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Abstract

This paper proposes a stock market index that captures the environmental performance of
firms regulated by the European Union Emissions Trading System (EU ETS). Unlike alternative
methods based on market capitalization, ESG scores, and Scope 1 and 2 estimated emissions,
the proposed approach relies on total verified emissions to better reflect firms’ carbon abatement
efforts. A DCC-GARCH model is employed to estimate the hedge ratios, optimal weights, and
hedge effectiveness of the index across various asset classes. The proposed index offers superior
hedging performance compared to the European Union Allowances (EUAs), a common bench-
mark for tracking carbon abatement, although hedging with the EU ETS index tends to be more
expensive. The proposed index constitutes a valuable tool for investors seeking climate-conscious
equity investments in carbon-intensive firms with strong environmental performance.

Keywords: EU ETS index; Verified Emissions; Hedge Ratios; Optimal Weights; Hedge Ef-
fectiveness.



1 Introduction

The urgent need to address climate change and mitigate the environmental impacts stemming from
human activities has placed the transition toward a low-carbon economy and the promotion of envi-
ronmental innovation at the forefront of global attention [28]. Sustainable Development Goal (SDG)-
based' policy frameworks could facilitate a gradual shift toward cleaner energy consumption across
both industrial and household sectors [85]. Additionally, carbon taxes and cap-and-trade systems are
intended to incentivize investments in low-carbon technologies. For instance, Wong and Zhang [88]
highlight that carbon taxes, by placing a cost on carbon emissions, can encourage firms to lower their
carbon footprint by increasing the operational costs of carbon-intensive activities. Similarly, cap-and-
trade systems may promote innovation through investments in cleaner technologies and more efficient
production processes [36]. In particular, carbon markets play a critical role in minimizing the risk of
negative economic impacts on domestic industries, fostering technological innovation, and generating
revenues that can be reinvested into sustainable initiatives [55].

Although carbon-intensive assets still represent a large share of invested capital [75] and the
“greenness’ of Euro Area investors’ portfolios remains lower than their exposure to transition risk
[8], the financial sector is crucial in directing investments away from fossil fuels sectors toward low-
carbon innovations. Consequently, the growing awareness of climate risks has induced firms to signal
their commitment to achieving improved environmental outcomes, a trend reflected in the prolifer-
ation of green investment funds [78]. Since climate change risks increasingly affect asset prices,
investors, therefore, face the challenge of identifying investment opportunities aligned with environ-
mental objectives [67].

While investors frequently use ESG scores to identify sustainable firms [70], the reliability of these
scores is often questioned [14]. ESG rating agencies employ proprietary methodologies that lack
transparency, resulting in conflicting evaluations [19], particularly in the environmental dimension
[54]. Further, ESG scores can be compromised by contamination between different sustainability
metrics [64], the use of industry-specific aggregation rules that reduce inter-firm variability within
sectors [18], and greenwashing concerns [90].

Investors may also turn to emissions data when evaluating sustainable firms. However, Scope 1

and 2 emissions” are often self-reported or estimated by external vendors [23]. Self-reported emis-

Table Al in the Appendix lists all the abbreviations and parameters of the models used throughout the manuscript.
2Scope 1 emissions are direct emissions from sources that are owned or controlled by the company. Scope 2 emissions
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sions, lacking a consistent legal framework, raise concerns about accuracy, while vendor estimates
show only moderate correlation among themselves and are based on assumptions about business
models and industry factors, casting doubt on their validity [13]. Although vendor-estimated emis-
sions have shown a strong positive correlation with stock returns [21], this relationship is negative
for firms with verified emissions data [17]. This highlights the importance of using independently
verified emissions data to avoid distorted conclusions [17], particularly as carbon risk becomes more
significant in investment decisions.

