar based on our results. From the perspective of asset classes, ESG performs
overwhelmingly in line with ethical investments, indicating integration between the two, as the
relationships are predominantly bidirectional.
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Figure 5: Short-term VAR network analysis

Figure 7: Short-term DCC-GARCH(1,1) network analysis

Figure 6: Long-term VAR network analysis

Figure 8: Long-term DCC-GARCH(1,1) network analysis
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6.2. ESG variables and Conventional variables
Two conventional equity indices have been used to estimate the directionalities between ESG and
conventional, the S&P500 and MSCIW. Due to the near perfect correlation between them as
indicated by the value in the correlation matrix available in Appendix 9.2, we have decided to use
MSCIW as the only proxy for the conventional equity asset class. Unlike S&P500, the MSCIW
includes equities from several geographical areas across the developed world (MSCI, 2019).
Thereby, it becomes a better proxy for the relationship between ESG and the global conventional
equity market.
Over all three investment horizons, ESG and MSCIW show significant bidirectional relationships
when not taking the volatility effect into consideration. One deviation exists for the VAR(2)-filtered
estimation on the medium-term horizon between MSCIWESG and MSCIW. Interesting,
considering that they both hail from the same index provider. Though, as can be viewed in Figure
9, 10 and 11, this one exception does not diminish the strong bidirectional nature found between
ESG and conventional equities.
Even after taking the DCC-GARCH(1,1)-filtered estimations into account there are still significant
bidirectionality between ESG and MSCIW on both the medium- and long-term investment
horizons. The findings indicate that the volatility transmission between ESG and conventional
asset classes have little explanatory power on these horizons. However, short-term relationships
demonstrate the most dissimilar results when including the volatility effects. For the short-term
investment horizon, signifying daily effects, which is a proxy for high-frequency trading behavior,
the directionality relationships show less consistency. In table 9, visualized in figure 12, we see that
FTSE4GLB becomes unidirectional with directionality running from it towards MSCIW, while
MSCIWESG still demonstrates bidirectionality, but less significant. Surprisingly, DJSIW remains
unchanged, with a strong bidirectional relationship to MSCIW.
In general, the results over all three investment horizons are clearly indicative of a causal
relationship between ESG and conventional assets running both ways. The results are in no way
different from previous research by Jain et al. (2019) finding evidence of bidirectional volatility
spillovers between ESG and conventional. Explaining that they are integrated, with a flow of
information in both ways. However, though volatility spillovers may explain more of the causal
relationship between ESG and conventional assets on the short-term investment horizon based on
our results. It does not seem to explain the medium- and long-term bidirectionalities, as the
relationships were unaffected by the inclusion of the volatility transmission. Previously, Balcilar et
al. (2017) found evidence of unidirectional volatility spillovers moving from conventional to
sustainable indices. Thus, explaining that ESG variables are affected by uncertainty in global equity
markets. While our findings do not disprove this claim, they do point toward a more bidirectional
relationship between ESG and conventional with conventional being as much affected by ESG as
the other way around. Thus, lagged information in both ESG and conventional seem to be
transmitted to the other regardless of investment horizon. The finding implies that ESG may be
affected by global equity uncertainty, but that global conventional equity may also be affected by
uncertainty in ESG equity. Although, it could also be that ESG equities and conventional equities
react the same to uncertainty in equity markets in general. Findings by Antonakakis et al. (2016)
and Apergis (2015) indicate that economic policy uncertainty risk is priced in sustainable and
conventional investments only after the global financial crisis. Although these findings are not
explained by our evidence, the significant bidirectional relationships over the different investment
horizons suggest that the similar reaction to economic policy uncertainty risk may not be
coincidental but rather that both ESG and conventional equities are part of the same universe of
equities.
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One of the findings for the short-term investment horizon seem to go against the findings by
Balcilar et al. (2017), suggesting that at least one relationship, indicate unidirectionality from
FTSE4GLB to MSCIW. Thus, for this bivariate relationship, lagged information in FTSE4GLB
seem to predict the behavior of MSCIW. However, it is important to understand that this
relationship only exists specifically between these two variables and not with the other ESG
variables. Thus, it does not imply any generality between ESG and conventional being
unidirectional for the short-term investment horizon. If anything, ESG as a class continues to
overwhelmingly show significant bidirectionality with conventional. The unidirectionality running
from FTSE4GLB to MSCIW may be caused by characteristics independent to FTSE4GLB
potentially pertaining to the equity selection process and its component weighting. Interestingly,
FTSE4GLB also happened to be the only ESG variable that demonstrated a unidirectional
relationship to the other two ESG variables on the short-term investment horizon after controlling
for the volatility transmission between series. Indicative of heterogeneity inherent in FTSE4GLB
producing the short-term relationships we observe.
Although we find two exceptions from the general rule of bidirectionality, it is certainly not enough
to substantiate a claim of no causal relationship prevailing between ESG and conventional. As our
findings show significant bidirectionality both from and to conventional over the different
investment horizons, it does not indicate that ESG as a class differentiates itself from conventional.
Besides, the behavior of conventional may be used to predict the behavior of ESG and vice versa.
Sadorsky (2014) found that in relation to commodities, responsible investments offer similar risk
management qualities to that of the US equity index S&P500. Thus, ESG and conventional have
been proven to act similarly in relation to other asset classes before. This may be caused by
similarities existent between the two. In addition, previous findings have found that both
conventional and responsible investments generate near equivalent rates of returns (Friede et al.,
2015; Hamilton, Jo & Statman, 1993; Humphrey and Tan, 2014; Revelli and Viviani, 2015).
Constituting yet another similarity between the two.
ESG, ethical and conventional investments all share one commonality; they are equities. The
bidirectional causal relationships we find over the different investment horizons between ESG and
conventional may potentially hold true for ethical and conventional as well. In fact, previous studies
indicate that they do. Ajmi et al. (2014) present evidence on DJIM being both linearly and nonlinearly affected by shocks in the global equity markets, making it integrated with the conventional
asset class. Similarly, results from Hammoudeh et al. (2014) indicate that time invariant dependency
exists between the S&P500 and DJIM. Suggesting that the restrictions placed on the equity
selection process may not be enough to render ethical much different from conventional. As our
results over ESG and conventional largely follow the results found between ethical and
conventional, it may suggest that there exists a link between the three different investments.
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Figure 9: Short-term VAR network analysis

