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ARTICLE INFO ABSTRACT

Keywords: Unlike previous studies which tend to consider only return linkages between European emission allowances and
European Union allowances (EUA) electricity markets, this paper examines return and volatility linkages between the two markets and importantly
EU ETS

conducts a hedging analysis. Using a dynamic conditional correlation model and daily price data covering Eu-
ropean emission allowances and Nord Pool electricity markets from 28th January 2009-22 th February 2022,
which comprise the second and third phases of the European emission allowances trading system, the main
results are summarized as follows: Firstly, volatility and returns flow from the Nordic electricity market to the
European emission market, with no evidence of a feedback effect, suggesting that rapid changes in demand for
electricity may have forced producers to ramp up carbon-intensive facilities. Secondly, the conditional dynamic
correlation between the two markets is weak but varies with time, and its sensitivity to crisis periods is noted.
Thirdly, the hedging analysis indicates that Nordic electricity market participants can lower their downside risk
by including carbon emission allowances in their portfolios, as evidenced by the effectiveness of hedging returns
of the Nordic electricity markets with European allowances, irrespective of the COVID-19 sub-periods.

Nordic electricity market
Return and volatility spillovers
Hedging effectiveness
DCC-GARCH

COVID-19 outbreak

1. Introduction

Greenhouse gas emissions, especially carbon dioxide (CO53), are the
main driver of global warming and changing climate (Luo and Wu,
2016), threating society, the global financial system, and the global
economy.' To tackle this threat, organizations and governments across
the globe joined forces in 1997 to establish the Kyoto protocol based on
the United Nations framework convention on climate change
(UNFCCC),” which led to the introduction of the European Union (EU)
emission trading scheme (ETS) in 2005. Based on the ’cap and trade’
principle, the EU ETS provides incentives to meet the goals set in the
Kyoto protocol. Operators buy or receive emissions allowances, which

* Corresponding author.

are traded on the market. Under the cap, participants are able to trade
CO; emission allowances freely, meaning the price of allowances to emit
carbon dioxide is determined by market forces (European Commission,
2015). The EU ETS sets a maximum cap on greenhouse gas emissions
emitted by participating corporations and facilities, which is decreased
annually with the target of carbon neutrality by the year 2050. Inter-
estingly, the EU ETS constitutes the largest single market for CO5
emission allowances, called European Union allowances (EUA), repre-
senting more than 80 % of the market value of global carbon.

The European electricity sector is one of the largest participants in
the EU ETS, exerting an influence on the equilibrium of EUA supply and
demand. Utilities make decisions regarding their need for emission

E-mail addresses: joonas.vaissalo@hiab.com (J. Vaissalo), adutta@uwasa.fi (A. Dutta), elie.elbouri@lau.edu.lb (E. Bouri), nehmeazoury@usek.edu.lb (N. Azoury).
! Some studies consider climate change indices and media coverage of the pandemic (Polat et al., 2023), and adaptation funding and CO, emissions (Djoundourian
et al., 2022), whereas others consider the environmental movement (Djoundourian, 2011), climate change challenges (Djoundourian, 2021), environmental policy
objectives (Hilmi et al., 2021), and emission taxes (Marrouch and Sinclair-Desgagné, 2012), bearing in mind that monetary policies are affected by a changing
financial environment (Shahin and El-Achkar, 2017). Related studies consider digital transformation for sustainable societies (Tarhini et al. 2022), policy insight into
carbon capture (Gowd et al., 2023), energy transition in advanced economies (Hu et al., 2022; Sinha et al., 2023), sustainability practices (Nader et al., 2022) and
sustainability issues (Ali et al., 2023; Dai et al., 2023; Nwani et al., 2023; Quito et al., 2023).
2 The initial goal of the Kyoto protocol was to decrease the amount of greenhouse gases emitted on average by 5.2 % compared to the year 1990 (UNFCCC, 2003).
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allowances and buying strategies based on their power production mix,
which ultimately has a major influence on how EUA prices evolve in
both the long and short term (World Bank, 2012). Accordingly, our first
motivation is that the power production mix in Europe’s Nordic areas
relies heavily on carbon-free methods, which makes it interesting to
study its return and volatility dynamics with emission trading and the
resulting hedging implications for economic actors. The second moti-
vation concerns the occurrence of crisis periods such as COVID-19 and
the war in Ukraine, which might affect EUA prices (Berrisch et al., 2023)
but are not full covered in previous studies of the EUA-electricity nexus
(Castagneto-Gissey, 2014; Zhu et al., 2017, 2019; Wen et al., 2017;
Moutinho et al., 2022). In this regard, Dutta et al. (2019) and Lin and
Zhang (2022) study the forecast of EUA prices and highlight the
importance of structural changes. This further motivates our analysis of
the return and volatility spillovers between EUA and electricity prices
and the hedging analysis over a rich period covering the COVID-19
outbreak and war in Ukraine.

The existing literature on the link between EUA and electricity
markets is narrow compared to that on EUA and fossil fuels such as crude
oil and coal (see, Gong et al., 2021; Aslam et al., 2023).2 Notably, very
few studies focus on the price and return dynamics between electricity
and EUA markets (Hammoudeh et al., 2014; Huisman and Kili¢, 2015;
Wen et al., 2017; Zhu et al., 2017; Qiao et al., 2023).*

The purpose of this paper is to examine the return and volatility
relationship between EUA and Nordic electricity markets and conduct a
dynamic hedging analysis. Data used are daily covering EU ETS allow-
ance prices and electricity prices from the Nordic electricity exchange,
also referred to as Nord Pool. Our sample period is July 2009 to June
2023, including most of Phase II, Phase III, and the first 3 years of Phase
Iv.

Accordingly, we formulate the following null hypothesis:

Ho. : There exists no significant relationship between EU ETS and
Nordic electricity markets.