Another potential avenue to identify investment aligned with environmental goals is through trad-
able indices reflecting the performance of firms in carbon-intensive sectors [22] that are subject to
an environmental regulatory framework fostering carbon abatement.’ Relatedly, the European Union
Emissions Trading System (EU ETS) stands as the largest greenhouse gas (GHG) trading system,
covering approximately 40-45% of Europe’s GHG emissions [30] and accounting for approximately
90% of global carbon market trading.* Firms regulated by the EU ETS must disclose their emissions,
which are independently verified by third parties, thereby addressing concerns over data reliability.
Under the EU ETS, firms can trade European Union Allowances (EUAs), which represent the right to
emit one tonne of carbon dioxide (CO,) equivalent. These firms must surrender sufficient allowances
to cover their annual emissions or trade allowances on the carbon market to comply with the reg-
ulation. The EU ETS has undergone multiple phases of increasing environmental targets: Phase I
(2005-2007), 11 (2008-2012), I1I (2013-2020), and IV (2021-2030).

While the EUA price may serve as a potential index to track firms’ carbon abatement efforts [50],
several other factors may influence its market dynamics [7, 58], including carbon policy surprises
[56], stock market dynamics [73], energy prices [61], fundamentals [72], macroeconomic [25] and
weather [46] conditions. For instance, Hintermann [57] identifies fuel prices, summer temperatures,
and precipitation as key determinants of allowance prices. Analogously, Aatola et al. [1] show that
EUA prices are driven by electricity prices and the gas—coal difference. Additionally, specific events

are shown to influence carbon markets. For example, unexpected lower-than-predicted verified emis-

are indirect emissions from the consumption of purchased electricity, heat, or steam, which occur at the facility where
electricity, steam, or heat is generated.

3Indices like the Morningstar Low Carbon Transition Leaders Index allow investors to align portfolios with companies
committed to progress toward net-zero emissions (https://assets.contentstack.io/v3/assets/bltab
£2a7413d5a8f05/b1tc346c6a704b9736f/65fdbd2401e311562bcb03f1/Climate-Investing-w
ith-the-Morningstar-Low-Carbon-Transition—-Leaders—-Indexes-v2.pdf).

4Source: https://www.refinitiv.com/content/dam/marketing/en_us/documents/gated/re
ports/carbon-market-year—in-review—2020.pdf.
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sions in 2006 led to a significant drop in EUA prices [44], causing a long-lasting effect on the quality
of the European carbon market [74]. More recently, the COVID-19 pandemic caused EUA prices
to plunge from €24 to €15 per tonne of CO, in just 12 days in March 2020 [38]. Similarly, EUA
prices dropped from €95 to €58 per tonne of CO, in just over a week in February 2022, following
Russia’s invasion of Ukraine. Such volatility in the EUA price has been found to be exacerbated by
speculative bubbles in response to energy-related announcements [32]. Finally, policy adjustments
can significantly influence the EUA price [49]. For instance, decisions by the European Commission
on the second National Allocation Plans have been shown to exert a strong and immediate impact
on EUA prices [31]. Furthermore, reductions in price and increased volatility tend to occur when
European Parliament decisions are made under specific conditions, such as when they are not driven
by party-political factors, during periods of low market sentiment, or when market attention is limited
[34].

Despite the importance of EUA, there is a clear need for a more comprehensive index that better
captures the environmental performance of carbon-intensive firms subject to stringent GHG reduction
policies. This work aims to fill this gap by proposing an equity index based on EU ETS-listed firms
to test its hedge effectiveness (HE) against a range of traditional asset classes, mirroring investors’
strategies to hedge environmental risks. The focus on EU ETS firms is due to their pivotal role in
Europe’s carbon abatement strategy. These firms, spanning sectors such as manufacturing, energy, and
mining, are highly sensitive to environmental aspects concerning green innovation, policy changes,
and climate disasters, making them ideal for assessing market reactions.

Various approaches for weighting firms within the EU ETS index are examined in this study.
The first method relies on market capitalization, while the second focuses on ESG scores. The other
approaches use environmental performance metrics, calculated as the negative logarithm of the ra-
tio between emissions and total assets. Specifically, the analysis considers Scope 1 and Scope 2
emissions, along with verified emissions data. The verified emissions-based approach is used as the
benchmark for constructing the EU ETS index in the core analyses.

Subsequently, the hedge effectiveness of the EU ETS index is evaluated against a range of asset
classes, including European developed and emerging market stocks, a clean energy equity index,
European government and corporate bonds, a green bond index, Brent oil, gold, Bitcoin (BTC), and

EUA. Hedge ratios (HRs), optimal weights (OWs), and hedge effectiveness are calculated for the EU



ETS index relative to these assets and compared with the corresponding results for EUA.