Figure 12: Short-term DCC-GARCH(1,1)
network analysis

Figure 10: Medium-term VAR network analysis

Figure 13: Medium-term DCC-GARCH(1,1) network analysis

Figure 11: Long-term VAR network analysis

Figure 14: Medium-term DCC-GARCH(1,1) network analysis
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6.3. ESG variables and Currency & Commodities
Both ethical and conventional demonstrated overwhelming bidirectionality with ESG. However,
relationships between ESG and commodities and currency are different.
On the medium-term investment horizon, directional relationships between ESG and ethical and
conventional rarely deviated from bidirectionality. The very same is true between ESG and
commodities and currencies too. Once again, the volatility does not seem to explain any of the
directional relationships over the medium-term investment horizon as indicated by the estimations
in table 12 and 13, represented in figure 16. Whatever the cause, the relationships between ESG
and any other financial asset class demonstrate strictly bidirectional nature over the medium-term
horizon, corresponding to trading behavior between 32-64 days. ESG as a group do not show any
divergence from any other asset class over this horizon. They are all integrated with one another
and even though the equity selection process and component weighting are heterogenous between
ESG indices, they do not seem to have any influence on the medium-term directionalities.
More interesting relationships arise when probing into the estimations on the short-term
investment horizon. While ignoring the volatility effect, there are yet again bidirectional
relationships between ESG and commodities and currencies, similarly to the medium-term.
However, two exceptions appear after the VAR(2)-filtering as both FTSE4GLB and MSCIWESG
demonstrate unidirectional relationships with COIL with directionality running from the ESG to
COIL. Indicating that the estimated directionality on the aggregate return series running from
COIL to FTSE4GLB and MSCIWESG may not be non-linear in nature, but presumably linear
instead. Therefore, after removing linear dependency, we do not detect any significance.
Following the same trend as earlier analysis, the short-term investment horizon directionality
changes when applying the DCC-GARCH(1,1)-filtering process on the variables. In table 11, there
is no avoiding the tremendous effect that volatility seem to have on the directionalities in table 9
and 10, showcasing aggregate return and VAR(2)-filtering estimations. Unlike previous estimations
between ESG and ethical and conventional on the short-term horizon, this time, there are much
less significant directionality between variables. The bidirectionality between GOLD and ESG
completely disappears. The same is true for the previously bi- and uni-directionalities between ESG
and COIL. Thus, implying that the volatility transmission between ESG and commodities being a
significant part of the explanation on the short-term.
Because there are no longer any significant directionalities after removal of the volatility
transmission, it could be regarded as proof that there at least are significant volatility spillovers
between ESG and commodities. Mensi et al. (2017) found similar results between DJIM, DJSIW
and both commodities. Both DJIM and DJSIW were net contributors of volatility spillovers
running to gold and crude oil. Unlike the findings by Mensi et al. (2017), our findings indicate
bidirectional relationships that may be explained by the volatility transmission between the
variables. As the estimations in table 9 and 10, represented in figure 15, show bidirectionality
between GOLD and ESG which completely disappears after considering the volatility
transmission, as can be viewed in figure 18. That should be indicative of volatility spillovers going
both ways, meaning that the relationship is bidirectional. Implicating that the findings are not
entirely consistent with Mensi et al. (2017). However, because we study different investment
horizons, it may be that our findings present new light to the significance of volatility transmissions
between ESG and commodities being dependent on the investment horizon.
Furthermore, as Mensi et al. (2017) found similar evidence between DJIM and commodities it
could signify that there are similarities between ESG and ethical pertaining the relation to
commodities. Additionally, similarities have not solely been found between ESG and ethical
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investments’ relationships to commodities. Sadorsky (2014) found that responsible investments
have similar risk management qualities to gold and oil as the conventional equities. Thereby, it
could be that as ESG displays similar volatility spillover characteristics as ethical and similar risk
management qualities as conventional in relation to commodities, suggesting that they are all a
similar asset class.
Regarding the long-term investment horizon, the directionality relationships have been more
difficult to estimate. Due to failure with no convergence, as can be noted in table 17, on the
relationships between GOLD and ESG we will not delve deeply into the long-term horizon for
that bivariate relationship. However, the COIL and ESG directionality could be estimated on the
long-term horizon and is represented in figure 20. Although, the different ESG variables vary in
their directionality to COIL on this horizon. Significant unidirectionality was found running from
MSCIWESG and FTSE4GLB to COIL. Meanwhile, DJSIW demonstrate a significant bidirectional
relationship with COIL. As the ESG variables differentiate from one another, it is impossible to
conclude what the influence of ESG is in general over the long-term investment horizon. As all
three ESG variables, at least, display significant directionality running in the direction from ESG
to COIL, it could be that ESG can be used more often to predict the behavior of COIL on the
long-term investment horizon than the other way around.
As can be seen in table 12 and 15, both the medium- and long-term investment horizons either
demonstrate bidirectional or unidirectional relationships between ESG and COIL after controlling
for the volatility transmission. Meaning that the directionalities found on those investment
horizons are caused by something other than volatility. It may potentially be tied to the
financialization of commodity markets. Mayer (2009) found significant evidence of growing
interdependence between commodities and equity markets. That may be true over different
investment horizons as well. Interestingly, even though ESG investments include selection
processes which remove heavy carbon-emitters from inclusion due to low ESG scores, ESG still
displays significant directionalities over the long-term and strict bidirectionality over the mediumterm. It may be that this is a sign of increasing financialization occurring over these investment
horizons as well. It could also be that our ESG variables, which consist of indices with several
hundred equity allocations, are not different from global conventional equities. However, as the
short-term investment horizon directionality between COIL and ESG indicate no significant
relationships, while the medium-term is strictly bidirectional and the long-term relationships are
mixed. Directionality relationships seem to be heterogenous, shifting dependent on the investment
horizon.
Interestingly, previous findings by de Oliveira et al. (2016) detected that socially responsible
companies in the Brazilian stock market were causally dependent to the international crude oil
market. As our results provide evidence of dependence on some investment horizons, but not all,
they are not entirely different from the findings of de Oliveria et al. (2016). Adding to their findings,
ours suggest that directionality between ESG and COIL may be dependent on the investment
horizon. The short-term horizon seems to be lacking integration between COIL and ESG while
the medium-term findings suggest integration between the two. For the long-term, however,
directionality may be contingent upon the heterogeneity of the ESG equity construction process
as the directional relationships vary dependent on which ESG variable one surveys.
The directionalities between ESG variables and currency indicate that in the short- and mediumterm, based on the VAR(2)-filtering estimations, the results show evidence of bidirectionality.
However, the DCC-GARCH(1,1)-filtered estimations on the short-term, indicate that the
directionality running from FTSE4GLB to USDEUR is unidirectional. There is no directionality
relationship between MSCIWESG and USDEUR on the short-term, indicating that any
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directionality found in the VAR(2) and aggregate return estimations could be explained as caused
by volatility transmission. In the long-term horizon, the DCC-GARCH(1,1)-filtered estimations
indicate bidirectionality between ESG and currency even after taking the volatility transmission
into account. Interesting, considering only unidirectionality exists running from FTSE4GLB and
MSCIWESG towards USDEUR in the VAR(2)-filtered estimations. Conclusively, for the mediumand long-term relationships after controlling for volatility transmission, our findings suggest that
ESG and currency could likely predict one another as bidirectionality predominantly prevails. A
previous study by Bahmani-Oskooee & Sohrabian (1992) found evidence of bidirectionality
between the S&P500 and the effective exchange rate of the US dollar in the short-term, but not in
the long-term. Our results between ESG variables and currency may present valuable information
for the different investment horizons. Because our findings between ESG variables and MSCIW
show evidence of directionality, then ESG may potentially be integrated with conventional equities,
depending on the investor's perspective. Therefore, ESG and currency may potentially show similar
results as Bahmani-Oskooee & Sohrabian (1992). However, compared to their research we found
that there does exist directionality between ESG and currency in the long-term. However, as
Bahmani-Oskooee & Sohrabian (1992) did not survey different investment horizons and used
monthly data, compared to our daily, they may not be entirely comparable. However, their evidence
of bidirectional causality, the same as we find over the medium- and long-term even after removing
the volatility transmission, still provides a beneficial finding in explaining the potential relationship
between ESG and currency, since ESG and conventional are both equities.
Despite the complete absence of directionality between commodities and ESG on the short-term
investment horizon after GARCH-filtering, the significant relationships on the medium-term and
the long-term suggest that ESG is not unrelated to commodities. Therefore, we cannot conclude
whether ESG acts as its own asset class with regard to commodities. However, the relationships
indicate that directionality with commodities seem to be heterogenous, namely, depending on the
investment horizon. Furthermore, as crude oil acts as a proxy for geopolitical events, ESG equities
could be said to be indirectly affected by geopolitical events as indicated by significant directionality
with COIL on several investment horizons. As previous research has detected that ESG share
similar characteristics to both ethical and conventional regarding commodities, it could once again
mean that ESG acts as a conventional equity class and not as independent from other equities.
Although, as we did not estimate the directionalities between conventional and commodities and
currency, we do not know if those results would be similar to the ones we found between ESG
and commodities and currency.
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Figure 15: Short-term VAR network analysis