The following alternative hypotheses are derived:

H;. : There exists significant volatility spillovers between EU ETS and
Nordic electricity markets.

Hjy. : There exists significant return spillovers between EU ETS and
Nordic electricity markets.

Hj. : The correlation between EU ETS and Nordic electricity prices is
significant and time-varying.

Hy4. : There is effective hedging between EU ETS and Nordic electricity
markets.

Methodologically, we use the dynamic conditional correlation

3 On a related front, the literature considers the relationship between EUA
and stock market indices (e.g., Jiménez-Rodriguez, 2019). In an interesting
study, Koten (2018) focuses on advanced numerical and experimental studies of
compression ignition (CI) engine emissions.

4 For example, Zhu et al. (2017) consider the Granger causal flows between
EUA and electricity markets during 2005-2016, indicating that causality is not
necessarily seen across time-scales although the effect of the carbon market on
the electricity market is weakening. Notably, they do not consider the entirety
of Phase III or any parts of Phase IV, and importantly, do not conduct any
hedging analysis for portfolio and risk managers in the EUA and electricity
markets. Wen et al. (2017) focus on Phase II and part of Phase III using copulas
and indicate that, of the four energy commodities, coal is the most useful to
reduce carbon risk, whereas electricity is the least. Qiao et al. (2023) consider
the relationships between carbon, fossil energy and electricity markets using a
time-varying parameter VAR and impulse response functions. They indicate
that the spillover effects across the three markets are characterized by lag and
periodicity. Furthermore, in the short term, higher carbon prices are negatively
related to electricity prices.
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generalized conditional heteroscedastic (DCC-GARCH) model originally
proposed by Engle (2002). The DCC-GARCH model enables
non-constant conditional correlation matrices, with which analysis of
time-varying relationships is possible. This accounts for correlation
clustering, reflecting the fact that correlation is more likely to be high
today if it was high yesterday (see, Basher and Sadorsky, 2016; Saeed
et al.,, 2020; Gustafsson et al., 2022). Additionally, the DCC-GARCH
model produces parameters that allow for the investigation of return
and volatility cross-effects between the two markets under study.
Notably, it takes into account important features of time series such
leptokurtic returns and volatility clustering. The latter indicates that
volatility is not constant and a shock occurring today can affect the
volatility tomorrow, which requires a GARCH-based model capable of
dealing with conditional heteroscedasticity (see, Chevallier, 2012;
Saeed et al., 2020; Gustafsson et al., 2022).

We contribute to the academic literature on the relationship between
carbon emission allowances and Nordic electricity markets in several
ways. Firstly, the existing literature considers the volatility of EUA
returns (Villar-Rubio et al., 2023) and its tail risk (Fang and Cao, 2021),
but remains silent and very thin regarding the volatility dynamics be-
tween electricity and EUA markets during crisis periods such as the
COVID-19 outbreak.® Castagneto-Gissey (2014) investigates the vola-
tility transmission from EUA prices to various European electricity for-
ward prices using a GARCH-based approach, revealing that EUA
volatility has positive and significant effects on electricity volatility in
France, Germany, and especially Nordic countries, indicating that the
most significant factor affecting the electricity volatility during EU ETS
Phase II is EUA volatility. However, Castagneto-Gissey (2014) does not
account for turbulent periods nor conduct a hedging analysis. Therefore,
in this current paper, unlike previous studies (Wen et al., 2017; Zhu
et al., 2017, 2019; Moutinho et al., 2022; Qiao et al., 2023), we inves-
tigate the return, volatility, and time-varying conditional correlation
relationship between EUA and Nordic electricity and examine the
hedging effectiveness under crisis periods. Secondly, our analysis adds
to previous studies focusing on the portfolio and risk implications. Fang
and Cao (2021) consider the modeling of the risk of carbon emission
allowances prices in Europe and China using value-at-risk and expected
shortfall measures, indicating that downside risk in China is larger than
that in Europe. Villar-Rubio et al. (2023) study the volatility of EUA
returns and make inferences about volatility prediction using univariate
GARCH models. However, these studies lack an analysis of the returns
and volatility linkages between EUA and electricity markets and a
hedging analysis using an updated sample period covering the market
instability experienced since the COVID-19 outbreak and war in
Ukraine. Thirdly, our sample period is relatively long (July 2009 to June
2023), including most of Phase II, Phase III, and the first 3 years of Phase
IV. This also allows us to contribute to the literature (Castagneto-Gissey,
2014) by extending the reach of current research into energy and
emission markets to unstable periods such as the COVID-19 outbreak
and war in Ukraine.

Our key findings suggest that volatility and returns flow only from
the Nordic electricity market to the European emission market. No ev-
idence of information or return flows in the opposite direction is found.
This could be due to Nordic countries developing their production mixes
to include more carbon-free generation. Thus, EUA prices have no
impact on the region’s electricity price formation. Furthermore, elec-
tricity’s volatility could affect EUA volatility as rapid changes in demand
for electricity may force producers to ramp up carbon-intensive facil-
ities. Finally, the hedging analysis proves that Nordic electricity market
participants can lower their downside risk by including carbon emis-
sions assets in their portfolios.

5 Other studies consider economic worries in response to the pandemic (e.g.
Bou-Hamad et al., 2022) and the political economy of health in conflict during
the pandemic (e.g. Fouad et al., 2022).
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Our above analysis provides important and useful information for
market operators and corporate managers responsible for managing risk
and hedging market exposure during stable and turbulent periods. Given
the recent shift to greener energy and environmentally friendly busi-
nesses, our results are useful for socially responsible and eco-friendly
investors who intend to decarbonize their portfolios by holding alter-
native (green) energy assets.