The key findings of this paper can be summarized as follows:

1) OWs favor the EU ETS index when combined with volatile assets. On the other hand, the EUA
is consistently underweighted in all pairings, except when paired with Bitcoin.

ii) Hedging with the EU ETS index is generally more expensive compared with EUA. The average
HRs of the EU ETS index are between —0.076 (vs. gold) and 1.474 (vs. clean energy stocks).
Conversely, the average HRs of EUA are generally lower and lie between —0.016 (vs. gold) and
0.129 (vs. Brent oil).

1i1) However, the EU ETS index offers a superior hedging effectiveness compared to the EUA.
The average HEs of the EU ETS index computed with respect to the HRs range between —0.020
(vs. corporate bonds) and 0.824 (vs. developed stocks). In comparison, the HEs of EUA span from
—0.012 (vs. green bonds) to 0.010 (vs. the EU ETS index), highlighting its limitations as a hedging
instrument.

The remainder of the paper is structured as follows. Section 2 reports the literature review. Section
3 and Section 4 describe data and methods, respectively. Next, Section 5 discusses the empirical

results, while Section 6 reports the conclusions and policy implications.

2 Literature review

The analysis of hedge ratios, optimal weights, and hedging effectiveness concerning green assets,
such as green bonds [59] and clean energy stocks [40], has recently gained significant attention.

Green bonds offer notable diversification benefits for Treasury and corporate bonds [62], energy
commodities [76], and the risk management of stock and energy markets [80]. Precisely, green bonds
act as a safe haven during periods of heightened geopolitical, economic, or climate policy uncer-
tainty [39]. For instance, during the COVID-19 pandemic, green bonds effectively hedged risk [5],
especially in high-emission stock sectors [29]. The S&P Green Bond index has also proven to be an
effective hedge for EUA futures, outperforming other indices like the CBOE Volatility Index (VIX),
the S&P Commodity Futures Index, and the S&P Energy Index [63].

Similarly, clean energy markets acted as strong hedges during different turmoil periods, such
as the COVID-19 pandemic [81], the 2020 energy crisis, and the Russia-Ukraine war [77]. Green

stocks, in particular, offer valuable hedging against brown stocks due to their decreased long-term



return correlation with climate risks [68], and against the oil market risk [42].

Relatedly, the EU ETS serves as a key data source for evaluating corporate carbon reduction
efforts, being the largest GHG emissions trading system globally. However, studies on hedge ratios,
optimal weights, and hedging effectiveness between EU ETS and other assets are limited (Table 1
provides a summary of the main previous works). Fan et al. [48] show that dynamic hedge ratios in the
carbon offset credit market under the EU ETS reduce variance better than unhedged portfolios. Other
research indicates that EUA can hedge risks in stock indices [35], crude oil [79] and energy markets
[71], particularly when paired with indices like the European Renewable Energy Index (ERIX) and the
WilderHill Clean Energy Index (ECO) [41] or the Nord Pool electricity market [87]. Nevertheless,
indices such as VIX and the CBOE Crude Oil Volatility Index (OVX) tend to perform better than
EUA as hedges for clean energy equities [4]. Additionally, while EUA outperforms China’s carbon
emission allowance (CEA) in terms of hedging costs and stability, it shows lower hedge effectiveness
for crude oil [92]. Lastly, the hedge effectiveness of EUA may significantly vary over the Phases of
the EU ETS [15], providing a better hedge against higher-order moments risk of oil, natural gas, and
coal at short-run timescales during Phase III [33].

This analysis complements previous studies in multiple ways. First, it introduces a stock index
based on EU ETS-listed firms, with weights determined by verified emissions rather than the self-
reported data or third-party estimates commonly used in prior research. This approach provides a
more reliable and accurate measure of environmental performance for carbon-intensive firms, provid-
ing deeper insights into their carbon abatement efforts than relying solely on EUA prices.

Second, to provide a comprehensive representation of allocation strategies, the extant literature
on hedge ratios and optimal weights is enriched by estimating the hedge effectiveness properties of
the EU ETS index against a variety of assets, such as MSCI Europe, MSCI Emerging Markets (EM)
Eastern Europe ex Russia, ERIX, European Government and corporate bonds, green bonds, Brent oil,
gold, EUA, and Bitcoin. A less traditional asset class like Bitcoin is considered motivated by previous
research pointing out the links with carbon markets. For instance, Dogan et al. [37] find that the price
and trading volume of Bitcoin Granger cause environmentally-related financial assets, such as S&P

carbon emissions allowances and the global clean energy index.