Figure 18: Short-term DCC-GARCH(1,1)
network analysis

Figure 16: Medium-term VAR network analysis

Figure 17: Long-term VAR network analysis

Figure 19: Medium-term DCC-GARCH(1,1)
network analysis

Figure 20: Long-term DCC-GARCH(1,1)
network analysis
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Table 6: Linear and non-linear Granger causality tests on aggregate return
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(7)
***(10)
***(8)
***(8)
***(7)
**(2)
*(5)
***(2)

***(7)
(7)
***(10) (10)
(8)
*(8)
***(8)
(8)
**(7)
*(7)
***(2) **(2)
**(5)
(5)
(2)
***(2)

*(7)
(10)
(8)
(8)
*(7)
***(2)
(5)
***(2)

DJIM
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(7) ***(7)
*(7)
(7)
***(7)
***(5)
***(9)
***(3)
(2)
***(9)
***(2)

***(7)
***(5)
***(9)
***(3)
***(2)
*(9)
*(2)

(7)
(5)
(9)
***(3)
**(2)
(9)
***(2)

*(7)
**(5)
(9)
***(3)
**(2)
(9)
*(2)

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(10) ***(10) (10)
(10)
***(7) ***(7)
*(7)
(7)
***(8)
***(8)
***(8)
***(2)
(5)
***(6)

***(8)
***(8)
***(8)
(2)
(5)
***(6)

*(8)
*(8)
(8)
**(2)
(8)
(6)

(8)
(8)
(8)
***(2)
(8)
(6)

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
(8)
***(8)
(8)
*(8)
***(5) ***(5) **(6)
(6)
***(8) ***(8)
(8)
*(8)
***(8)
**(5)
**(2)
*(5)
***(2)

***(8)
(5)
***(2)
*(5)
(2)

(8)
(8)
*(2)
(5)
***(2)

*(8)
(8)
***(2)
(5)
**(2)

Note: The test is made in two directions: Y|X implies that variable X Granger-causes variable Y, and X|Y implies that variable Y Granger-causes variable X. Lag length is presented in parenthesis for each
pairwise estimation. *, ** and *** denote that the null hypothesis is rejected at the 10%, 5% and 1% significance level, respectively. Lag structure has been selected based on the lowest AIC

Table 7: Linear and non-linear Granger causality tests on VAR-filtered variables on aggregate return
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
**(7)
**(7)
**(7)
***(10) ***(10) (10)
(8)
(8)
(8)
***(8) ***(8)
(8)
**(7)
**(7)
(7)
(2)
(2)
**(2)
(5)
(5)
(5)
(2)
(2)
***(2)

*(7)
(10)
(8)
(8)
*(7)
***(2)
(5)
***(2)

DJIM
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
**(7)
**(7)
*(7)
**(7)
***(7)
(5)
***(9)
(3)
(2)
***(9)
(2)

***(7)
(5)
***(9)
(3)
(2)
(9)
(2)

*(7)
*(5)
(9)
***(3)
**(2)
(9)
***(2)

**(7)
**(5)
*(9)
***(3)
**(2)
(9)
(2)

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(10) ***(10) (10)
(10)
***(7) ***(7) **(7)
*(7)
***(8)
***(8)
***(8)
(2)
(5)
(6)

***(8)
***(8)
***(8)
(2)
(5)
**(6)

*(8)
(8)
*(8)
**(2)
(5)
(6)

(8)
(8)
(8)
**(2)
(5)
(6)

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
(8)
(8)
(8)
(8)
(5)
(5)
**(5)
*(5)
***(8) ***(8)
(8)
*(8)
***(8)
(5)
(2)
(5)
(2)

***(8)
(5)
(2)
(5)
(2)

(8)
*(5)
*(2)
(5)
***(2)

(8)
(5)
***(2)
(5)
**(2)

Table 8: Linear and non-linear Granger causality tests on DCC-GARCH(1,1)-filtered variables on aggregate return
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(1)
***(1)
***(2)
***(2)
***(2)
(1)
**(1)
**(2)

**(1)
***(1)
***(2)
(2)
***(2)
(1)
(1)
(2)

*(1)
(1)
(2)
***(2)
*(2)
(1)
*(1)
*(2)

(1)
***(1)
(2)
(2)
(2)
(1)
**(1)
(2)

DJIM
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
**(1) ***(1)
(1)
*(1)
**(1)
(1)
***(2)
(1)
(1)
***(1)
**(2)

***(1)
(1)
**(2)
(1)
(1)
(1)
(2)

*(1)
(1)
*(2)
(1)
(1)
(1)
(2)

***(1)
**(1)
(2)
(1)
(1)
(1)
(2)

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(1) ***(1) ***(1)
(1)
***(1) **(1) ***(1)
*(1)
***(1)
***(2)
***(2)
*(1)
***(1)
**(2)

***(1)
(2)
***(2)
**(1)
(1)
(2)

***(1)
**(2)
**(2)
(1)
(1)
*(2)

*(1)
*(2)
**(2)
(1)
*(1)
(2)

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***(2) ***(2)
(2)
(2)
(1)
(1)
**(1)
(1)
***(1) ***(1)
*(1)
***(1)
***(2)
***(2)
**(1)
**(1)
(1)

(2)
***(2)
(1)
(1)
(1)

***(2)
(2)
(1)
(1)
(1)

(2)
(2)
(1)
(1)
(1)
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Table 9: Linear and non-linear Granger causality tests on short-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
**
***

***
***
***
**
***
*
**

***
***
***
***
***
***
**
***

***
***
***
***
***
***
***
***

DJIM
Linear
Y|X
X|Y
***
***
***
***
***
***

**

Non-Linear
Y|X
X|Y
***
***

***
***
***
***
***
***
***

***
***
***
***
***
***
**

***
***
***
***
***
***
***

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***

***
***
***

***

**

***
***
***
***
***
***

***
***
***
***
**
***

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***
***
**
***

***
***
***
*
**

***
***
***
***
**

***
***
***
**
**

Table 10: Linear and non-linear Granger causality tests on VAR-filtered variables on the short-term investment horizon
Y-variables

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

**

***
***
***
***
***
***
***

DJIM
Linear
Y|X
X|Y

***
***
***
***
***
***
**
***

Non-Linear
Y|X
X|Y
***
***
***
***
***
***
**
*
***

**

*

***
***
***
***
***
***
***

Linear
Y|X
X|Y

**
*

DJSIW
Non-Linear
Y|X
X|Y
***
***
***
***

*

**

***
***
***
***
**
***

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***

***
***
***
***
***
***

**

***
***
**
***

***
***
***
**
**

Table 11: Linear and non-linear Granger causality tests on DCC-GARCH(1,1)-filtered variables on the short-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***

***
***
***
***
***
*

*

*

**

**
***
**
***
*
**

DJIM
Linear
Y|X
X|Y
***
***
***
*
***
***
**

Non-Linear
Y|X
X|Y
**
*

***

***

***

***
*

*

**

*
*

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
*
***
***
***
***
***

***
***
***
**
***
***

***
***
***
**

**
*
***
**

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
**
*
*
***
***
**
***
***
**
***

***

***
*

**
*

*
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Table 12: Linear and non-linear Granger causality tests on medium-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
**
***
**
***
***

*
***
**
***
*
*

**

***
***
***
***
***
***
**
***

***
***
***
***
***
**
***
***

DJIM
Linear
Y|X
X|Y
*
**
***

Non-Linear
Y|X
X|Y
***
***

***

***
***
***
***
***
***
***

***
*

***

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***

***
***
***
***

***
***
***

***
***

***

***
***
***
**

***
***
***
***
**
***

***
***
***
**
***
***

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
**
**
***
***
***
***
***
***
***
***
***