2. Literature review

Over the past decade, the academic literature on the carbon market
has received a growing amount of interest from scholars, policymakers
and investors, especially studies regarding return and volatility dy-
namics between EU ETS and commodity or stock markets.

2.1. Studies on EU ETS

The EU is engaged in reducing CO; emissions through the EU ETS. It
has progressed from Phase I (2005-2007), which acted as the trial or
learning phase before the full adoption of the Kyoto protocol, to Phase II
(2008 - 2012), which worked jointly with the Kyoto protocol, to Phase
IIT (2013-2020), under which carbon emissions were set to be reduced
by 20 %. Currently, it is in Phase IV (2021-2030), under which the
sectors covered by the EU ETS are required, before the end of 2030, to
reduce their carbon emissions by 43 % compared to 2005 levels.

Early studies on EUA prices include Oberndorfer (2009) and Veith
et al. (2009), both of which analyse only Phase I of the EU ETS.
Employing a multifactor framework including firm specific EUA effects,
Oberndorfer (2009) finds a significant positive correlation between EUA
price changes and the stock performance of European electricity firms,
and argues that the relation is time- and country-specific. Veith et al.
(2009) also report a somewhat counterintuitive positive correlation
between EUA price and electricity producers. According to both studies,
the root cause of the positive correlation is the over-allocation of free
emission allowances during the trial period. Zhu et al. (2017) examine
the Granger causal relationship between EUA and electricity markets
during 2005-2016, showing evidence that causality is not necessarily
seen across time-scales although the effect of the carbon market on the
electricity market is weakening. Further investigations of return link-
ages are carried out by Oestreich and Tsiakas (2015) and Tian et al.
(2016), who extend the study period to Phase II of emission trading.
Oestreich and Tsiakas (2015) explain the positive correlation between
German stock returns and EUA with excess abnormal returns, i.e. carbon
premium. Tian et al. (2016) use panel data regressions and indicate that
the two main drivers of the EUA market which impact electricity pro-
ducers are carbon intensity of production and overall market volatility.
Zhu et al. (2019) conduct a multiscale analysis to study the drivers of
carbon prices and find that electricity prices and stock market index play
a positive role, especially in the short term, whereas coal prices play a
negative role in the medium and long term. Moutinho et al. (2022)
examine the long-term relationships between the prices of energy
commodities, carbon prices, and wholesale electricity prices in the
Iberian market using 2018 daily data and Markov-switching regression
models. Overall, they show that coal and natural gas prices have a
moderate impact on electricity prices. Berrisch et al. (2023) model the
volatility and dependence of EUA and energy markets (natural gas, coal,
and crude oil) using a GARCH-based approach combined with copulas.
They assess the forecasting performance using an out-of-sample
analysis.

Targets to limit global warming have introduced a rising demand for
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renewable energy sources. The supply of renewable energy is variable,
making the grid less flexible while increasing the uncertainty of the
energy supply. The reduced reliability of the energy grid introduces a
demand for additional market participants with different bidding stra-
tegies. Increasing carbon prices further affect the bidding strategies of
these new participants. In recent literature, scholars explore how
aggregators operate and how carbon pricing impacts their strategies.
Coelho et al. (2021) propose a bidding strategy for aggregators oper-
ating with multi-energy systems and examine how carbon prices affect
operators following the proposed strategy. According to their results, an
aggregator which follows the proposed network secure bidding strategy,
the authors suggest, sees an increase in costs following an increase in
carbon emission pricing. However, the increase does not impact its
bidding before the price for a tonne of emitted carbon reaches €200.

Besides the electricity power sector, the academic literature on EUA
considers the stock market at the aggregate and sectoral levels (Demailly
and Quirion, 2008; Chan et al., 2013; Meleo, 2014; Moreno and Silva,
2015; Jiménez-Rodriguez, 2019). The literature also considers the
possible effects of commodities on the electricity markets because
electricity and heat are often produced using energy commodities (see,
Creti et al., 2012; Kumar et al., 2012; Aatola et al., 2013; Dutta, 2017;
Dutta et al., 2018).

In a related strand of literature, Fang and Cao (2021) compare car-
bon emission allowances in Europe and China by modeling extreme risks
using value-at-risk and expected shortfall measures. They show that the
downside risk in China is larger than in Europe and that the relationship
between upside carbon emission allowances prices in both countries
varies across periods and across the two risk measures. Villar-Rubio
et al. (2023) model the volatility of EUA returns by applying an asym-
metric GARCH model and make inferences about volatility prediction.
Dai et al. (2022) provide evidence supporting the significant effect of
economic policy uncertainty, both European and global, on the
long-term volatility of EUA prices. Bouri et al. (2023) consider the
directional predictability from climate risks to the returns and volatility
of energy assets and green bonds, including EUA prices. Their results
show that predictability is significant during some periods and under
some market conditions and volatility states. Notably, the predictability
of volatility is positive for brown energy and EUA.

2.2. Volatility dynamics between EUA and financial markets

Besides returns, scholars focus on the volatility dynamics between
EUA prices and other financial markets, yet the literature remains
scarce. Tian et al. (2016) study the existence of volatility linkages be-
tween carbon markets and the stock prices of electricity companies with
a multivariate DCC-GARCH model. The results of the analysis suggest
that the model including dynamic conditional correlations is an appro-
priate fit for the data, as correlations are volatile during the whole
second phase of emission trading. However, the stage including Phase I
fails to yield any significant results regarding EUA price returns. The
results from Phase II show positive and significant effects considering
past variability and volatility spillovers for both EUA price returns and
returns from electricity stocks. Dutta et al. (2018) use a bivariate
VAR-GARCH model to demonstrate the volatility linkages between clean
energy stocks and emission trading. Notably, Phase I is excluded from
the sample period as carbon prices are close to zero at the end of the
trading phase. Evidence from the VAR-GARCH analysis suggests that
volatility transmission from the emission market to European clean
energy stocks exists. Additionally, the authors fail to find significant
volatility linkages between EUA and the US market. This indicates that
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the effect is market-specific.°

