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Abstract: Climate change poses an unprecedented global challenge, which prompts nations to adopt
new strategies to mitigate greenhouse gas emissions. The European Union emissions trading system
(EU ETS) is a cornerstone of the EU’s efforts towards a cost-effective fight against climate change.
This study examines the effectiveness of the EU ETS by analyzing monthly data from December
2008 to December 2021, with the focus on CO2 emission allowance futures prices, renewable energy
indices, coal prices, oil prices, and fossil energy indices. The key findings are as follows: The CO2

emission allowance futures prices have averaged EUR 14.83 per ton, ranging from EUR 2.87 to EUR
76.81, which shows a significant upward trend. The renewable energy index also demonstrated
strong growth, with a mean 1562.07 and maximum 4571.96. Coal prices have averaged EUR 65.32
per ton, while Brent oil prices averaged EUR 59.85 per barrel. A cointegration analysis revealed
a long-run equilibrium relationship between these variables. The Vector Error Correction model
(VECM) revealed significant negative responses to long-run equilibrium deviations of the renewable
energy index (−0.0155) and oil prices (−0.0236), a significant negative short-run response of CO2

prices to their own lagged values (−0.223), and a significant positive short-run effect of oil prices
on the fossil energy index (0.254). These results suggest the EU ETS has created significant linkages
between carbon, energy, and financial markets. The study concludes that while the EU ETS has made
progress in motivating emissions reductions and promoting renewable energy, the system’s efficacy
still needs improvement.

Keywords: allowance; climate change; cointegration; Granger causality

1. Introduction

The European Commission (EC) has hailed its emissions trading system (EU ETS)
as a crucial measure in the fight against climate change, so that the aim of achieving a
carbon-neutral Europe by 2050 will be reached [1]. As a market-based instrument, the EU
ETS aims to reduce carbon dioxide (CO2) emissions without the need for discretionary
government intervention, like carbon taxes or regulation (see [2,3]). Upon its launch in
2005, the scheme covered 28 EU countries plus Norway, Iceland, and Liechtenstein, and
was linked to the Swiss ETS. From the beginning of 2021, the UK ETS replaced British
participation in the EU ETS.

The EU ETS aims to reduce greenhouse gas emissions by establishing a market price
for CO2 emissions through tradable emission allowances. These financial assets get priced
in allowance auctions (the primary market) and in market exchange (the secondary market).
The secondary market is operated by the European Energy Exchange (EEX) in Germany and
by Intercontinental Exchange Futures Europe (ICE-ECX) in the UK. One allowance entitles
its holder company to emit one ton of CO2. The allowances must be used to compensate

Energies 2024, 17, 3651. https://doi.org/10.3390/en17153651 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en17153651
https://doi.org/10.3390/en17153651
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-8835-760X
http://dx.doi.org/10.2139/ssrn.4185423
https://doi.org/10.3390/en17153651
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en17153651?type=check_update&version=2


Energies 2024, 17, 3651 2 of 15

for emissions on a yearly basis. Otherwise, the companies face penalties, unless they have
a surplus of allowances from previous years.

In Phase 1 (2005–2007) of the EU ETS, all allowances were allocated for free and the
penalty for non-compliance was EUR 40 per ton of CO2. In Phase 2 (2008–2013), the system
was revised to include market auctions and the penalty was increased to EUR 100 per
ton. By the end of Phase 3 (2014–2020), the system covered about 40% of all greenhouse
gas emissions in the EU, and 57% of the allowances were primarily auctioned. In Phase
4 (2021–2030), the sectors covered by the ETS, including industry, power generation and
intra-European aviation, must reduce their emissions by 43% compared to the 2005 levels.

Economic measures like the EU ETS have gained strong scientific support. Brouwers
et al. [4] showed that market instruments are effective in motivating emissions reductions,
and Wang and Zhou [5] concluded that auctioning is the most efficient way to allocate
the allowances. Nava et al. [6] used game theoretic models to show that the EU ETS
reduces CO2 emissions in equilibrium, while Best et al. [7] provided empirical results
showing that carbon emission pricing is effective in reducing CO2 emissions from fuel
combustion. Furthermore, Vollebergh and Brink [8] highlighted the cost-efficacy of the EU
ETS in reducing CO2 emission in Europe, and Gu et al. [9] confirmed that the same has
been true in China, too.

As a market-oriented system, the EU ETS is expected to drive investments from
fossil to clean energy. McCollum et al. [10] state that clean energy investments should
outweigh global fossil energy investments by 2025 to fulfill the 2015 Paris Agreement [11].
These insights align with both emerging public opinion and the sentiment of responsible
governments. For example, Germany is taking steps to reduce its coal use [12].