Table 1: Comparison of relevant literature contributions.

Study Asset classes compared Approach Main results
Carbon offset credits,
Carbon offset credits reduce variance
Fan et al. (2013) stocks, bonds, currencies, HEs based on HRs

Reboredo (2013)

Balcilar et al. (2016)

Ahmad et al. (2018)

Dutta et al. (2018)

Jin et al. (2020)

Dai et al. (2021)

Demiralay et al. (2022)

Liu et al. (2023)

Zhu et al. (2023)

Vaissalo et al. (2024)

This study

commodities

EUA, crude oil

EUA, CER, natural gas,
coal, electricity

EUA, ECO, gold, bonds,
VIX, oil, OVX

EUA, ERIX, ECO

EUA, green bonds, S&P

commodity futures, VIX

EUA, oil, natural gas, coal

EUA, stock indices,

commodities

EUA, crude oil, natural

gas, coal

EUA, China’s CEA, oil

EUA, Nord Pool

electricity market

EU ETS index, EUA,
European stocks, ERIX,
bonds, Brent oil, gold,
BTC

Copula models

HEs based on HRs and
OWs

HEs based on HRs,
OWs

HEs based on HRs and
OWs

HESs based on HRs

OW against skewness

and kurtosis risk

HEs based on HRs and
OWs

HESs based on HRs and
OWs

HESs based on HRs and

OWs

HESs based on HRs and

OWs

HESs based on HRs and

OWs

compared to unhedged portfolios

EUA has hedging potential for crude
oil

The HEs of EUA significantly varies
across EU ETS phases

VIX and OVX outperform EUA as
hedges for clean energy stocks

EUA has hedging potential for ERIX
and ECO

Green bonds outperform EUA in
hedging

EUA provides better HEs against
higher-order risk moments in Phase I11
EUA has higher (lower) hedging
potential for equities than agriculture
(precious metal) commodities

EUA has hedging potential for energy
commodities

EUA performs better in cost and
stability than CEA, but lower HE for
oil

EUA hedges effectively Nordic
electricity markets irrespective of the

COVID-19 sub-periods

The EU ETS index offers superior
HESs than EUA across multiple asset

classes

Third, this work has several implications for market participants and policymakers with raising
attention toward climate risks and sustainable finance [67]. For example, the composition of the
proposed index can be exploited to detect sectoral or geographical imbalances in the firms’ environ-

mental performances. Further, strong regulatory measures are crucial to address the adverse impacts



of climate change, primarily caused by fossil fuel consumption, with uncertainty around the imple-
mentation of climate policies that tend to affect more severely firms with carbon-intensive business
models [60]. Daily calculations of HRs and OWs may help guide asset allocation, allowing investors
to adjust their positions based on their exposure to the proposed EU ETS index. By doing so, investors

can mitigate risks and optimize trading strategies in response to changing market conditions.

3 Data

3.1 EU ETS dataset construction

Data related to the EU ETS are retrieved from the “European Union Transaction Log” (EUTL).?
This repository collects information on annual allowance allocations and verified emissions for each
installation as well as allowance transactions between accounts. Every installation is required to
open an operator holding account (OHA) that is responsible for managing allowances transactions
with other OHAs, government accounts, and voluntary participating entities in order to comply with
allowance surrendering requirements. Each OHA is also associated with an Account Holder, which
represents the firm owning the installation and managing the underlying account(see Figure 1 for an
overview of the structure of EU ETS data). The analysis is performed by aggregating data at the
account holder level.

The EUTL repository is matched with the ORBIS Bureau van Dijk® based on the company reg-
istration number, or the company name and address, to obtain additional firm identifiers (e.g., “Inter-
national Securities Identification Number” (ISIN) or the ”Legal Entity Identifier” (LEI)). Only active
firms that owned at least one EU ETS installation in the period 2005-2022 are considered. Finally, the
sample is restricted to firms listed on stock exchanges. To identify listed firms, the matched EUTL
dataset is linked with Eikon Refinitiv’ using ISIN or LEI as company identifiers. Eikon is employed
to retrieve data on daily stock closing price and other financial and environmental variables, including
market capitalization, total assets, ESG score, Scope 1 and Scope 2 emissions at annual frequency.