The literature also considers the interrelations of electricity and
carbon allowances. Daslakis and Markellos (2009) examine the
connection between the carbon spot market and electricity risk premia.
By regressing realized percentage risk premia against logarithmic EUA
returns, they detect a positive connection between EUA returns and
electricity risk premia, suggesting that the connection is based on carbon
market uncertainties and the trading of initially allocated free allow-
ances. Keppler and Mansanet-Bataller (2010) use a Granger causality
framework and argue that electricity prices affect carbon allowances
through spreads between the sum of electricity production and carbon
price, and the spot price of electricity. Using a GARCH model, Cas-
tagneto-Gissey (2014) find significant volatility spillovers from carbon
prices to electricity price volatility in France, Germany, and particularly,
the Nordic region.

2.3. Related studies of hedging effectiveness

Some studies examine the hedging effectiveness of EUA and elec-
tricity markets separately. Reboredo (2013) examines EUA-oil portfolios
and shows evidence of the diversification benefits and hedging effec-
tiveness of EUA for crude oil. Balcilar et al. (2016) focus on the risk
transmission between energy and carbon markets and indicate hedging
strategies for carbon risk, although it exhibits some instability across
periods and market conditions. Wen et al. (2017) use copulas and
highlight the risk reduction in a portfolio combining energy commodity
futures (crude oil, coal, natural gas, and electricity) and carbon emission
allowances. Notably, they show that coal is the most attractive for
reducing carbon risk, whereas electricity is the least attractive. Hanly
et al. (2018) study the efficacy of financial futures to hedge the risk of
electricity markets, while highlighting the efficiency of energy futures
markets. Souhir et al. (2019) argue that risk and hedging strategies in
the Nord Pool electricity market can be achieved by considering sectoral
stock markets. Jin et al. (2020) examine the hedging effect of green
bonds on the carbon market and highlight their hedging ability during
crisis periods.

Based on the above review of the literature on the relationship be-
tween EU ETS and other financial markets, it is clear that previous
studies lack a comprehensive analysis of both return and volatility
linkages between EUA and electricity markets and the portfolio impli-
cations, using an updated sample period covering the market instability
under the COVID-19 outbreak and war in Ukraine. In fact, the end of
Phase III saw the rise of the COVID-19 pandemic that severely affected
global economic activity and increased uncertainty in financial markets.
Notably, the second year of Phase IV (2021-2030) saw the Russia-
Ukraine war, during which energy prices increased substantially under
the heightened geopolitical risk and EUA prices experienced a large
spike and increased variability. Thus, analysing the return and volatility
dynamics between EUA and electricity markets and the time-varying
correlation during tranquil and turbulent periods to ultimately make
inferences regarding hedging possibilities before and after crisis periods
should be useful to investors, portfolio and risk managers, and

6 Methodologically, GARCH-based models are often used to describe the
volatility dynamics and risk spillovers between EUA and certain commodities.
Chevallier (2012) compares results from three GARCH family models and in-
dicates that the DCC-GARCH is the most efficient in modeling time-varying
correlations between emission allowances and energy commodities. The re-
sults indicate significant co-movements between EUA, gas and crude oil. Dha-
mija et al. (2018) study the effects of coal, natural gas and crude oil using a
BEKK-GARCH model and identify significant effects from gas and oil to EUA
markets, but no evidence of a volatility relationship between coal and EUA.
Furthermore, the applied BEKK-GARCH model is unable to identify any
long-term effects. However, the findings of Dhamija et al. (2018) regarding the
effect of crude oil on EUA are contractionary to Reboredo (2014), who finds a
significant interrelationship between crude oil and EU ETS markets.
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policymakers concerned with energy
decarbonization.

transition and portfolio

3. Data and methodology
3.1. Data description and preliminary analysis

We use European emission allowances prices, traded on the Euro-
pean Energy Exchange (EEX), and Nordic electricity average prices,
collected from DataStream at the daily frequency. The sample period is
1st July 2009-30 th June 2023, based on price data availability. The
sample yields a total of 3558 daily observations, covering EUA trading
Phase II and Phase III and a short period of the currently ongoing Phase
IV (2021-2030), under which the sectors covered by the EU ETS are
required, before the end of 2030, to reduce their carbon emissions by
43 % compared to 2005 levels. Following Dutta (2019), the entire first
trading phase and the first days of the second phase are left out of the
scope of the study, as the price of EUA was practically zero due to
interphase banking restrictions of allowances.

Fig. 1 illustrates the time evolution of European emission and Nordic
electricity prices over the sample period. From early 2017, the EUA
prices see a rising trend due to a tightening cap and the implementation
of new operationalities such as the market stability reserve. They surge
to almost 30 €/tCO, before declining back to below 20 €/tCO5 around
February-March 2020, potentially due to the abrupt emergence of the
COVID-19 pandemic. After that, they experience a spike towards 96
€/tCO,. Nordic electricity prices exhibit strong volatility, seasonality,
and extreme prices, although they increase after the pandemic period.
Volatile price behavior is possibly due to the special characteristics of
electricity such as high seasonality and non-storability.

Studying volatility connections and time-varying return correlations
between emission and electricity prices in a GARCH-family model ne-
cessitates the use of returns series. Thus, we use the logarithmic returns
of the prices in each market.

Fig. 2 illustrates the logarithmic returns for both Nordic electricity
and EUA over the sample period. Both logarithmic return series exhibit
extreme values and volatility clustering, suggesting that a period of high
volatility is likely to be followed by another period of high volatility and
periods of low volatility are likely to be followed by low volatility
periods.