Proper functioning of the EU ETS hinges on three principles. The linking principle
means that the market price of CO2 emission allowances should have explanatory power
over the pricing of other energy assets. The leadership principle dictates that the CO2
allowance price should be the market leader, which the other energy asset prices would
follow in the long run. Lastly, the direction principle states that an increase in the allowance
price should lead to an increase in the price of clean energy assets and a decrease in the
price of fossil energy assets. The intuition is that as the emission allowances make the
production and use of fossil energy more expensive, the demand shifts from fossil to clean
energy, thus affecting the asset prices in reverse order.

Since the asset price series tends to be nonstationary, these three principles must be
scrutinized when analyzing the efficacy of the EU ETS. The relation between nonstationary
assets can be assessed either by concentrating on returns (short-run effects), or by focusing
on possible cointegration relations in prices (long-run effects). The latter requires identifica-
tion of the relation over the whole observed period, whereas the relation in returns can last
only one period.

The analysis of this paper proceeds in three steps. First, the earlier literature is re-
viewed to justify the use of monthly data in examining whether the five major European
energy asset prices (including emission allowance prices) move together in the long run.
That would reveal a linear cointegration among nonstationary energy assets, thereby
supporting the linking principle. Second, possible leader–follower relationships are ex-
plored, to obtain support for the leadership principle. Third, the leaders and followers are
identified, to gather evidence for the direction principle.

2. Literature Review

Creti et al. [13] conducted a study during Phase 2 of the EU ETS using daily data. They
found cointegration between the allowance prices, Brent oil, coal, and the EuroStoxx50
index. Similarly, Charles et al. [14] found cointegration between the allowance prices
and interest rates during Phase 2 with daily data. However, Koch et al. [15] found that
cointegration disappeared when they used monthly data that covered the whole Phase 2.

It seems that the degree of correlation between energy assets depends both on the
frequency of the data and on the number of lagged variables. Tian et al. [16] used daily data
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with one lag from 21st November 2005 to 5th December 2012 and found that changes in the
EU ETS allowance prices were positively correlated with renewable energy stock returns
and negatively correlated with fossil energy stock returns. Thus, their results indicated
a short-run relationship. Da Silva et al. [17] used daily data from 1st January 2008 to 1st
July 2014 and found cointegration between EU ETS prices and Spanish electricity industry
prices, with a unidirectional Granger causality from allowance prices to electricity industry
stock prices. The results held in Phase 2, but not at the beginning of Phase 3. Likewise,
Jimenez-Rodriquez [18] failed to find cointegration between allowance prices and European
stock indices when they used daily data over Phases 1, 2, and 3.

Ortas and Alvarez [19] had daily data consisting of stationary variables over Phase 2.
They used the wavelet decomposition method and found that the EU ETS allowance returns
and global energy commodity returns had time-varying lead–lag effects. The emission
allowance returns were found to be the leaders and commodities returns were the followers
in the long run. Soliman and Nasir [20] had daily data from 1st November 2007 to 31st
October 2017 and found strong nonlinear co-movements between CO2 emission allowance
returns, Brent oil returns, and natural gas returns, but they failed to detect cointegration.
Garcia et al. [21] used daily panel data from six European countries and found cointegration
between EU ETS allowance prices and European electricity asset prices. They detected a
positive Granger causality from allowance prices to asset prices.

Jin et al. [22] used annual data of European green energy assets and fossil energy assets
from 2000 to 2017 but were unable to find cointegration between the assets. He et al. [23]
used weekly data from November 2003 to January 2020 and found nonlinear and positive
cointegration between the European renewable energy stock index and oil prices. Hanif
et al. [24] managed to find positive nonlinear and asymmetric long-run co-movements
between European emission allowance returns and several renewable energy stock indices,
using daily data from 18th May 2011 to 5th March 2020.

Chang et al. [25] detected unidirectional Granger causality from positive stock returns
to reductions in CO2 emissions from coal combustion, using annual data from Austria,
Belgium, Italy, and Norway over the preceding 50 years. Similarly, Kirikkaleli and Ade-
bayo [26] found unidirectional causality from renewable energy consumption to CO2
emissions, using global annual data from 1985 to 2017.

In conclusion, the analysis of cointegration among European energy assets with daily,
weekly, or annual data has mostly failed to reveal linear relationships. Therefore, we regard
it advisable to choose monthly data in our cointegration analyses.