***

*
***

***
***
**
**
***

***
***
*
***
***

Table 13: Linear and non-linear Granger causality tests on VAR-filtered variables on the medium-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
**
***
***
**
***

***
***
***
***
***
**
***

***
***
***
***
***
**
*
**

***
***
***
***
***
**
**
*

DJIM
Linear
Y|X
X|Y
***
***
**
***
***
**
***
*

***
***
***
***
*
***

Non-Linear
Y|X
X|Y
***
***
***
***
***
***
**
**
**

***
***
***
***
**
**

Linear
Y|X
X|Y
***
***
**
***
***
***
***
***
**

DJSIW
Non-Linear
Y|X
X|Y
***
***
***
***

*
***
***
**
***

***
***
***
***
**
***

***
***
***
***
**
*

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
**
***
***
***
*** ***
***
**
*** ***
***
**

***

***

***
***

**

***
*
***

***

***
***
***
*
*

Table 14: Linear and non-linear Granger causality tests on DCC-GARCH(1,1)-filtered variables on the medium-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
**

***
***
***
***
***
*
***

***
***
***
***
***
***
***
***

***
***
***
***
***
***
***
***

DJIM
Linear
Y|X
X|Y
***
***
***
***
***
***
**
***

***
***
***
***
**
***
**

Non-Linear
Y|X
X|Y
***
***
***
***
***
***
***
***
***

***
***
***
***
***
***
***

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***
**
**

***
***
***
**
**

***
***
***
***
***
***

***
***
***
***
***
***

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***
***
***

***
***
*
***

***
***
***
***
***

***
***
***
***
***
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Table 15: Linear and non-linear Granger causality tests on long-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
*

***
*

***
***
***

***
***

***

*

***
***
***
***
***
***
**
*

***
***
***
***
***
**
*

DJIM
Linear
Y|X
X|Y
***
***
***
***
***
***
***
***

Non-Linear
Y|X
X|Y
***
***

***
***
***
***

***
***
***
***

***
*

***
***
***
***
***
***

***

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
*
*
***
***
***
***
***
***
***
***
***
***
***
***

***
***
***

***
***
***

***
**

***
***
***
***
**

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***
***
**
***

***
***
***
**

**
***
***
*
*

***
***
**
***

Table 16: Linear and non-linear Granger causality tests on VAR-filtered variables on the long-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
**
***

***
***
***
***
***
***

***
***
***
***
***
**

***
***
***
***
***
**
***
***

DJIM
Linear
Y|X
X|Y
***

**
*
*

***
***
**
***
***
***
***

Non-Linear
Y|X
X|Y
***
***
***
***
***
***
**
**
***

***
***
***
***
*
***
**

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***

***
***
***
***
***
***

***
***
***
*
**
**

***
***
***
**
***
**

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***
***
***
***
***
***

***
***
***
***
***

***
***
**

***
***
*
***
***

Table 17: Linear and non-linear Granger causality tests on DCC-GARCH(1,1)-filtered variables on the long-term investment horizon
Y-variables

FTSE4GLB
DJIM
DJSIW
MSCIWESG
S&P500
MSCIW
USDEUR
COIL
GOLD

FTSE4GLB
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***

***
***
***
***
***
***

***
***

*
***

***
***

***
***
**

DJIM
Linear
Y|X
X|Y
***
**
***
***
***
***
***

***
***
***
***
***
**
***

Non-Linear
Y|X
X|Y

DJSIW
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
*
***
***
**
***
***
***
***
***
***

***
***
***
***
***

***
*
***
***
**

MSCIWESG
Linear
Non-Linear
Y|X
X|Y
Y|X
X|Y
***
***
***
***
***
***
***
***
***
***

***
***
***
***

***
***
***
***

***
***

**
***

*
***
***

***

Note: The test is made in two directions: Y|X implies that variable X Granger-causes variable Y, and X|Y implies that variable Y Granger-causes variable X. Lag length is presented in parenthesis for each
pairwise estimation. *, ** and *** denote that the null hypothesis is rejected at the 10%, 5% and 1% significance level, respectively. Estimations in Oxmetrics between MSCIWESG and S&P500 found no
convergence in both directions. The nonlinear Granger causality test could not estimate results between some of the variables. Because of no convergence and no possible causality tests, some fields are colored in red.
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7. Conclusion & Policy Implications
In recent years there has been an astonishing development in the field of responsible investing.
Ever since the United Nations launched the PRI initiative in 2006, introducing the term ESG, the
practice has skyrocketed and the number of assets under management has increased at an almost
exponential rate. Both private and institutional investors regard responsible investing as a necessity
in dealing with the urgent issues pertaining the environmental, social and governance (ESG).
Despite some confusion arising because of the terminology used in describing ESG investments
and its related terms, the investment shows promising characteristics. Most previous research have
found that ESG investments generate return equivalent to conventional equity assets while
simultaneously improving diversification and risk. Other research has focused on the investments’
performance under financial crisis, its hedging properties but rarely about its integration with other
asset classes. As ESG investments have entered the portfolios of many investors lately it is
important to know its properties in relation to other asset classes. Our aim has been to research
the directionality between ESG and different financial asset classes under different investment
horizons, investigating if ESG can stand as an independent asset class. We have applied a MODWT
wavelet analysis on the data, generating different investment horizons, and executed bivariate linear
and non-linear Granger causality testing on aggregate return, VAR(2)- and DCC-GARCH(1,1)filtered residual series to examine the directionalities.
Our results indicate that our three ESG variables overwhelmingly display bidirectional relationships
between each other regardless of investment horizon and whether the volatility transmission has
been accounted for. Thus, implying that our ESG variables could potentially be treated as an
independent group. This claim is further consolidated by the consistently similar directionality that
ESG, as a group, demonstrates in relation to conventional, ethical, currency and commodity asset
classes. Between both ethical and conventional asset classes and ESG, the results are similar and
mostly bidirectional over all three investment horizons. The most profound differences are
presented on the short-term horizon and even there, the exception does not indicate
bidirectionality. Any deviation from bidirectionality may be indicative of differences pertaining to
the ESG factor ratings process and equity selection of that one variable. Conclusively, ESG show
results suggesting integration with both conventional and ethical.
Based on the bidirectional integration with ethical and conventional and the previous research
suggesting shared financial qualities between ESG and conventional, as well as for conventional
and ethical. It may be that there are no significant differences between ethical equity investments,
conventional equity investments and ESG equity investments. They all hail from the equity
universe and while there may exist some index-specific differences in the directionality to another
asset class under a certain investment horizon, it is not significant enough to consider ESG as an
independent asset class. Rather, such deviations could be explained as pertaining to the
heterogeneities of the ESG index construction processes.
The directionality between ESG and commodities and currencies show greater differences and
investment horizon specific properties. On the medium-term, ESG seem to be strictly
bidirectional, indicating that there is predictive power in both currency and commodity asset classes
in predicting ESG and the other way around. For the short-term horizon, there are no relationships
between ESG and commodities. Instead, the findings implicate that there are significant volatility
spillovers that explain the relationships found before DCC-GARCH(1,1)-filtering, which is
especially true for commodities. The short-term relationships between ESG and currency also
demonstrate significant differences relative to the two other horizons. As we did not test the
relationships between conventional with currency and commodity, we cannot conclude if the same
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relationship structures would be found over the different investment horizons for those. Although,
that would be a suggestion for future research.
The people that are proponents of ESG investing claim that there is a premium in such
investments. They argue, based on the EMH, that the extra-financial information captured in the
ESG ratings process generate excess return over other asset classes. While we do not completely
diminish the contribution ESG has to finance, our findings do not indicate that it is independent
from influence from other asset classes. Rather, it demonstrates significant integration, being as
much a predictor of behavior of other asset classes as it is affected by them. It could be that the
future regulations which will disproportionately affect the highest carbon-emitters (Andersson et
al., 2016) have not yet been priced by the market. Thus, it may be that the ESG premium has yet
to materialize and will first start paying-off in the future. Then, it may attain characteristics that
differentiate it from other asset classes, rendering it less integrated and an independent one. It could
also be that the ESG ratings processes may not be rigorous or strict enough to render ESG an
independent asset class. For instance, despite ESG indices focus on the environment, our findings
suggest integration with crude oil on the medium- and long-term after controlling for volatility
transmission. Something that should be considered by investors considering the motives behind
ESG investing.
Our opinion is that based on the results and previous research, ESG behaves and performs similarly
to other equities, whether ethical or conventional. Thus, we deem that it should be considered as
being part of conventional equities, although that could potentially change. However, we do not
want to diminish the positive aspects of ESG investing, as regardless of ESG being able to be
considered as an independent asset class, the benefits of investing in responsible companies may
still materialize. As ESG investments exclude heavy carbon emitters and other forms of pollution
from inclusion based on the ESG ratings process. Such investment practice may still provide
benefits in dealing with the world’s climate change issues. Helping in the achievement of the Kyoto
protocol and Paris agreement objectives of mitigating climate change and rising world temperature.
Additionally, as ESG takes social and governance factors into account in ESG evaluation, it may
not provide benefits solely pertaining to hampering climate-harming firm practices but also
improve working conditions, potentially abolish child labor and corruption. As the number of
sustainable assets under management now total above $30 trillion (The Global Sustainable
Investment Alliance, 2018) and the continuing growing interest and implementation of ESG by
institutional investors, its positive contributions in combating world issues may become more
significant. In fact, nowhere have we come across information that portrays ESG as a short-term
investment. Quite to the contrary, the purpose behind ESG is long-term sustainability. Climate
change is a slow process and people are becoming more aware of the dangers inherent to it at an
increasing, but slow, rate. As the real effects of climate change are starting to materialize, regulation
will likely follow. ESG may not differentiate itself much from other equities now, but in the longterm perspective, the prospect of ESG should be more attractive than any other equity. Our
research may provide important implications for investors considering our findings over different
investment horizons and its characteristics regarding other asset classes.
As we are the first to our knowledge that research the potential asset class properties of ESG we
recommend if future researchers would investigate the question further. As our study contribute
to the question if there exists directionality between ESG variables and other asset classes. It would
be interesting in the future to examine the directionality between ESG, ethical and conventional
variables compared to each other. Further, a cross-quantilogram approach to measure the
relationship between ESG and other financial asset classes, in order to measure for example tail
dependence would be interesting too.