Table 1 shows the summary statistics of both Nordic electricity
returns and EUS returns. The means of both return series are close to
zero. Nordic electricity returns are more volatile than EUA returns. The
distribution of EUA returns is negatively skewed, while Nordic elec-
tricity returns are positively skewed. High values of kurtosis point to a
leptokurtic distribution. The non-normality of both return distributions
is verified by Jarque-Bera tests. The augmented Dickey-Fuller and
Philips-Perron tests confirm the stationarity of both return series.
Finally, the results of the autoregressive conditional heteroscedasticity -
Lagrange multiplier (ARCH-LM) test of Engle (1982) show the signifi-
cance of the ARCH effect in the squared residuals of EUA and electricity
returns up to 10 lags, suggesting the appropriateness of using a
GARCH-based model to deal with this conditional heteroscedasticity in
the return series.

3.2. Methodology

3.2.1. The DCC-GARCH model

In this paper, we examine return and volatility spillovers and study
the time-varying correlation between the carbon emission allowances
and electricity markets under study using the DCC-GARCH model
(Engle, 2002) in its bivariate framework (Dutta, 2019). As argued by
Chevallier (2012), the superiority of DCC-GARCH modeling in the
context of crude oil, gas and carbon prices is recognized. Furthermore,
Tian et al. (2016) highlight the appropriateness of the DCC-GARCH
framework is in the context of EU ETS and electricity stock prices.
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Fig. 1. Price evolution of EUA and Nordic electricity markets.
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Fig. 2. Logarithmic returns of EUA and Nordic electricity.
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Table 1
Summary and stationarity test statistics of logarithmic returns.
Indices Mean Standard deviation Skewness Kurtosis Jarque-Bera ADF PP ARCH test
EUA 0.0005 0.0411 —0.931 12.670 13,928.600*** —49.810%** —74.220%** 29.390%**
Nord Pool —0.0001 0.2738 1.510 48.390 30,682.110%** —16.170%** —127.290%** 102.580%***
Notes: This table shows the summary statistics for returns. *** indicates statistical significance at the 1 % level.
The mean and volatility equations are the building blocks of the DCC-
GARCH model used in this paper, starting with the mean equations of hY =Q, * <,/ NERVA N ) / <\/ Q * ,/Qf) (10)
the bivariate framework, given by:
The dynamic conditional correlation is given by:
re=L+tra+é& ¢h) yn g y
qc.e.t
1 Peet = = 1)
et — H%Z[ (2) V qc.c.tqe.e.t

where, r; is a vector of EUA and Nordic electricity prices returns, L is a
vector of fixed parameters, 7 is a matrix including coefficients repre-
senting the lagged returns of EUA and Nordic electricity prices, and &,
represents a vector of residual terms.

H, is a matrix including conditional volatilities of EUA and electricity
returns, and z; represents a sequence of independently and identically
distributed random vectors. The conditional covariance matrix of r; is
represented by H, as follows:

H, = D.R,D, @)
D, = diag(\/h? ) \/;f ) “
R, = diag(Q,) ' Qudiag(Q,) " ®)

where, D, is a diagonal matrix with time-varying standard deviations on
the diagonal. The correlation matrix, R;, varies over time.

In a univariate GARCH(1,1) model, the elements of H, are repre-
sented by:

hiy = o+ aeft,l +bihii (6)

Q=(1-01—0)Q+ 012 12,1 +62Q1 @)

Eq. (7) illustrates the construction of a time-varying covariance
matrix denoted as Q,, where 0; and 60, are non-negative scalar parame-
ters which are demeaned to fulfill the condition 6; + 6, < 1, and Q is the

unconditional matrix of standardized residuals z; (z; = & / \/ h;). The
condition represents the mean-reverting process, ensuring that correla-
tion is reverting back to long-term average after a shock affecting the
returns. If a + = 0, then the model is reduced to the constant condi-
tional correlation model. Parameters a and  measure the impacts from
past shocks and past dynamic conditional correlations on current con-
ditional correlations between EUA and electricity returns.

The conditional volatilities of EUA and electricity returns are rep-
resented by h; and h;, respectively.

h = d? LR o e 1T kel ®

b = &+ LR + PR + el 1t e 9
where, f measures the own and cross-market effect of conditional
variance on current EUA and electricity volatility, and a captures the
corresponding own and cross-market impacts of past shocks and news on
EUA and electricity volatility. The null hypothesis is that the coefficients
a%, a2, % and g% are insignificant and there is no spillover effect of
volatility from EUA to electricity or electricity to EUA.

The conditional covariance between EUA and electricity returns is

given by:
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3.2.2. Hedging effectiveness

Based on the time-varying conditional correlation, we assess possible
hedging benefits between the two markets. Specifically, we investigate
whether including EUA in a portfolio with Nordic electricity reduces the
risk in the combination portfolio. Thus, a hedging effectiveness (HE)
analysis is conducted, with a higher value of HE indicating more effi-
cient risk reduction. Following Ku et al. (2007), HE is computed as:

_ Varunhedged — Var, hedged

HE 12)

Varunhedged

where Varunpeqgeeq includes the variance of the unhedged portfolio
including only Nordic electricity, and Varpeggq defines the correspond-
ing variation in the combined portfolio including both Nordic electricity
and EUA. Varygq is given as:

VaThedged = (02)*hE + (1 — (@) )hE + 205 (1 — %) 13)
where h; and h{ are the conditional volatilities of EUA and Nordic
electricity price returns, defined in Egs. (8) and (9). h® represents the
conditional covariance between the two markets. Furthermore, »{¢ de-
notes the optimal weight of EUA in a portfolio combining EUA and
electricity investments, as shown by:

K — K
he — 21 + I

ce
a]t

14

4. Empirical results

The estimated results of the DCC-GARCH model are presented in
Table 27. We focus on the significance, sign, and magnitude of possible
return and volatility spillovers between the EU ETS and Nordic elec-
tricity markets as well as the time-varying correlation between them.