3. Data Description

Our data consist of EU ETS CO2 emission allowances, the European renewable energy
stock index, European fossil energy stock index (containing 23 major European fossil fuel
energy companies), coal ARA (delivered to Amsterdam, Rotterdam, or Antwerp), and
Brent oil. The set of variables is reasonable because, in addition to renewable and fossil
stock indices, they include the commodity assets coal ARA and Brent oil as representatives
of major sources of CO2 emissions in Europe. Since the EU ETS operates in Euros, the coal
ARA and Brent oil prices are converted to Euros.

The data are from Refinitiv Datastream, consisting of monthly prices over the period
from December 2008 to December 2021, that is, over 157 months. The time span is due to
the gradual maturation of the EU ETS from January 2005 to November 2008 (for discussion
of data problems at the early stage of the EU ETS, see [27–32]). Table 1 describes the data.

Table 2 presents the descriptive statistics of monthly prices and returns i.e., the changes
in natural logarithmic price series. The prices are presented in Eurocurrency.

Table 2 shows that the European emission allowances (CO2) have had the highest
average monthly logarithmic returns of 1.025, indicating +12.3 logarithmic returns annually
over the 157 months under study. At the other end, the European fossil energy stock index
(Fo) has had the lowest average monthly logarithmic returns of 0.003, thereby resulting in
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+0.036 logarithmic returns annually. Note that the average returns are calculated before any
dividends have been distributed to the stock indices.

Table 1. Data Sources.

Variables Definition Currency Source

Carbon dioxide emission
allowance futures (CO2)

ICE-ECX EUA
EUA Futures of CO2 Emission

Allowances
EURO ICE Futures Limite Europe

Renewable energy index
(Ae)

Ardour Global Alternative
Energy Price Index Europe EURO Alerian S-Network Global

Europe

Coal ARA futures
(Co)

ICE COAL ARA
One month coal futures price

delivered to Amsterdam,
Rotterdam, or Antwerp

EURO
per ton ICE Futures Europe

Brent oil futures (Oil) ICE Futures Europe Brent
Crude Oil Futures

EURO
per barrel ICE Futures Europe

Fossil energy index
(Fo)

STOXX Europe 600 Oil & Gas
stocks price index, EURO EURO STOXX Ltd., Qontigo Europe

Note: The sample consists of monthly data from December 2008 to December 2021.

Table 2. Descriptive Statistics.

Monthly Data

CO2 Ae Co Oil Fo

Mean 14.827 1562.067 65.324 59.845 303.420

SD 12.945 955.629 20.130 16.577 38.406

Max 76.810 4571.960 200.966 93.805 374.266

Min 2.870 478.210 35.881 25.499 181.139

Skewness 2.257 1.864 2.447 0.166 −0.882

Kurtosis 8.734 5.921 15.369 2.011 3.619

J-B 8.793 ** 4.0001 ** 5.924 ** 94.144 * 4.857 **

Obs. 157 157 157 157 157

Monthly Returns

Returns CO2 Ae Co Oil Fo

Mean 1.025 0.755 0.352 0.269 0.003

SD 14.537 7.367 9.806 9.512 5.819

Max 31.478 19.531 42.176 30.249 24.262

Min −50.173 −21.090 −53.808 −59.397 −19.516

Skewness −0.771 −0.185 −0.553 −1.683 0.107

Kurtosis 4.125 3.034 10.207 12.212 4.750

J-B 23.663 * 0.901 345.618 * 625.244 * 20.200 *

Obs. 157 157 157 157 157

Note: * and ** denote if the Jarque–Bera (J-B) test of the null hypothesis of normality is rejected at the 5% or 1%
levels of significance, respectively. Sample period: December 2008 to December 2021. Carbon dioxide emission
allowance futures (CO2), renewable energy index (Ae), coal futures (Co), Brent oil futures (Oil), fossil energy
index (Fo). All variables are in natural logarithmic prices.

Starting from Friedman [33] and Samuelson [34], the consensus is that competitive
markets should create unique equilibria over time, producing stochastic trends and sug-
gesting that all the series under analysis should be nonstationary. Substantial evidence in
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the economic literature supports the theory. Table 3 reports the Augmented Dickey–Fuller
tests [35,36].

Table 3. Unit root tests for monthly prices and returns (i.e., changes in natural logarithmic series).