49

8. References
Ajmi, A.N., Hammoudeh, S., Nguyen, D.K. & Sarafrazi, S. (2014). How strong are the causal
relationships between Islamic stock markets and conventional financial systems? Evidence from
linear and nonlinear tests. Journal of International Financial Markets, Institutions and Money. 28(2014),
213-227. doi:10.1016/j.intfin.2013.11.004
Amel-Zadeh, A., & Serafeim, G. (2018). Why and How Investors Use ESG Information:
Evidence from a Global Survey. Financial Analysts Journal, 74(3), 87-103. doi:10.2469/faj.v74.n3.2
Andersson, M., Bolton, P., & Samama, F. (2016). Hedging Climate Risk. Financial Analysts Journal,
72(3), 13-32. doi:10.2469/faj.v72.n3.4
Antonakakis, N., Babalos, V., & Kyei, C. (2016). Predictability of sustainable investments and the
role of uncertainty: evidence from a non-parametric causality-in-quantiles test. Applied Economics,
48(48), 4655-4665. doi:10.1080/00036846.2016.1161724
Apergis, N. (2015). Policy risks, technological risks and stock returns: New evidence from the US
stock market. Economic Modelling, 51, 359-365. doi:10.1016/j.econmod.2015.08.021
Apergis, N., Babalos, V., & Christou, C. (2015). Identifying Asymmetries between Socially
Responsible and Conventional Investments, Working Papers 201537, University of Pretoria,
Department of Economics
Asimakopoulos, I., Ayling, D., & Mahmood, W. M. (2000). Non-linear Granger causality in the
currency futures returns. Economics Letters, 68(1), 25-30. doi:10.1016/S0165-1765(00)00219-6
Azmi, W., Ng, A., Dewandaru, G. & Nagayev, R. (2019). Doing well while doing good: The case
of Islamic and sustainability equity investing. Borsa Istanbul Review. doi:10.1016/j.bir.2019.02.002
Baek, E. G., & Brock, W. A. (1992). A Nonparametric Test for Independence of a Multivariate
Time Series. Statistica Sinica, 2, 137-156.
Bahmani-Oskooee, M. & Sohrabian, A. (1992). Stock prices and the effective exchange rate of
the dollar. Applied Economics. 24(4), 459-464. doi:10.1080/0036849200000020
Baker, S. R., Bloom, N., & Davis, S. J. (2016). Measuring Economic Policy Uncertainty. Quarterly
Journal of Economics, vol 131(4), 1593-1636. doi:10.3386/w21633.
Bal, D. P., & Rath, B. N. (2015). Nonlinear causality between crude oil price and exchange rate: A
comparative study of China and India. Energy Economics, 51, 149-156.
doi:10.1016/j.eneco.2015.06.013.
Balcilar, M., Demirer, R., & Gupta, R. (2017). Do Sustainable Stocks Offer Diversification
Benefits for Conventional Portfolios? An Empirical Analysis of Risk Spillovers and Dynamic
Correlations. Sustainability, 9(10), 1-18. doi:10.3390/su9101799
50

Bassen, A., & Kovacs, A.M. (2008). Environmental, Social and Governance Key Performance
Indicators from a Capital Market Perspective. Zeitschrift für Wirtschafts- und Unternehmensethik, 9(2),
182-192.
Beal, D. J., Goyen, M., & Phillips, P. (2005). Why Do We Invest Ethically?. The Journal of Investing,
14(3), 66-77. doi:10.3905/joi.2005.580551
Becchetti, L., Ciciretti, R., Daló, A., & Herzel, S. (2016). Socially responsible and conventional
investment funds: performance comparison and the global financial crisis. Applied Economics, 47
(25), 2541-2562. doi:10.1080/00036846.2014.1000517
Bekiros, S. D., & Diks, C. G. H. (2008). The relationship between crude oil spot and futures
prices: Cointegration, linear and nonlinear causality. Energy Economics, 30(5), 2673-2685.
doi:10.1016/j.eneco.2008.03.006
Bello, Z. Y. (2005). Socially Responsible Investing and Portfolio Diversification. The Journal of
Financial Research, XXVIII(1), 41-57. doi:10.1111/j.1475-6803.2005.00113.x
Benhmad, F. (2012). Modeling nonlinear Granger causality between the oil price and U.S. dollar:
A wavelet based approach. Economic Modelling, 29(4), 1505-1514.
Doi:10.1016/j.econmod.2012.01.003
Berry, T. C., & Junkus, J. C. (2013). Socially Responsible Investing: An Investor Perspective.
Journal of Business Ethics, 112(4), 707-720. doi:10.1007/s10551-012-1567-0
Bollerslev, T. (1986). Generalized Autoregressive Conditional Heteroskedasticity. Journal of
Econometrics, 31(3), 307-327, doi:10.1016/0304-4076(86)90063-1
Borghesi, R., Houston, J. F., & Naranjo, A. (2014). Corporate socially responsible investments:
CEO altruism, reputation, and shareholder interests. Journal of Corporate Finance, 26, 164-181.
doi:10.1016/j.jcorpfin.2014.03.008
CFA Institue & United Nations Principles of Responsible Investing. (2018). ESG Integration In
The Americas: Markets, Practices, And Data. Virginia: CFA Institute
Chakrabarty, A., De, A., Gunasekaran, A. & Dubey, A. (2015). Investment horizon heterogeneity
and wavelet overview and further research directions. Physica A: Statistical Mechanics and its
Applications. 429, 45-61. doi:10.1016/j.physa.2014.10.097
Commonfund Institute. (2013). From SRI to ESG: The Changing World of Responsible Investing.
Wilton: Commonfund Institute.
Crowley, P.M. (2007) A Guide to Wavelets for Economists. Journal of Economic Surveys, 21(2), 207267. doi:10.1111/j.1467-6419.2006.00502.x
De Bondt, W. F. M., & Thaler, R. (1985). Does the Stock Market Overreact?. The Journal of
Finance, 40(3), 793-805. doi:10.1111/j.1540-6261.1985.tb05004.x
51