4.1. DCC-GARCH estimation

4.1.1. Mean and variance equations

Table 2 gives the estimation results from the DCC-GARCH model.
Notably, rf; measures the return of the electricity market at time
t-1 and rf; captures the effect of returns from the European emission
trading scheme. The error terms €t and &f 1 measure the effect of shocks
and surprising news on electricity and emission markets, respectively.
Finally, hf; measures the effect of conditional variance of electricity
returns while h{ ; captures the conditional variance of the corresponding
sample from emission markets.

An examination of the mean equations reveals that past emission
allowance returns have a significant impact on current electricity
returns and vice-versa, implying a bidirectional return spillover between

7 RATS statistical software is used in data analysis and model estimation.
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Table 2
Results of the DCC-GARCH model.
Nord Pool EUA
Mean equation
ret—1 0.1983*** 0.1081%**
(0.00) (0.00)
ret—1 0.3370%** 0.0535%**
(0.00) (0.00)
constant —0.0060*** (0.00) 0.0099%**
(0.00)
Variance equation
eet—1 0.2335%** 0.1760%**
(0.00) (0.00)
ect—1 0.0022%** 0.3130%***
(0.00) (0.00)
het—1 0.9621*** 0.0200%**
(0.00) (0.00)
het—1 —0.0001 (0.37) 0.7296%***
(0.00)
constant 0.0030%** 0.0001 ***
(0.00) (0.00)
DCC parameters
6, 0.1255%**
(0.00)
62 0.4083***
(0.00)
AIC 14.12
LL 9639.01

Notes: This table includes the results for the DCC-GARCH model, including the
mean equation, the variance equation, and the DCC equation, including some
diagnostics tests. Values in parentheses are p-values. *** indicates statistical
significance at the 1 % level. rf.; measures the return of the electricity market at
time t-1 and rf.; includes the effect of returns from EU ETS. ¢f; and &f; measure
the effect of shocks and surprising news on electricity and emission markets,
respectively. hf; measures the effect of conditional variance of electricity
returns while h{; includes the conditional variance of the corresponding sample
from the emission market.

these markets. Therefore, Hy is accepted given the significant return
linkages detected between the returns of EUA and electricity markets.
Further inspection suggests that the EUA market return is influenced by
its own past value, which is also the case for the electricity market.
Therefore, past EUA (electricity) returns can be used to predict emission
(electricity) returns. This finding extends the previous literature (e.g.,
Zhu et al., 2019; Gong et al., 2021; Aslam et al., 2023; Qiao et al., 2023)
in several aspects. Firstly, while Zhu et al. (2019) and Qiao et al. (2023)
show a significant impact of electricity prices on EUA returns, we report
a bidirectional linkage between these two markets. Proper knowledge of
such cross-effects is crucial for asset pricing, portfolio optimization, and
policy formulation. Secondly, unlike earlier studies, we show that the
EUA market can be a key driver of the Nord Pool market. Thus, varia-
tions in carbon prices are likely to affect the cost of power generation.
Accordingly, investors, for instance, can build on our results to predict
the price variations of the Nord Pool market using the information on
carbon prices and vice-versa. Policymakers, should focus on the dy-
namic changes of the EUA market given that carbon prices are
increasingly important for developing active strategies for the electricity
market.

The variance equations in Table 2 present own and cross-asset
volatility effects between emission allowances and Nordic electricity
markets. Own past volatility and shocks have a positive and significant
effect on Nordic electricity returns. However, past values of EUA news
and volatility do not have a statistically significant impact on the current
volatility of the Nordic electricity market. Thus, there exists no volatility
spillovers from the European emission allowance market to the Nordic
electricity market. This result contradicts the evidence of Castagneto--
Gissey (2014), who identifies significant volatility transmission from
carbon prices to continental European, and especially Nordic, electricity
prices. This difference could be due to different observation periods or
the evolution of markets during recent years, given that we use a longer
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and updated sample period. In fact, Castagneto-Gissey’s (2014) sample
covers only the second emission trading phase whereas this paper con-
siders data from the second and third phases. Moreover, the volatility of
primary fuels used in electricity production is found to have an impact
on the volatility of electricity. Furthermore, the volatility of coal is a
main driver of electricity’s volatility (Castagneto-Gissy, 2014; Berrisch
et al., 2023). During recent years, countries operating in the Nord Pool
market region have decreased the carbon intensity of their energy pro-
duction. This increase in sustainable energy production could mitigate
the impact of European emission trading on the Nordic electricity
markets.

Moreover, for the current volatility of European emission allow-
ances, own past variance and shocks are found to have a significant
impact similar to electricity price volatility. Contrary to the results of the
electricity variance equation, a significant volatility flow from Nordic
electricity markets to emission markets exists according to the estima-
tion results. Past shocks in electricity markets are found to have a
negative impact on carbon market volatility while the effect of elec-
tricity’s past volatility is positive. Thus, Hj is rejected, because of the
significant volatility spillover from electricity to EUA markets. As
mentioned, electricity markets are highly volatile and the magnitude of
the rapid price swings is large. Electricity market volatility might affect
EUA demand as producers move towards the right in the merit order
curve. In other words, as demand for electricity and heating increases
utilities ramp up emission intensive production facilities. This could be
the driver behind volatility spillovers from electricity markets to EU
ETS. Finally, the DCC-parameter 6y, is found to be significant while the
sum of the two parameters is below 1, which indicates that the corre-
lation between assets is dynamic and time-varying by nature. This is
somewhat in line with previous studies showing that the correlation
between EUA and energy prices is not stable over time (see, Aslam et al.,
2023; Berrisch et al. 2023) or the linkages across carbon, fossil energy
and electricity markets vary over time (see, Qiao et al., 2023).