Price Returns

Variable Specification Augmented
Dickey–Fuller

Augmented
Dickey–Fuller

CO2
Constant 4.782 −14.674 *
Constant and time trend 3.046 −15.172 *
Constant −1.699 −11.200 *

Ae Constant and time trend −0.178 −11.524 *

Co
Constant −2.907 −12.409 *
Constant and time trend −2.935 −12.406 *
Constant −2.534 −10.493 *

Oil Constant and time trend −3.059 −10.488 *

Fo
Constant −2.753 −11.722 *
Constant and time trend −3.216 −11.704 *

Variable Specification Phillips–Perron Phillips–Perron

CO2
Constant 5.201 −14.630 *
Constant and time trend 3.497 −15.174 *
Constant 1.544 −11.243 *

Ae Constant and time trend −0.212 −11.519 *

Co
Constant −2.940 −12.452 *
Constant and time trend −2.902 −12.447 *
Constant −2.048 −10.347 *

Oil Constant and time trend −2.382 −10.349 *

Fo
Constant −2.853 −11.732 *
Constant and time trend −3.334 −11.719 *

Note: * denotes if the null hypothesis of a unit root is rejected at the 1% level of significance.

The test results in Table 3 show that all the series are integrated of order one, I(1),
because all changes of the natural logarithmic price series are stationary. Hence, all the
series are nonstationary, and the first differences (i.e., returns) of the logarithmic series are
stationary.

4. Method
4.1. Assessing the Direction Principle

The proper working of the EU ETS presumes that the emission allowance prices should
have followed a significant upward trend during the study period, and the same should
have happened with renewable energy assets. Meanwhile, fossil energy-related assets
should have followed a significant downward trend due to changes in demand. Figure 1
shows the graphs of the monthly price series (solid line) and the adjusted nonlinear trend
(dashed line) of European emission allowances (CO2), the European renewable stock index
(Ae), coal ARA (Co), Brent oil (Oil), and European fossil energy stock index (Fo) between
December 2008 and December 2021. The trend lines in all panels from 1a to 1e are fitted
using a polynomial regression of order 2.
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In Figure 1, Panel CO2 presents the price fluctuation of the ICE-ECX one-month Eu-
ropean carbon dioxide emission allowance futures, and the dashed line shows the signif-
icantly positive price trend during the study period. Panel Ae presents the prices of the 
Ardour Global Alternative Energy Index Europe and shows that the upward price trend 
is even steeper than that of CO2. Panel Co presents the prices for one ton of coal ARA (in 
one-month futures ICE-ECX in Euros) ,with a reasonably flat price trend during the pe-
riod. Panel Oil shows the barrel prices of Brent crude oil (also in one-month futures ICE-
ECX in Euros), with a significantly negative price trend. The last panel, Fo, presents the 
Euro values of the Stoxx600 Europe Oil & Gas price index, with a downward price trend. 
Hence, all but the coal ARA price trends are consistent with the direction principle as a 
prerequisite for the proper functionality of the EU ETS system.  

As mentioned above, the trendlines in all panels of Figure 1, including Panels 1c and 
1d, were fitted using a polynomial regression of order 2 (quadratic regression). This 

Figure 1. Monthly prices with trendlines. (a) Panel CO2. (b) Panel Ae. (c) Panel Co. (d) Panel Oil.
(e) Panel Fo.

In Figure 1, Panel CO2 presents the price fluctuation of the ICE-ECX one-month
European carbon dioxide emission allowance futures, and the dashed line shows the
significantly positive price trend during the study period. Panel Ae presents the prices
of the Ardour Global Alternative Energy Index Europe and shows that the upward price
trend is even steeper than that of CO2. Panel Co presents the prices for one ton of coal
ARA (in one-month futures ICE-ECX in Euros), with a reasonably flat price trend during
the period. Panel Oil shows the barrel prices of Brent crude oil (also in one-month futures
ICE-ECX in Euros), with a significantly negative price trend. The last panel, Fo, presents
the Euro values of the Stoxx600 Europe Oil & Gas price index, with a downward price
trend. Hence, all but the coal ARA price trends are consistent with the direction principle
as a prerequisite for the proper functionality of the EU ETS system.

As mentioned above, the trendlines in all panels of Figure 1, including Panels 1c
and 1d, were fitted using a polynomial regression of order 2 (quadratic regression). This
method was chosen because it allows for a more flexible fit than a simple linear trend, thus
capturing potential nonlinear trends in the data, while still maintaining a relatively simple
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model. This approach provides a balance between capturing the overall trend and allowing
for some curvature in long-term price movements, which makes it particularly useful for
visualizing trends that may have changed direction or accelerated/decelerated over the
13-year period of our study.

4.2. Assessing the Linking and Leadership Principles

Several previous studies have documented higher-order interactions among energy
assets (see, for example [37–39]). In this paper, we seek to provide evidence of long-run
relationships between European energy-related assets by detecting linear cointegration
with unidirectional Granger causality (note that Granger causality refers merely to a strong
correlation, not to strict causality).