De Gooijer, J. G., & Sivarajasingham, S. (2008). Parametric and nonparametric Granger causality
testing: Linkages between international stock markets. Physica A: Statistical Mechanics and its
Applications, 387(11), 2547-2560. doi:10.1016/j.physa.2008.01.033
De Oliveira, E.M., Cunha, F.A.F.S., Cyrino Oliveira F.L., & Samanez, C.P. (2016). Dynamic
relationships between crude oil prices and socially responsible investing in Brazil: evidence for
linear and non-linear causality. Applied Economics. 49(22), 2125-2140.
doi:10.1080/00036846.2016.1234695
Derwall, J.M.M. (2007). The Economic Virtues of SRI and CSR. Rotterdam: ERIM
doi:10.1016/j.ecolecon.2017.11.036.
De Sousa Gabriel, V. M., & Rodeiro-Pazos, D. (2018). Do Short- and Long-term Environmental
Investments Follow the Same Path?. Corporate Social Responsibility and Environmental Management, 25,
14-28. doi:10.1002/csr.1437
Dickey, D.A., & Fuller W.A. (1979). Distribution of the Estimators for Autoregressive Time
Series With a Unit Root. Journal of the American Statistical Association, 74(366), 427-431,
doi:10.2307/2286348
Diks, C., & Panchenko, V. (2006). A new statistic and practical guidelines for nonparametric
Granger causality testing. Journal of Economic Dynamics and Control, 30(9-10), 1647-1669.
doi:10.1016/j.jedc.2005.08.008
Egan, M. (2018, August 22nd). Market milestone: This is the longest bull run in history. CNN.
Retrieved 2019-04-08 from https://money.cnn.com/2018/08/22/investing/bull-market-longeststocks/index.html
Engle, R. & Sheppard, K. (2001). Theoretical and Empirical properties of Dynamic Conditional
Correlation Multivariate GARCH. National Bureau of Economic Research, Working Paper No. w8554,
doi:10.3386/w8554
Engle, R. (2002). Dynamic Conditional Correlation: A Simple Class of Multivariate Generalized
Autoregressive Conditional Heteroskedasticity Models. Journal of Business & Economic Statistics,
20(3), 339-350, doi:10.1198/073500102288618487
Epstein, G. (2002). Financialization, Rentier Interests, and Central bank Policy. PERI, University
of Massachusetts, Amherst, 1-43.
Escrig-Olmedo, E., Muñoz-Torres, M.J., & Fernandez-Izquierdo, M.A. (2010). Socially
responsible investing: sustainability indices, ESG rating and information provider agencies.
International Journal of Sustainable Economy, 2(4), 442-461. doi:10.1504/JSE.2010.035490
Eurosif. (2016). European SRI study. Brussels: Eurosif
Fama, E. (1970). Efficient Capital Markets: A Review of Theory and Empirical Work. The Journal
of Finance, 25(2), 383-417. doi:10.2307/2325486
52

Friede, G., Busch, T., & Bassen, A. (2015). ESG and financial performance: aggregated evidence
from more than 2000 empirical studies. Journal of Sustainable Finance & Investment, 5(4). 210-233.
doi:10.1080/20430795.2015.1118917
FTSE. (2019a). FTSE4GOOD Developed Index. Retrieved 2019-03-25 from
https://www.ftse.com/Analytics/Factsheets/temp/fdc0db55-63dd-440c-8d59-f8673b1fa2eb.pdf
FTSE. (2019b). Integrating ESG into investments and stewardship. Retrieved 2019-03-19 from
https://www.ftse.com/products/downloads/FTSE-ESG-Methodology-and-Usage-SummaryFull.pdf
Galbreath, J. (2012). ESG in Focus: The Australian Evidence. Journal of Business Ethics, 118(3),
529-541. doi:10.1007/s10551-012-1607-9
Gençay, R., Selçuk, F. & Whitcher, B. (2002). An introduction to wavelets and other filtering methods in
finance and economics. San Diego: Academic press
Global Sustainable Investment Alliance. (2018). Global Sustainable Investment Review 2018. Retrieved
2019-05-08 from
http://www.gsi-alliance.org/wp-content/uploads/2019/03/GSIR_Review2018.3.28.pdf
Granger, C.W.J. (1969). Investigating Causal Relations by Econometric Models and Crossspectral Methods. Econometrica, 37(4), 424-438. Doi: 10.2307/1912791
Hamilton, S., Jo, H., & Statman, M. (1993). Doing Well while Doing Good? The Investment
Performance of Socially Responsible Mutual Funds. Financial Analysts Journal, 49(6), 62-66. doi:
10.2469/faj.v49.n6.62
Hammoudeh, S., Mensi, W., Reboredo, J.C. & Nguyen, D.K. (2014). Dynamic dependence of the
global Islamic equity index with global conventional equity market indices and risk factors. PacificBasin Finance Journal. 30(2014), 189-206. doi:10.1016/j.pacfin.2014.10.001
Hiemstra, C., & Jones, J. D. (1994). Testing for Linear and Nonlinear Granger Causality in the
Stock Price-Volume Relation. The Journal of Finance, 49(5), 1639-1664. doi:10.1111/j.15406261.1994.tb04776.x
Hiss, S. (2013). The Politics of the Financialization of Sustainability. Competition and Change, 17(3),
234-247. doi:10.1179/1024529413Z.00000000035
Hoepner, A. (2010). Corporate Social Responsibility and Investment Portfolio Diversification.
doi:10.2139/ssrn.1599334
Hong, H., Li, F. W., & Xu, J. (2019). Climate Risks and Market Efficiency. Journal of Econometrics,
208(1), 265-281. doi:10.1016/j.jeconom.2018.09.015
Humphrey. J.E., & Tan., D.T. (2014). Does it Really Hurt to be Responsible?. Journal of Business
Ethics, 122(3), 375-386. doi: 10.1007/s10551-013-1741-z
53