4.1.2. Time-varying correlation

The DCC-GARCH model enables exploration of how correlations
between assets evolve through time. Table 3 shows the summary sta-
tistics of the time-varying conditional correlations between Nordic
electricity returns and European emission allowances returns over the
sample period. We note that the mean correlation between the two
markets is positive, but low, suggesting that on average an increase in
emission prices is associated with a small increase in Nordic electricity
prices. This result is in line with previous findings (e.g., Castagneto--
Gissey, 2014; Huisman & Kilic, 2015), suggesting that carbon prices pass
through to electricity prices. However, power production mix and car-
bon intensity of production are proven to impact the degree to which
EUA prices pass through to electricity prices (Tian et al., 2016). Given
that hydropower and renewable production are dominant in Nordic
countries, the magnitude of the correlation is very low. Fig. 3 illustrates
how the correlation evolves over the observation period. Notably, the
DCC correlation varies over time, switching between positive and
negative values often and exhibiting some large values from time to
time. Taken together, the results of the correlation between the elec-
tricity and EUA markets implies that Hs is accepted.

The magnitudes of negative correlation swings are not necessarily
equal to those of positive correlation swings. The EU ETS trading period
changes at the beginning of 2013 which, according to the estimation,
causes extreme spikes in the DCC correlation. The key changes made to

Table 3
Summary statistics of time-varying correlation.

Minimum Maximum Mean Standard deviation

—0.8815 0.9011 0.0.0230 0.1248

Note: This table reports the main summary statistics for the time-varying cor-
relation between the two markets.
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Fig. 3. Time-varying dynamic conditional correlation.

the EU ETS at the beginning of Phase III include the end of broad free
allocation of allowances and reserving 30 million emission permits for
the New Entrants Reserve (European Commission, 2021). Thus, the
changes made to the emission trading scheme as the trading phase
changed could cause the correlations to have extreme swings. Notably,
both negative and positive spikes demonstrate values among the largest
in magnitude in the observation period around the beginning of 2013.
Thus, this dynamic nature has to be addressed when considering vola-
tility modeling of electricity and carbon prices.

4.2. Results of hedging

Evidence that the mean correlation is positive yet very close to zero
suggests possible hedging benefits in certain market circumstances.
Therefore, we conduct a hedging analysis and present the results in
Table 4. Note that, we examine the impact of the COVID-19 pandemic on
the volatility estimates and hedging implications by conducting a sub-
sample analysis, before and after the pandemic. The results given in
Table 4 indicate that, for the full sample, the hedge ratio is 0.0131 and
the hedging effectiveness amounts to 19.02 %. These numbers reveal
that investors holding assets in the Nordic electricity sector can reduce
their downside risk by considering EUA. Other entries indicate that the
hedging effectiveness weakens during the COVID-19 pandemic period,
which reflects the impact of the pandemic on the dynamics of financial
markets, including carbon emission allowances (Aslam et al., 2023;
Berrisch et al. 2023).

Overall, the results confirm that EUA is an effective instrument for
decreasing the downside risk of Nordic electricity prices. Accordingly,
Hy is accepted. This does not fully concord with previous finding from
Wen et al. (2017), which show a weak risk reduction resulting from
combining EUA and electricity in the same portfolio. Possible reasons for
this could be the longer sample period we consider covering recent
phases of EU ETS and crisis periods such as COVID-19, and our reliance
on a multivariate GARCH model unlike the copula used by Wen et al.
(2017). Accordingly, it seems that the hedging ability of EUA does not
decrease over time. However, the hedging is shaped by crisis periods
such as the pandemic. Previous studies identify a hedging ability during
crisis periods (e.g., Jin et al., 2020), although they show some instability
in the portfolio implications during various market conditions (see,
Balcilar et al., 2016).

Table 4
Results for optimal weight, hedge ratio, and hedging effectiveness.

Optimal weight Hedge ratio Hedging effectiveness

Full sample period 0.18 0.0132 18.76 %
Before COVID—19 0.21 0.0219 21.76 %
After COVID—19 0.13 0.0032 12.03 %
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4.3. Robustness check

Robust estimators, by definition, are not sensitive to atypical ob-
servations. With more robust estimators, one is able to draw more ac-
curate conclusions and forecasts based on empirical results (Brooks,
2014). In this section, the robustness of the DCC-GARCH estimation
results is tested with an asymmetric DCC-GARCH (ADCC-GARCH) model
(Cappiello et al., 2006). This asymmetric model is able to take into ac-
count the magnitudes of effects with different signs (Villar-Rubio et al.,
2023). Due to this capability, it is well suited for financial time series
which are often non-linear by nature. In the asymmetric DCC-GARCH
model, the time-varying conditional dependence formula Q; is
different from the symmetric model. It is formulated as:

Q=01-0,-0)Q—0:Z+0:2.12, 1 +02 Q-1 +03 &&, (15)

where 05 captures the asymmetric effect; &, =1I[z; < 0] ® 2;, with ® being
the Hadamard product, and I[.] being a function that takes the value 1

Table 5
Results of the ADCC-GARCH model.