Figure 1 already confirmed that all prices except that of the coal ARA are consistent
with the direction principle. However, as graphics may reveal spurious developments in
the case that price series are nonstationary (see, for example [40]), further tests are needed.
The existence of cointegration between the assets indicates real relationships between them,
thus confirming the linking principle, while Granger causality [41,42] indicates lead–lag
effects between the variables, thus confirming the leadership principle. Both properties
must simultaneously prevail to warrant the proper functioning of the EU ETS in reducing
CO2 emissions in a way that the allowance price acts as the market leader and the other
energy-related asset prices are the followers in the long run.

For clarification, if CO2 and, e.g., Oil are cointegrated, they share a stationary linear
combination of prices in the long run, which is a necessary condition for CO2 to affect
Oil. In addition, if CO2 Granger-causes Oil, then Oil must react to changes in CO2 to
be cointegrated, and CO2 leads Oil in the long run. Otherwise, CO2 and Oil would be
equal variables in the equilibrium. A formal treatment of the procedure is presented in
Appendix A.

Our empirical analysis contains the variables CO2, Ae, Fo, Co, and Oil, modeled
according to Equation (A4) in Appendix A.

Table 4 reports the test results for the optimal lag structure of the variables.

Table 4. VAR lag-order selection criteria.

Lag LogL LR FPE AIC SC HQ

0 −17.239 NA 9.35 × 107 0.307 0.4094 0.348
1 832.736 1629.607 1.07 × 1011 −11.072 −10.456 * −10.822 *
2 858.263 47.1800 1.06 × 1011 * −11.079 * −9.9504 −10.621
3 878.104 35.304 1.14 × 1011 −11.008 −9.366 −10.341
4 892.486 24.599 1.33 × 1011 −10.862 −8.7063 −9.986
5 909.776 28.379 1.50 × 1011 −10.756 −8.087 −9.671
6 923.886 22.186 1.76 × 1011 −10.605 −7.4233 −9.312
7 939.486 23.454 2.05 × 1011 −10.476 −6.7804 −8.974
8 960.181 29.686 2.23 × 1011 −10.416 −6.2078 −8.706
9 990.282 41.104 * 2.15 × 1011 −10.487 −5.7649 −8.568

10 1004.683 18.671 2.60 × 1011 −10.340 −5.1055 −8.213
11 1021.102 20.155 3.09 × 1011 −10.222 −4.4739 −7.886
12 1036.377 17.699 3.78 × 1011 −10.088 −3.8266 −7.544

Note: * indicates the lag order selected by the criterion. LR: sequential modified LR test statistic (each test at the
5% level). FPE: final prediction error. AIC: Akaike information criterion. SC: Schwarz information criterion. HQ:
Hannan–Quinn information criterion. Endogenous variables: CO2, Ae, Co, Oil, and Fo; VAR lag-order selection
criteria. Bolding indicates statistical significance (* at 5%).

By Table 4, both the final prediction error (FPE) and Akaike information criterion (AIC)
say that lag two is optimal for the variables. Furthermore, Johansen [43] introduced a test
for cointegration in the VAR space. Table 5 reports the findings.
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Table 5. Johansen cointegration test.

Hypothesized

No. of CE(s) Eigenvalue Trace Test Prob.

None ** 79.696 0.006
At most 1 0.192 46.673 0.063
At most 2 0.154 20.683 0.388
At most 3 0.078 8.107 0.461
At most 4 0.050 0.227 0.634

Note: The trace test indicates 1 cointegrating equation(s) at the 0.05 level. ** denotes rejection of the null hypothesis
at the 0.01 level. Bolding indicates statistical significance (** at 1%).

Table 5 suggests that, among the nonstationary variables CO2, Ae, Fo, Co, and Oil,
there is one statistically significant cointegration relationship that can be estimated. The
trace test implies one stationary relationship.

Granger causality [40,41] states that if a stochastic variable can significantly forecast
another stochastic variable, then the former variable Granger-causes the latter. Table 6
presents the Likelihood Ratio (LR) tests in the cointegrated VAR space.

Table 6. Likelihood Ratio Granger causality tests in VAR space.

Null

α = 0 Test Statistic Prob.

CO2 1.228 0.268
Ae * 5.585 0.018
Co 0.248 0.618

Oil * 5.100 0.024
Fo * 5.965 0.015

CO2 and Co 2.171 0.338
Notes: * denotes rejection of the null hypothesis at the 0.05 level. Null hypothesis α = 0 in Equation (A4) in
Appendix A. Bolding indicates statistical significance (* at 5%).