International Labour Organization. (2017). Modern Slavery and child labour: 40 million in
modern slavery and 152 million in child labour around the world. Retrieved 2019-02-22 from
https://www.ilo.org/global/about-the-ilo/newsroom/news/WCMS_574717/lang-en/index.htm?ssSourceSiteId=ipec
Jain, M., Sharma, G. D., & Srivastava, M. (2019). Can Sustainable Investment Yield Better
Financial Returns: A Comparative Study of ESG Indices and MSCI Indices. Risks, 7(1), 15.
doi:10.3390/risks7010015
Jensen, M. C. (1978). Some Anomalous Evidence Regarding Market Efficiency. Journal of Financial
Economic, 6(2-3), 95-101. doi:10.1016/0304-405X(78)90025-9
Krueger, P., Sautner, Z., & Starks, L. T. (2018). The Importance of Climate Risks for Institutional
Investors. Swiss Finance Institute Research Paper No. 18-58. doi:10.2139/ssrn.3235190
Kumar, N. C. A., Smith, C., Badis, L., Wang, N., Ambrosy, P., & Tavares, R. (2016). ESG factors
and risk-adjusted performance: a new quantitative model. Journal of Sustainable Finance & Investment,
6(4), 292-300, doi:10.1080/20430795.2016.1234909
Kwiatkowski, D., Phillips P.C.B, Schmidt, P. & Shin, Y. (1992). Testing the null hypothesis of
stationarity against the alternative of a unit root. Journal of Econometrics, 54(1-3), 159-178,
doi:10.1016/0304-4076(92)90104-Y
Leite, P., & Cortez, M. C. (2015). Performance of European socially responsible funds during
market crisis: Evidence from France. International Review of Financial Analysis, 40, 132-141.
doi:10.1016/j.irfa.2015.05.012
Lewis, A., & Cullis, J. (1990). Ethical investments: Preferences and morality. Journal of Behavioral
Economics, 19(4), 395-411. doi:10.1016/0090-5720(90)90025-3
Lewis, A., & Mackenzie, C. (2000). Support for Investor Activism among U.K. Ethical Investors.
Journal of Business Ethics, 24(3), 215-222. doi:10.1023/A:1006082125886
Liesen, A. (2015). Climate Change and Financial Market Efficiency. Business & Society, 54(4), 511539. doi:10.1177/0007650314558392
Lioui, A. (2018). ESG Factor Investing: Myth or Reality?. doi:10.2139/ssrn.3272090
Mayer, J. (2009). The Growing Interdependence Between Financial and Commodity Markets.
United Nations Conference on Trade and Development. 195
McKinsey & Company . (2017). From why to why not: Sustainable investing as the new normal. Retrieved
2019-02-26 from https://www.mckinsey.com/industries/private-equity-and-principalinvestors/our-insights/from-why-to-why-not-sustainable-investing-as-the-new-normal
Mensi, W., Hammoudeh, S., Al-Jarrah, I. M. W., Sensoy, A., & Hoon Kang, S. (2017). Dynamic
risk spillovers between gold, oil prices and conventional, sustainability and Islamic equity
54

aggregates and sectors with portfolio implications. Energy Economics, 67, 454-475.
doi:10.1016/j.eneco.2017.08.031
MSCI. (2018a). MSCI ESG Ratings Methodology: Executive Summary. Retrieved 2019-02-28 from
https://www.msci.com/documents/10199/123a2b2b-1395-4aa2-a121-ea14de6d708a
MSCI. (2018b). About MSCI ESG Ratings. Retrieved 2019-02-28 from
https://www.msci.com/esg-ratings#p_56_INSTANCE_WUm9SsNvCpQe
MSCI. (2019a). MSCI World ESG Leaders Index (USD). Retrieved 2019-05-15 from
https://www.msci.com/documents/10199/db88cb95-3bf3-424c-b776-bfdcca67d460
MSCI. (2019b). MSCI World Index (USD). Retrieved 2019-05-24 from
https://www.msci.com/documents/10199/149ed7bc-316e-4b4c-8ea4-43fcb5bd6523
Nofsinger, J. R. (2014). The psychology of investing. (5th ed.) Boston: Pearson.
Nofsinger, J. R., & Varma, A. (2014). Socially responsible funds and market crises. Journal of
Banking & Finance, 48, 180-193. doi: 10.1016/j.jbankfin.2013.12.016
Noguera-Santaella, J. (2016). Geopolitics and the oil price. Economic Modelling, 52, 301-309.
doi:10.1016/j.econmod.2015.08.018
Percival, D.B. & Walden, A.T. (2000). Wavelet methods for time series analysis. Cambridge: Cambridge
University Press
Pimco. (2017). 10 Reasons ESG Investing Is Growing. Retrieved 2019-02-22 from
https://europe.pimco.com/en-eu/insights/blog/10-reasons-esg-investing-is-growing
Pradhananga, M. (2016). Financialization and the rise in co-movement of commodity prices.
International Review of Applied Economics, 30(5), 547-566. doi: 10.1080/02692171.2016.1146875
Przychodzen, J., Gomez-Bezares, F., Przychodzen, W., & Larreina, M. (2016). ESG Issues among
Fund Managers – Factors and Motives. Sustainability, 8(10), 1078. doi:10.3390/su8101078
Renneboog, L., Horst, J.T., & Zhang, C. (2011). Is ethical money financially smart? Nonfinancial
attributes and money flows of socially responsible investment fund. Journal of Financial
Intermediation, 20(4), 562-588. doi:10.1016/j.jfi.2010.12.003
Revelli, C., & Viviani, J. (2015). Financial performance of socially responsible investing (SRI):
what have we learned? A meta-analysis. Business Ethics: A European Review, 24(2), 158-185. doi:
10.1111/beer.12076
Ricciardi, V., & Simon, H. K. (2000). What is Behavioral Finance?. Business, Education & Technology
Journal, 2(2), 1-9. SSRN: https://ssrn.com/abstract=256754

55

Riksbanken. (2015). Monetary Policy Report February 2015. Retrieved 2019-05-24 from
http://archive.riksbank.se/Documents/Rapporter/PPR/2015/150212/rap_ppr_150212_eng.pd
f
RobecoSAM. (2018a). DJSI 2018 Review Results September 2018. Zurich: RobecoSAM
RobecoSAM. (2018b). Measuring Intangibles: Robecosam’s Corporate Sustainability Assessment
Methodology. Zurich: RobecoSAM
RobecoSAM. (2018c). 2018 RobecoSAM Corporate Sustainability Assessment - Annual Scoring &
Methodology Review. Zurich: RobecoSAM
S&P Dow Jones Indices. (2019a). Dow Jones Islamic Market Indices Methodology. Retrieved 2019-0319 from https://us.spindices.com/documents/methodologies/methodology-dj-islamic-marketindices.pdf
S&P Dow Jones Indices. (2019b). S&P500. Retrieved 2019-05-24 from
https://us.spindices.com/indices/equity/sp-500
Sadorsky, P. (2014). Modeling volatility and conditional correlations between socially responsible
investments, gold and oil. The International Journal of Theoretical and Applied Papers on Economic
Modelling, 38, 609-618. doi:10.1016/j.econmod.2014.02.013
Sandberg, J., Juravle, C., Hedesström, T. M., & Hamiltion, I. (2009). The Heterogeneity of
Socially Responsible Investment. Journal of Business Ethics, 87, 519-533. doi:10.1007/s10551-0089956-0
Schroders. ESG and Emerging Markets Investing. (2018). Retrieved 2019-05-24 from
https://www.schroders.com/getfunddocument/?oid=1.9.3046106
Sjö, B. (2019). Lectures in Modern Economic Time Series Analysis. (3. ed.) Linköping: Linköping
University
Soler-Domínguez, A., & Matallín-Sáez, J. C. (2015). Socially (ir)responsible investing? The
performance of the VICEX Fund from a business cycle perspective. Finance Research Letters, 16,
190-195. doi:10.1016/j.frl.2015.11.003
Statman, M. (2008). What Is Behavioral Finance?. In Handbook of Finance, F.J. Gabozzi (Ed.).
doi:10.1002/9780470404324.hof002009
Stockhammer, E. (2010). Financialization and the Global Economy, Working Paper Series
Number 240, University of Massachusetts Amherst, Political Economy Research Institute
Syed A.M. (2017). Environment, social, and governance (ESG) criteria and preference of
managers. Cogent Business & Management & Management (2017), 4. doi:
10.10180/13311975.2017.1340820