Table B1 reports the descriptive statistics for such variables.

>The EUTL repository is available at the following link: https://ec.europa.eu/clima/ets/. Within
this repository, emissions at the installation level are available in the Compliance” section. Information regarding the
accounts and how they are related to installations is retrieved from the ”Accounts” and “Operator Holding Accounts”
sections.

5Source: https://orbis.bvdinfo.com.

7Source: https://eikon.refinitiv.com/.
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Figure 1: A simplified version of the structure of data available in the EUTL repository for EU ETS firms is reported (see e.g., [2] for a complete
overview of the structure of EUTL). Information related to verified emissions is disclosed at the installation level. Each installation is associated with
an OHA that is responsible for managing transactions to comply with surrendering requirements. The analysis is performed at the firm level where the
emissions of all installations owned by a single firm are aggregated. Overall, the sample extracted from the EUTL repository encompasses information
related to 18,238 OHAs. The EUTL and Orbis Bureau van Dijk are matched based on the company registration number, or name and address (11,872
firms). The analysis is then restricted to only active EU ETS firms (8,854). Finally, EU ETS-listed firms (203) are identified by linking their ISIN or
LEI with listed firms in Eikon Refinitiv.

Overall, the final dataset consists of 203 listed firms. Figure 2 highlights the relevance of this
sample within the EU ETS framework over the analyzed period.® Interestingly, the number of instal-
lations owned by listed firms has progressively increased, shifting from 2.9% during Phase I to almost
5.6% in the first two years of Phase I'V. Notice how the number of listed firms instead was more stable,
fluctuating between 2.5% and 3.0%.

Although this sample represents a limited portion of total firms, they refer to a substantial portion
of transactions performed within the EU ETS. Indeed, listed firms were responsible for a portion of
allowance transfers that is above 9% in all analyzed years, with peaks around 20% in 2005 and 2016.
Even in terms of allowances purchases, listed firms account for an average portion of around 12%
during Phases I and II and equal to 9.6% in Phase III.

Finally, listed firms experienced an upward trend regarding allowance allocation and verified emis-
sions over the analyzed period. The former absorbed a portion between 5.7% and 7.7% over the time
frame 2005-2012. Such percentage rose to 8.4% during the period 2013-2020 and to 9.6% in the first
two years of Phase IV. Similarly, verified emissions ranged between 5.6% and 7.9% during Phases I
and II while being on average equal to 9.7% during the time frame 2013-2020 and above 10% in the
most recent phase.

Overall, this sample offers a representative view of the main dynamics observed in the EU ETS

8Data related to the number of firms, installations, and the amount of allowances allocation and verified emissions
are available until 2022 at the moment of writing. Conversely, information related to allowance purchases and transfers
stopped in 2020 due to a three-year embargo in the EUTL dataset for transaction information.



market and reflects relevant signals related to carbon abatement.
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Figure 2: Sample representativeness of EU ETS-listed firms in terms of the number of firms and managed installations. Moreover, the annual percentage
of allowances purchases and transfers, as well as allowance allocations and emissions of EU ETS-listed firms compared to the fully matched sample of
EU ETS firms is highlighted. The solid line refers to annual values. Dotted horizontal lines indicate average values over each phase of the EU ETS.
Dotted vertical lines stand for the different EU ETS phases.

3.2 EUETS index construction

Regarding the construction of the EU ETS index, the daily close price of the 203 EU ETS-listed firms
is considered. Data span from April 22, 2005” to December 31, 2022.

Different approaches are employed to calculate the weight of each stock in the EU ETS index. The
first approach utilizes a capitalization-weighted method, where each stock’s weight is proportional to
its market capitalization. The second method assigns weights based on each company’s ESG score.
The third set of approaches focuses on environmental performance, weighting stocks according to
the ratio of the company’s reported emissions during a compliance period to its size, as measured by
total assets or sales [12, 52]. In this study, the environmental performance measure based on total
assets is considered.'” Particularly, the weights are computed as the negative natural logarithm of the
ratio between firms’ emissions and total assets. Three distinct measures of emissions are considered:
Scope 1, Scope 2, and total verified emissions. Scope 3 emissions are excluded from the analysis as
they rely on strong assumptions and can introduce significant uncertainty [13]. The proposed EU ETS
indices are rebalanced yearly (every June) according to the most recent ESG scores, balance sheet,

and emissions data.