By Table 6, the alphas of emission allowances, CO2, and coal prices, Co, can be
restricted to zero. This implies that if the other variables react statistically significantly
to the cointegration relationship (that is, there are statistically significant alphas in the
stationary Vector Error Correction (VEC) model), then emission allowance and coal prices
are the leaders, while the other variables are the followers in the long run. Taking CO2 and
Co as leaders, the estimated cointegration relationship reads

ECMt−1 = −CO2t−1 + 3.7763× Aet−1 − 1.1574×Cot−1 + 3.5028×Oilt−1 + 8.6559× Fot−1

Recall that while the variables CO2, Ae, Co, Oil, and Fo present nonstationary nat-
ural logarithmic prices, their linear combination is stationary (i.e., ECM). Note that the
relationship must have a lag length of order one to estimate the parameters. Since Table 4
suggests two lags in the simultaneous estimations, the simultaneous VEC model is specified
according to Equation (A5) in Appendix A.

In the ECM model, the dependent variables ∆xt, ∆yt, ∆wt, ∆rt, and ∆st present the
changes in the logarithms of the CO2 emission allowance price (∆xt), renewable energy
stock index prices (∆yt), coal ARA prices (∆wt), Brent crude oil prices (∆rt), and European
fossil energy stock index prices (∆st). In addition, π0, θ0, η0, κ0, and ψ0 are the unknown
parameters, and πj...n, θj...n, ηj...n, κj...n, and ψj...n are the short-run reaction parameters to be
estimated.

Moreover, according to the Likelihood Ratio (LR) Granger causality tests in Table 6,
the short-run reaction of the changes in the logarithms of the CO2 allowance prices to the
long-run equilibrium ECM, namely, αx, and the short-run reaction of the changes in the
logarithms of coal prices to the long-run equilibrium ECM, namely, αw, are set to zero.
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Then, the primary interest is to examine the effect of the long-run relationship in Equation
(A2), focusing on the parameters αy, αr, and αs. In other words, the idea is to examine
whether the statistically significant alphas αy, αr, and αs, and the statistically zero alphas αx
and αw, can be found.

Table 7 reports the simultaneous equation VEC model and the Full Information Max-
imum Likelihood (FIML) estimation results. The Newey–West heteroskedasticity- and
autocorrelation-consistent (HAC) standard errors show the short-run reactions that are
subsumed in the long-run equilibrium of Equation (A5) in Appendix A.

Table 7. VECM for reactions of long-run relationship and short-run reaction results of CO2 emission
allowance and coal ARA.

∆Aet ∆Oilt ∆Fot ∆CO2t ∆Cot

ECMt−1
Long run

−0.015 **
(0.0045)

−0.0236 **
(0.0067)

−0.0131 **
(0.0042)

0.0078
(0.0096)

0.0009
(0.0045)

Short run

∆CO2t−1
−0.223 **

(0.083)
0.112 *
(0.054

∆CO2t−2
0.042
(0.096

0.060
(0.046)

∆Aet−1
0.0304
(0.175)

0.002
(0.148)

∆Aet−2
−0.333
(0.203)

−0.121
(0.099)

∆Cot−1
−0.157
(0.106)

−0.046
(0.114)

∆Cot−2
−0.071
(0.135)

0.158
(0.122)

∆Oilt−1
0.164

(0.201)
0.254 **
(0.087)

∆Oilt−2
0.022

(0.153)
0.017

(0.134)

∆Fot−1
−0.242
(0.320)

−0.119
(0.229

∆Fot−2
−0.333
(0.203)

−0.121
(0.098)

Note: The t-test indicates the null hypothesis of zero alpha. ** denotes rejection of the null hypothesis at the
1% level and * denotes rejection of the null hypothesis at the 5% level. Heteroskedasticity- and autocorrelation-
consistent standard errors are given in parentheses. All variables are in changes of natural logarithmic prices.
Bolding indicates statistical significance (** at 1% and * 5%).

Table 7 shows that the changes in the logarithmic European renewable stocks index
(Ae), Brent oil prices (Oil), and European fossil energy stocks index (Fo) have statistically
significant alphas at the 5% significance level in the VEC model. It also confirms that the
emission allowance (CO2) and coal ARA (Co) prices do not react statistically significantly
to the long-run equilibrium. This is to say that the EU carbon emission allowance price and
coal ARA price have been the leaders, and the other variables have been the followers in
the long run between December 2008 and December 2021.

