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HIGHLIGHTS

GRAPHICAL ABSTRACT

e A hybrid approach was developed to
predict fluctuations in EU Allowance
prices.

e Features such as the Dow Jones
Industrial Index were identified as key
factors.

e Highly accurate predictions were
achieved in medium- and long-term time
scales.
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The price of EU Allowances (EUAs) serves as a mechanism for managing
greenhouse gas emissions, influenced by various factors such as economic,
financial, political, and other indicators. This study assesses the impact of 31
different energy, financial, and commodity indices on EUA prices. To achieve
this, a hybrid data-driven approach is employed. Initially, the Autoregressive
Integrated Moving Average (ARIMA) algorithm cleans the relevant data.
Subsequently, the Variational Mode Decomposition (VMD) method
decomposes the indices into intrinsic mode functions (IMFs). These IMFs are
categorized into three-time scales: short-term, medium-term, and long-term.
Next, by integrating Recursive Feature Elimination (RFE) and Random Forest
(RF) with cross-validation, the most influential features across these time
scales are selected. The results demonstrate that the model achieves higher
accuracy in medium-term and long-term time scales. Forecasting the price
fluctuations of EUAs using these hybrid approaches can contribute to more
precise and timely decision-making in policy formulation and investment
strategies.
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1. Introduction

Observing climate change to be a challenge both to
the environment and economy, many nations have
established economic instruments to tackle its
impacts. Command-and-control measures and
carbon pricing mechanisms are the most salient
policies put into practice. While both mechanisms
target the mitigation of its negative effects and
impose charges on firms that cause environmental
damage, climate change is deemed a market failure
because it cannot be incorporated into the cost of
pricing. Among these, schemes of emissions trading
are more robust instruments of emissions
reduction, given their demonstrated ability to
secure reductions. The value of such schemes has
been accepted internationally, and they have been
embedded in key provisions of international climate
agreements (Energy, 2015). The European Union's
Emissions Trading System (EU ETS) is an
international carbon market created to reduce
carbon emissions. The EU Allowance (EUA) is a
carbon emission permit that can be traded directly.
When the emissions of a company are higher than
its allocated allowance, it can buy the permits; if
they are less than the allowance, it can sell them.
Since the launch of EUA futures contracts, their
volatility has been of particular interest to academic
circles, high-emission firms, and governments.
Accurate forecasting of EUA volatility can assist
investors or emitting companies in maintaining
economically viable market timing strategies for
selling or buying emission allowances and assist
regulators in steering the carbon market efficiently
towards its development. Therefore, identification
of the predictive factors is highly appealing to
managers and investors since it clarifies the
mechanics of the carbon volatility. Existing
literature demonstrates that a wide range of
exogenous variables have an impact on the
volatility of the European carbon market (Adekoya
et al, 2021; Wang et al., 2023).

This study focuses on examining drivers of the
carbon market under Phase 4 of the EU ETS. In
October 2014, the EU agreed on the first items of
the 2030 Climate and Energy Framework in order to
meet the EU's contribution to the Paris Agreement
(European Commission, 2019). The EU's Nationally
Determined Contribution set three main targets to
be achieved by 2030: reducing greenhouse gas
emissions by at least 40% (compared to 1990
levels), having at least 32% of renewable energy
sources, and improving energy efficiency by at least
32.5%. For the EU ETS to achieve the goal of a 40%
reduction in emissions in covered sectors, the EU
ETS will require a 43% reduction in emissions from

covered sectors. Significant reforms were made to
the EU ETS for Phase 4, which took effect in April
2018 when operations began on January 1, 2021.
Phase 4 aims to accelerate emission reductions,
promote low-carbon technology development, and
enhance the energy sector (European Commission,
2018). Additionally, Phase 4 is expected to improve
further the scheme's performance and flexibility in
response to changes and maintaining sound market
equilibrium, addressing the primary disadvantage of
earlier phases (Clara, 2018). The research question
here is:
e  What are the most critical determinants of
EUA price volatility under Phase 4 of the
EU ETS?
e How crucial are they?
e What are the challenges in EUA price
volatility forecasting?

2. Methodology

This study employs a mixed-method approach with
both quantitative and qualitative methods to
identify and examine determinants of EUA price
volatility in Phase 4 of the EU ETS. The time-series
data spanning 2021-2023 were collected using
European carbon market databases and energy
market indices for the quantitative phase.
Information included EUA prices, energy prices
(e.g., Brent crude oil, Richards Bay coal, UK natural
gas, and electricity indices), and financial market
indicators (e.g., stock indices). Econometric models,
namely Vector Autoregression (VAR) and
Generalized Autoregressive Conditional
Heteroskedasticity (GARCH), were used to measure
volatility spillovers and dynamic correlations. The
qualitative process involved a literature review of
academic papers and EU policy reports and was
coded with thematic analysis using MAXQDA
software. Thematic analysis adopted a six-step
procedure: familiarization with the data, initial
coding, theme identification, theme networking,
analysis, and reporting. The research aligned results
of the two stages to develop a general model of
EUA price volatility drivers.