Nord Pool EUA

Mean equation

ret—1 —0.1227*** (0.00) —0.0003 (0.200)

ret—1 —0.0177 (0.53) —0.1541*** (0.00)

constant —0.0003 (0.75) —0.0001 (0.95)

Variance equation

eet—1 0.1330%** —0.0087** (0.04)
(0.00)

ect—1 —0.0001 (0.36) 0.0434***

(0.00)

het—1 0.8267*** 0.0214**
(0.00) (0.03)

het—1 0.0002 0.9076%***
(0.38) (0.00)

constant 0.0002%** 0.0001***
(0.00) (0.00)

DCC parameters

6, 0.0458***
(0.00)

S5} 0.8545%**
(0.00)

03 0.1635***
(0.00)

AIC 12.71

LL 9646.38

Notes: This table includes the results for the DCC-GARCH model, including the
mean equation, the variance equation, the DCC equation, and some diagnostics
tests. Values in parentheses are p-values. *** indicates statistical significance at
the 1 % level. rf; measures the return of the electricity market at time t-1 and rf;
includes effects of returns from EU ETS. ef; and ef.; measure the effect of shocks
and surprising news on electricity and emission markets, respectively. hg;
measures the effect of conditional variance of electricity returns while h{; in-
cludes the conditional variance of the corresponding sample from the emission
market.
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Table 6
Results of hedging - robustness analysis based on ADCC-GARCH model.

Optimal weight Hedge ratio Hedging effectiveness

Full sample period 0.17 0.0123 18.23 %
Before COVID-19 0.22 0.0223 20.61 %
After COVID-19 0.14 0.0042 12.86 %

when the residuals are negative and 0O otherwise. Z is the covariance
matrix of [E(£,&,)].

Table 5 presents the estimation results of the ADCC-GARCH model.
The estimates of the mean equations suggest no spillover effects between
the two markets, which is inconsistent with that shown in Table 2.
Further scrutiny indicates that the electricity price is influenced by its
own lagged value, which is also the case for emission prices. Therefore,
past electricity (EUA) returns can be used to predict current electricity
(EUA) returns. Next, looking at the variance equations, we document a
unidirectional volatility linkage running from the electricity market to
the emission market. This finding is, however, in line with our earlier
findings (see Table 2). Moreover, the coefficient 63 is found to be sig-
nificant. This indicates that the correlation between the assets under
study is asymmetric and thus reacts differently to positive and negative
news shocks. In summary, we find consistent results for the volatility
transmission linkage between the electricity and emission markets.
Notably, the lower AIC and higher likelihood value for the asymmetric
process indicate that the ADCC-GARCH model seems more significant
than its symmetric counterpart (see Table 2).

Importantly, we re-conduct the hedging analysis based on the results
of the ADCC-GARCH model and Table 6 provides evidence confirming
the overall hedging ability of the carbon emission market for the Nordic
electricity market. Consistent with the results shown in Table 4, the
hedging effectiveness seems to weaken during the pandemic period.

5. Conclusion and discussion

In light of the important participation of the European electricity
sector in the EU carbon emission trading scheme, in this study we
examine the return and volatility relationship between Nordic electricity
and carbon emission allowances markets and conduct a hedging anal-
ysis. The methods employed in this study include the dynamic condi-
tional correlation model and a time-varying hedging analysis. The
results are summarized as follows: Firstly, there is evidence of a unidi-
rectional flow of returns and volatility from Nordic electricity to Euro-
pean emission markets. Past returns of electricity prices influence both
current own and EUA returns, which suggests that Nordic electricity
prices can be used to predict the evolution of carbon prices. Past vola-
tility shocks in the electricity market have a significant impact on the
volatility of carbon emission allowances. This finding might be driven by
our extended sample period, during which Nordic countries have moved
towards more sustainable energy production, which could have lowered
the exposure of electricity markets to swings in carbon prices. Secondly,
there is a weak conditional correlation between the returns of carbon
emission allowances and the returns of the Nordic electricity market,
which vary over time and exhibit some seasonality. The variability in the
conditional correlation tends to cluster during periods corresponding to
changes in the European Union’s environmental policies. For example,
as the third EUA trading phase, including new operationalities to the
trading scheme, began in early 2013, we note some extreme values and
variability in the dynamic conditional correlation between the markets.
However, the lowest dynamic conditional correlation values are noted
after the change of trading phase, suggesting that a changing environ-
mental policy could divert price movements. Thirdly, given the weak
correlation and evidence that the magnitude of negative values is higher
than that of positive values, the hedging effectiveness analysis shows
evidence that operators in the Nordic electricity market can reduce their
downside risk by adding the carbon emission allowances asset to their
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portfolios. Our main results are robust to the choice of the dynamic
conditional correlation model and the potential presence of asymmetric
effects in that correlation. Interestingly, the results of the hedging
analysis remain robust to considering the asymmetric effect.

Overall, we provide new evidence regarding the volatility dynamics
in electricity and carbon emission markets and the hedging implications.
The focus on the third emission trading phase in the empirical analysis
provides fresh evidence of the continuously evolving EUA market. Evi-
dence of significant volatility flow from Nordic electricity to European
emission allowances matters not only for market participants searching
for the most efficient ways to mitigate their emissions in light of the
evolving European emissions markets, but also for socially responsible
and eco-friendly investors who seek sustainability and ways to diversify
the downside risk of their portfolios. Accordingly, investors can combine
investments from both markets to reduce overall risk and thus benefit
from hedging, bearing in mind that crisis periods such as the pandemic
slightly reduce the hedging effectiveness of the carbon emissions mar-
ket. This points to the potential utility of applying a dynamic hedging
analysis to better exploit the benefits of hedging Nordic electricity prices
with European emission allowances during crisis periods.

Our above analysis and findings offer incentives for future studies of
the relationship between carbon and electricity assets including various
countries and regions. This is based on the rationale that the carbon
intensity of production could differ across countries and regions or
exhibit different correlation dynamics and thus portfolio implications.
On arelated front, future studies could consider a more in-depth analysis
of the asymmetric effects between carbon and electricity markets,
revealed by the robustness analysis. On the methodological front, future
studies could apply copula-based models, capturing tail-dependence.
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