Furthermore, Table 7 shows the estimation results of the short-run (one-month and
two-month lags) reaction parameters according to the changes in logarithmic EU emission
allowance and coal ARA prices. By the table, the changes in logarithmic coal ARA prices
(∆Cot) react positively and statistically significantly to the previous month’s changes in the
logarithmic emission allowance prices (∆COt−1) at a 5% significance level, and likewise
to the lagged logarithmic Brent oil prices (∆Oilt−1) at a 1% level. On the other hand, the



Energies 2024, 17, 3651 11 of 15

change in emission allowance price (∆CO2t) reacts negatively and statistically significantly
(at a 1% level) only to its own previous month’s change (∆CO2t−1). The conclusion is that
since the CO2 allowance price tends to make the coal ARA price rise after one month’s
delay, the EU ETS emission allowance price is the leader and the coal ARA price is the
follower in the short run.

5. Conclusions

This study examined the long-term relationships between key European energy-
related assets over a 13-year period from December 2008 to December 2021, using monthly
Eurocurrency data. The analysis revealed statistically significant evidence of cointegration
between the market ratings of EU ETS allowances, Brent oil, coal ARA, the European
renewable energy stock index, and European fossil energy stock index. These results
support the linking principle between the selected variables. The direction principle was
also found to hold, evidenced by the significantly positive price trends of CO2 emission
allowance prices and the renewable energy stock index, and by the significantly negative
price trends of Brent oil prices and the fossil energy stock index. Yet, coal Ara prices were
observed to have a flat trend over the study period.

Cointegration helps to identify short-run responses to the long-run equilibrium. If a
cointegrated variable does not react to the long-run equilibrium, it must be a leader among
the cointegrated variables, while those that do react are the followers. Thus, detecting
the leadership principle requires that the emission allowance price is the leader and other
energy prices are the followers in the long-run equilibrium.

In this study, we found one cointegrating relationship among the variables such that it
indicates a long-run equilibrium. Notably, both CO2 allowance prices and coal ARA prices
emerged as leaders in the long run, while other variables including the renewable energy
index, oil prices, and fossil energy index acted as followers. This finding contrasts with
Koch et al. [15], who found no cointegration during Phase 2 of the EU ETS, but aligns more
closely with Creti et al. [13] and Charles et al. [14], who managed to identify cointegration
relationships using daily data. We used a broader timeframe with monthly data, which
facilitated a more comprehensive view of the long-term market dynamics.

The main results showed that the EU ETS allowance price and coal price do not react
statistically significantly to the long-run equilibrium. This means that they have been
the leaders, while the other variables have been the followers in the long run between
December 2008 and December 2021. However, the coal price has reacted positively to the
previous month’s changes in allowance and oil prices, while the allowance price has reacted
statistically significantly to its own previous month’s change. The positive reaction of the
current coal price to the previous change in the allowance price tells that, in the short term,
the EU ETS allowance has been the leader and the coal ARA price has been the follower.

We provided a unique contribution by showing a significant short-run influence
from CO2 allowance prices to coal ARA prices with a one-month lag. This short-term
relationship, combined with the identified long-term leadership roles, offers a nuanced
perspective on the EU ETS’s effectiveness, which the previous studies have not captured.

The long-term leadership of coal ARA prices, contrary to the aims of the EU ETS, is
indeed a somewhat counterintuitive finding of our study. There are both historical and
economic factors behind this complexity. First, many European countries are significant
exploiters of coal resources and increasingly concerned about their energy security. For
example, Germany and Poland have historically trusted in coal in their baseload power
generation, and Germany’s decision to phase out nuclear power has had its own effects.
All this creates inertia in energy transition. Second, coal often remains a cost-competitive
energy source, especially when considering the infrastructure already in place for its use.
This economic advantage can persist, even in the face of any carbon pricing mechanisms.
The shift from coal-based energy production is a gradual process, since the existing coal-
fired power plants have long operational lifespans and replacing them takes time and huge
investments.
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In any case, the coal ARA price is still a key benchmark in the European energy market,
thus affecting the market dynamics. The coal ARA price is also influenced by global coal
markets, and the high demand of coal in the emerging economies may well contradict EU
climate policy objectives. There are also some policy inconsistencies within the EU, like
subsidies for regions dependent on coal production, which distort the efficacy of the EU
ETS. Lastly, there are some defects in the EU ETS itself, like the over-allocation of emission
allowances permits and price constraints.

The long-term leadership of coal ARA prices highlights a significant challenge to
the EU’s efforts in transitioning from fossil fuels towards clean energy. It suggests that
while the EU ETS has been effective in many ways, additional policy measures may be
necessary to overcome the entrenched position of coal in the European energy mix. Our
findings highlight the complex dynamics between carbon pricing, energy markets, and
climate policy, suggesting that while the EU ETS has made progress, there is still room for
improvement in its ability to drive substantial emissions reductions. Our comprehensive
analysis of both short-term and long-term relationships provides valuable insights for
policymakers and researchers who try to enhance the effectiveness of the market-based
emissions trading system.