To obtain the best results with respect to the
available variables, this article first cleaned the
data. Before cleaning the data, the data was
checked for stationarity using the enhanced Dickey-
Fuller test, which showed that the data was
stationary according to the output of this test. In
the first stage, the missing values of each variable
were found, and among them, the variables that
had more than 30% of the data as missing values
had to be removed. Since there was no data with
more than 30% of the missing values, all these
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values were passed to the next stage. To check the
normality of the data distribution, the Yeo-Johnson
transformation was applied to all data columns.
This transformation was chosen because of its
ability to model non-normal data (including
negative and zero values). Q-Q-plot was used to
check the normality of the transformed and
predicted data. The results of these studies showed
that the data distribution improved and became
much closer to the normal distribution. After
removing the missing values, in the next step of
data cleaning, the integrated moving average
autoregressive method was used to predict the
missing values. In this method, the available data
were used to fit the integrated moving average
autoregressive model with parameters (1,1,0) and
then the missing values were predicted for each
variable. If this model was unable to predict the
missing values, the value replacement method
using the forward filling filter was used to complete
the incomplete data. Also, after removing the
missing values, in order to reduce the effects of
collinearity between the independent variables
using the variance inflation coefficient method,
variables whose variance inflation coefficient value
was higher than 10 were removed in stages to
prevent instability in the estimation of the model
coefficients. After this step, the Dow Jones
Industrial Average, Nickel Futures, and S&P 500
indices were removed from the rest of the research
process. This step was the final phase of data
cleaning, after which the outputs of this step will be
the inputs to the variable state decomposition
algorithm.

3. Results and Discussion

Researchers have dug into what makes the prices of
European Union Allowances (EUAs) in the EU
Emissions Trading System (ETS) so unpredictable
during its fourth phase. By using thematic analysis
and econometric modeling, they’ve pinpointed the
key factors behind these price fluctuations, their
importance, and the challenges that come with
them. Here’s a breakdown in simpler terms:

1. Energy Market Prices: The prices of energy
sources like Brent crude oil, coal, natural
gas, and electricity play a big role in how
much EUA prices bounce around. Brent
crude oil has the biggest impact, while coal
has the smallest. The connection between
energy and carbon markets isn’t static—it
changes over time. During economic or
geopolitical crises, these markets tend to
move more in sync, amplifying price swings
(Aslam et al., 2023). Also, as commodity
futures trading has become more open, it’s
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led to more volatility and uncertainty, tying
EUA prices closer to coal, oil, and gas
prices (Liu, 2024).

2. Financial Market Indices: Stock markets
and EUA prices have a complex
relationship. In earlier phases of the EU
ETS, European stock indices and carbon
prices often moved in opposite directions.
But by 2015, this flipped, and they started
moving  together  (Jiménez-Rodriguez,
2019). Before the European debt crisis,
stock prices had a stronger short-term
effect on EUA prices. After the crisis, their
influence stretched to medium- and long-
term impacts (Li et al., 2021).

3. Policy and Regulatory Changes: EU climate
policies, like the 2.2% yearly reduction in
emission caps during Phase 4, have a big
impact on EUA prices by making
allowances scarcer. While these policy
updates help stabilize the market over
time, they can cause price jumps when
first rolled out (Clara, 2018).

4. Macroeconomic and Geopolitical Events:
Big economic downturns or geopolitical
events, like the Russia-Ukraine conflict,
shake up energy supply and demand,
which in turn makes EUA prices more
volatile. This happens because carbon
markets are closely tied to energy markets
(Chen & Zhong, 2024).

As key Findings, the research shows that energy
prices, especially Brent crude oil, are the biggest
drivers of EUA price swings. Policy changes come in
second, while stock market indices have a
moderate effect that depends on the time frame.
Geopolitical events matter too, but their impact
varies by situation. Some challenges include the
ever-changing nature of these market connections,
limited data for short-term studies, and the
difficulty of modeling how these markets interact.
The study stresses the need for better forecasting
tools to keep up with these shifting dynamics (Liu,
2024).