56

Trinks A., Scholtens, B., Mulder, M., & Dam, L. (2018). Fossil Fuel Divestment and Portfolio
Performance. Ecological Economics, 146, 740-748.
United Nations. (2019). Climate Change. Retrieved 2019-09-22 from
http://www.un.org/en/sections/issues-depth/climate-change/index.html
United Nations Principles for Responsible Investment. (2019a). What is responsible investment?
Retrieved 2019-02-18 from https://www.unpri.org/pri/what-is-responsible-investment
United Nations Principles for Responsible Investment. (2019b). Become a signatory. Retrieved
2019-05-09 from https://www.unpri.org/signatories/become-a-signatory
US SIF. (2016). Report on US Sustainable, Responsible and Impact Investing Trends 2016.
Retrieved 2019-02-26 from
https://www.ussif.org/files/SIF_Trends_16_Executive_Summary(1).pdf
US SIF. (2018). Report on US Sustainable, Responsible and Impact Investing Trends 2018.
Retrieved 2019-02-26 from
https://www.ussif.org/files/Trends/Trends%202018%20executive%20summary%20FINAL.pp
d
Van Dooren, B., & Galema, R. (2018). Socially responsible investors and the disposition effect.
Journal of Behavioral and Experimental Finance, 17, 42-52. doi:10.1016/j.jbef.2017.12.006
Verbeek, M. (2012). A guide to modern econometrics. (4. ed.) Hoboken, NJ: Wiley.
Verheyden, T., Eccles, R. G., & Feiner, A. (2016). ESG for All? The impact of ESG Screening on
Return, Risk and Diversification. Journal of Applied Corporate Finance, 28(2), 47-55.
Windolph, S. E., (2011). Assessing Corporate Sustainability Through Ratings: Challenges and
Their Causes. Journal of Environmental Sustainability, 1(1), Article 5. doi:10.14448/jes.01.0005

57

9. Appendices
9.1. FTSE4GLB multiresolution wavelet decomposition

Note: The wavelet decomposition has been produced in the software R.
Source: Thomson Reuters Datastream (2019)
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9.2. Unconditional Correlation Matrix
Panel A: ESG Indices
FTSE4GLB
DJIM
DJSIW
MSCIWESG

FTSE4GLB
1.000000
0.979673
0.994698
0.997872

DJIM
0.979673
1.000000
0.989352
0.986379

DJSIW MSCIWESG S&P500 MSCIW USDEUR
COIL
0.994698
0.997872
0.979508 0.997912 -0.680437 -0.602564
0.989352
0.986379
0.959759 0.987878 -0.611971 -0.484480
1.000000
0.996134
0.963707 0.995356 -0.627546 -0.537540
0.996134
1.000000
0.978987 0.999035 -0.658390 -0.572880

GOLD
-0.913320
-0.841349
-0.883869
-0.898899

Panel B: Conventional Indices
S&P500
MSCIW

FTSE4GLB
DJIM
DJSIW MSCIWESG S&P500 MSCIW USDEUR
COIL
GOLD
0.979508 0.959759 0.963707
0.978987
1.000000 0.983120 -0.737345 -0.666986 -0.921754
0.997912 0.987878 0.995356
0.999035
0.983120 1.000000 -0.671424 -0.585766 -0.900118

Panel C: Currency & Commodities
USDEUR
COIL
GOLD

FTSE4GLB
DJIM
DJSIW MSCIWESG S&P500 MSCIW USDEUR
COIL
-0.680437 -0.611971 -0.627546 -0.658390 -0.737345 -0.671424 1.000000 0.864186
-0.602564 -0.484480 -0.537540 -0.572880 -0.666986 -0.585766 0.864186 1.000000
-0.913320 -0.841349 -0.883869 -0.898899 -0.921754 -0.900118 0.778698 0.757488

GOLD
0.778698
0.757488
1.000000

Note: The unconditional correlation matrix separated by variable category. The ESG variables display high correlation values among
each other and with the other equity indices. However, currency and commodities have negative correlations with all the equity indices but
positive values among each other.
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9.3. BDS Independence Test

Log & 1st Diff

Log & 1st Diff

Log & 1st Diff

Log & 1st Diff

Dim
2
3
4
5
6

FTSE4GLB & DJIM
BDS-statistic
0.020487***
0.046659***
0.068358***
0.082728***
0.091125***

Dim
2
3
4
5
6

DJIM & FTSE4GLB
BDS-statistic
0.019056***
0.045473***
0.068015***
0.082351***
0.090698***

Dim
2
3
4
5
6

DJSIW & FTSE4GLB
BDS-statistic
0.018291***
0.041248***
0.060718***
0.073151***
0.080417***

Dim
2
3
4
5
6

MSCIWESG & FTSE4GLB
BDS-statistic
0.020235***
0.047693***
0.070604***
0.085303***
0.093855***

FTSE4GLB & DJSIW FTSE4GLB & MSCIWESG FTSE4GLB & S&P500 FTSE4GLB & MSCIW FTSE4GLB & USDEUR FTSE4GLB & COIL FTSE4GLB & GOLD
0.019072***
0.044437***
0.065893***
0.080213***
0.088504***
DJIM & DJSIW
0.019067***
0.045642***
0.068315***
0.082795***
0.091265***
DJSIW & DJIM
0.019700***
0.043794***
0.063373***
0.076275***
0.083994***
MSCIWESG & DJIM
0.020470***
0.047735***
0.070673***
0.085513***
0.094190***

0.020876***
0.047452***
0.069065***
0.083287***
0.091657***
DJIM & MSCIWESG
0.018810***
0.045018***
0.067572***
0.081938***
0.090285***
DJSIW & MSCIWESG
0.020352***
0.044895***
0.064721***
0.077425***
0.084872***
MSCIWESG & DJSIW
0.020785***
0.048171***
0.071023***
0.085766***
0.094482***

0.020372***
0.045991***
0.067385***
0.081846***
0.090446***
DJIM & S&P500
0.018442***
0.044420***
0.066780***
0.081169***
0.089438***
DJSIW & S&P500
0.020253***
0.044174***
0.064149***
0.077181***
0.085036***

0.021190***
0.047870***
0.069600***
0.083743***
0.092092***
DJIM & MSCIW
0.018788***
0.045019***
0.067599***
0.082004***
0.090418***
DJSIW & MSCIW
0.020075***
0.044282***
0.064079***
0.076912***
0.084613***

0.019132***
0.044407***
0.066053***
0.080440***
0.088717***
DJIM & USDEUR
0.018900***
0.044746***
0.067084***
0.081391***
0.089722***
DJSIW & USDEUR
0.018522***
0.041249***
0.061477***
0.074747***
0.082602***

0.018667***
0.043875***
0.065342***
0.079429***
0.087439***
DJIM & COIL
0.018277***
0.043872***
0.065929***
0.079989***
0.088069***
DJSIW & COIL
0.018453***
0.041418***
0.061641***
0.074908***
0.082561***

0.019321***
0.044316***
0.065936***
0.079799***
0.087679***
DJIM & GOLD
0.019217***
0.045187***
0.067419***
0.081186***
0.089068***
DJSIW & GOLD
0.018143***
0.040793***
0.060987***
0.074023***
0.081426***

MSCIWESG & S&P500 MSCIWESG & MSCIW MSCIWESG & USDEUR MSCIWESG & COIL MSCIWESG & GOLD
0.020146***
0.046932***
0.069683***
0.084642***
0.093614***

0.020100***
0.047179***
0.070038***
0.084687***
0.093204***

0.020509***
0.047884***
0.071051***
0.085877***
0.094600***

0.019805***
0.047002***
0.069753***
0.084318***
0.092774***

0.020689***
0.047855***
0.070674***
0.084935***
0.093089***

Note: BDS-tests conducted on residuals series from bivariate VAR-model estimations in logarithmic first difference. Test method: fraction of pairs, value: 0.7 and dimensions: 6. Notations *, ** and *** indicate rejections of the nullhypothesis at 10%, 5% and 1% significance level, respectively. The null-hypothesis: The residuals are independent and identically distributed (iid). The test-statistics indicate rejection of the null-hypothesis at 1% significance level for all
bivariate variable estimations. Consequently, non-linear characteristics are likely present between variables.
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