In summary, this study shows that the EU ETS has largely succeeded in steering
European energy-related stock indices and Brent oil prices, thereby supporting the role
of market-based approaches in tackling climate change. In the long run, a rise in the EU
ETS allowance price can cause the European renewable energy stock index to rise, and the
European fossil energy stock index and Brent oil prices to fall, and vice versa. From this
viewpoint, the EU ETS seems to have worked appropriately in steering the EU towards
carbon neutrality and more general environmental goals. Yet, the long-term leadership of
coal somewhat mitigates the efficacy of the EU ETS in its battle against climate change.

This paper raises several interesting issues for future research. It is important to dig
deeper into why coal ARA prices act as they have done, to what extent the phenomenon
deteriorates the efficacy of the EU ETS, and what could be done from the policy perspective.
An obvious line of research would also be to study how external events, like the crises
after 2021, affect the direction-linking leadership pattern of the EU ETS and thus its efficacy.
Furthermore, it would be interesting to compare the EU ETS with other large emissions-
trading systems and their policy lessons.
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Appendix A

Following ref. [40], assume nonstationary variables xt ∼ I(1) and yt ∼ I(1) with
variances σ2

x and σ2
y . As t → ∞ (in the long run), σ2

x → ∞ , σ2
y → ∞ . A stationary linear

combination zt, zt ∼ I(0) suggests that xt and yt are cointegrated and σ2
z is finite. If so, the

nonstationary variables xt and yt are connected in the long run. Note that if zt ∼ I(1), then
σ2

z → ∞ as t → ∞ , so that cointegration is a necessary condition for a long-run connection
between xt and yt.
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The Granger representation theorem tells us that if cointegration exists between xt
and yt, then an error correction mechanism (ECM) must also exist. Write

xt + γyt = uxt, uxt = uxt−1 + εxtxt + λyt = uyt, uyt = ρuyt−1 + εyt (A1)

where γ and λ are unknown parameters, |ρ| < 1, and εxt, εyt are correlated white noise
processes. Subtracting lagged values from both sides of the equations and defining δ =
(1 − ρ)/(λ − γ) produces the following autoregressive form:

∆xt = γδxt−1 + λγδyt−1 + υxt∆yt = −δxt−1 − λδyt−1 + υyt (A2)

where ∆ denotes changes in the variables, and υxt and υyt include a linear combination.
Then, the error correction model reads

∆xt = γδzt−1 + υxt∆yt = −δzt−1 + υyt (A3)

where zt−1 = xt−1 + λyt−1 is the error correction mechanism (ECM) that is a stationary
linear combination of nonstationary variables, and δ is a reaction parameter for the changes
in variables to the ECM. When γ = 0, the model becomes

∆xt = υxt ∆yt = −δzt−1 + υyt

where δ = (1 − ρ)/λ. Even though xt and yt are cointegrated, only yt reacts to the long-run
equilibrium zt−1 indicating that xt is a leader and yt is a follower in the long run (with zt−1
lagged).

Furthermore, ref. [44] introduced a simultaneous equation model, namely, the vector
autoregressive (VAR) model, where the distinction between endogenous and exogenous
variables does not have to be determined in advance. In our context,

∆xt = π0 + ∑j=1 πj∆xt−j + ∑h=1 πh∆xt−h + υxt
∆yt = θ0 + ∑j=1 θj∆yt−j + ∑h=1 θh∆yt−h + υyt

(A4)

where π0, πj, πh, θ0, θj, and θh are unknown parameters to be estimated, and υyt and υxt are
assumedly white noise processes (note that lagged changes ∆yt and ∆xt should be added
into the model until υyt and υxt are white noise processes).

The VAR model assumes that the variables ∆yt and ∆xt are stationary, I(0) in Equation
(A4). Yet, as suggested by ref. [40], linear combinations of nonstationary variables can also
be stationary, if they are regarded to be in an equilibrious relationship that makes them
move together in the long run. If so, the nonstationary series are cointegrated, which can
be considered as a sign of long-run predictability, and the direction of Granger causality
(namely, a strong correlation) can also be identified.

Including ECM into Equation (A4), cointegration can be modeled with the Vector Error
Correction (VEC) model as

∆xt = π0 + ∑j=1 πj∆xt−j + ∑h=1 πh∆xt−h + αxzt−1 + υxt
∆yt = θ0 + ∑j=1 θj∆yt−j + ∑h=1 θh∆yt−h + αyzt−1 + υyt

(A5)

where zt−1 is the lagged ECM and α is a parameter that reveals how the dependent variable
reacts to the long-run equilibrious relationship.
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