Recommendations are:

e For Investors and Companies: Use
predictive models that factor in energy and
stock market trends to make smarter EUA
trading decisions.

e For Regulators: Focus on clear and
consistent policies to keep the market
stable and transparent.

e For Researchers: Build more advanced
models to better understand and predict
these ever-changing market relationships.
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4. Conclusions

In this study, using advanced methods such as
variable state decomposition and recursive feature
elimination in combination with the random forest
model, an attempt was made to analyze and predict
the price fluctuations of EU subsidies. By processing
and predicting the missing values of the data
through the integrated moving average model of
missing data autoregression, a cleaned data frame
was created. Then, by separating the data into
several different time scales (short-term, medium-
term and long-term) and extracting features from
the frequency components of the time series, a
more accurate forecast for prices was obtained. In
the next step, the random forest model was used to
simulate the effect of different features on the
dependent variable and by applying recursive
feature elimination, the best features were
selected. The results showed that at different time
scales, features such as the Dow Jones Industrial
Average, the European Stock Index and natural gas
were of high importance. Especially in the medium-
and short-term time scale, the model achieved
more accurate predictions with R? higher than
0.997, mean square error less than 0.05, and root
mean square error less than 0.02, indicating the
high power of the model in simulating price
behavior. The results obtained from different
models show that forecasting EU subsidy price
fluctuations using these combined approaches can
contribute to more accurate and timely policy and
investment decisions. For future research, it is
suggested that other models such as XG Boost be
used in addition to recursive feature removal. It is
also possible to increase the range of feature
selection and examine what effect increasing the
number of features and using new features will
have on the model's prediction. It is also possible to
test different scenarios to examine the model's
performance, considering geopolitical conditions
and other global crises.
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Table 2. Variables under study

w90 o yaie ¥ Joua
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European Union Allowances index (USD).
Futures contract price for Brent crude oil (USD).

Futures contract price for West Texas Intermediate crude oil (USD).

Futures contract price for heating oil (USD).
Futures contract price for London gas oil (USD).

Futures price of natural gas on the NYMEX exchange (USD).

Futures price of natural gas on the Intercontinental Exchange (ICE) (USD).
Futures contract price for Newcastle coal (USD).

Futures contract price for Rotterdam coal (USD).

Futures contract price for Richards Bay coal (USD).

Dow Jones electricity index.

FTSE 350 electricity sector index.
Index tracking renewable energy companies in Europe.
Futures contract price for gold (USD).

Futures contract price for silver (USD).

Futures contract price for copper (USD).

Futures contract price for platinum (USD).
Aluminium spot price or futures contract price (USD).
Futures contract price for palladium (USD).

Exchange rate between USD and EUR.
Exchange rate between USD and GBP.
Futures price for uranium (USD).

Futures price for lead (USD).
Futures price for nickel (USD).
Futures price for zinc (USD).

EUA (Y)

Brent Oil Future

Crude Oil WTI Future
Heating Oil Future
London Gas Oil Future
Natural Gas Future NYMEX
Natural Gas Future ICE
Newcastle Coal Future
Rotterdam Coal Futures
Richards Bay Coal Future
D]J Electricity Index

FTSE 350 Electricity
European Renewable Energy
Gold Futures

Silver Futures

Copper Futures
Platinum Futures
Aluminium

Palladium Futures
USD/EUR

USD/GBP

Uranium Future

Lead Futures

Nickel Futures

Zinc Futures

Reformulated gasoline blendstock for oxygenate blending (RBOB) futures price (USD). ~ Gasoline RBOB Futures

Dow Jones Industrial Average (DJIA) index tracking U.S. industrial companies.

Dow Jones Industrial Average

Standard & Poor's 500 index tracking 500 major U.S. companies. S&P 500
NASDAQ Composite index tracking U.S. technology and growth companies. NASDAQ Composite
European blue-chip stock index tracking the 50 largest companies in the Eurozone. Euro Stoxx 50

Dow Jones commodity index tracking general commodity prices.

Dow Jones commodity index for industrial metals.

Dow Jones Commodity
DJ Commodity Industrial Metal

Table 3. Statistical analysis of Part1
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YAY/Y- YVV/0- YO/AY DJ Electricity Index
YYFAVIVY YYY-ATO IARNE FTSE 350 Electricity
YY#VIYO YEYY/?-. fazive European Renewable Energy
ARARYVAZN YAZA/R - Yyv/a- Gold Futures

Table 3. Continued.
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Table 4. Statistical analysis of Section 2
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AN -+/fY Heating Oil Future
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—+/YY <\ F Ftse 350 Electricity
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Sensitivity Analysis with Noise in VMD (RMSE)
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Figure 5. Sensitivity analysis of tuning parameter
considering noise.
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Figure 2. Sensitivity analysis of mode number in

normal mode.
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Figure 7. Eigenmodes resulting from the variable state decomposition algorithm method (second).
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Table 5. Results for the short-term time scale
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