This is when the EUA futures were first quoted.
10The results obtained by considering the environmental performance based on sales are similar to those of this study.
Appreciation is extended to an anonymous Reviewer for this valuable suggestion.
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To conduct the analysis presented in Section 5, the EU ETS index based on total verified emissions
is chosen. The exclusion of the other indices is motivated as follows. The capitalization-weighted
index may mask relevant sectoral differences in environmental performances, being only based on
accounting variables. The ESG and Scope emissions indices may suffer from reliability issues in
their estimates as explained in Section 1. Note that the best-performing approach is not selected,
as the cumulative performance of the index based on verified emissions falls in the middle when
compared to the other approaches (see Figure 3).

Table 2 summarizes the average daily return, standard deviation (in percentage), and annualized
Sharpe ratio (SR) of portfolios and EUA based on EU ETS phases. Notably, the total verified emis-
sions EU ETS index yields a higher average return than the market capitalization-weighted index
(0.005% vs. —0.002%). Moreover, its average daily return (0.005%) and SR (0.089) are comparable
to those of the ESG index (0.007% and 0.091, respectively). However, the total verified emissions
index underperforms when compared to the Scope 1 and Scope 2 indices, which exhibit higher av-
erage returns (0.014% and 0.012%, respectively) and significantly better SRs (0.195 for Scope 1 and
0.157 for Scope 2). Nevertheless, the total verified emissions index stands out for having the lowest
volatility (0.943%) among all indices. In contrast, EUA demonstrates higher returns (0.038%) and
much greater volatility (13.024%), resulting in a relatively low SR (0.046).

Table 2: Performance of EU ETS indices vs. EUA price, divided by EU ETS phases.

Phase I ‘ Phase I ‘ Phase IIT ‘ Phase IV ‘ Total

Return (%)  Std. dev. (%) SR (ann) | Return (%) Std. dev. (%) SR (ann) | Return(%) Std. dev. (%) SR (ann) | Return (%) Std. dev. (%) SR (ann)| Return (%) Std.dev. (%) SR (ann)

Total verified 0.036 0.667 0.868 -0.028 1.189 -0.375 0.018 0.823 0.347 0.014 0.877 0.248 0.005 0.943 0.089
Market cap 0.043 0.794 0.865 -0.033 1.475 -0.360 0.000 1.094 0.005 0.032 0.980 0.519 -0.002 1.187 -0.026
ESG 0.051 0.888 0.904 -0.022 1.574 -0.221 0.013 1.105 0.191 0.021 1.050 0.318 0.007 1.243 0.091
Scope 1 0.058 0.784 1172 -0.002 1.374 -0.027 0.015 1122 0.212 0.020 1.037 0.300 0.014 1.168 0.195
Scope 2 0.041 0.778 0.827 -0.006 1.396 -0.070 0.014 1.126 0.203 0.022 1.036 0.343 0.012 1.178 0.157
EUA 0.072 41.164 0.028 -0.094 2.720 -0.547 0.077 3.342 0.366 0.182 3.015 0.956 0.038 13.024 0.046

Figures 4 and 5 illustrate the composition of the total verified emissions index by sectors and
countries, respectively, across each phase of the EU ETS. It is noteworthy that the index is predomi-
nantly composed of manufacturing firms. However, the share of energy firms has increased over the
phases, driven by the progressively stricter EU ETS regulations applied to this sector. Interestingly,
German, Polish, Spanish, British, and Italian companies constitute around 60%-65% of the index.

Table C1 lists the ten biggest companies in the index in terms of total assets in each phase.
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Figure 3: Gross cumulative performance of EU ETS indices and EUA. The dashed vertical lines correspond with the beginning of an EU ETS phase.
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Figure 4: Sector composition of the EU ETS index divided by EU ETS phases.
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Figure 5: Countries composition of the EU ETS index divided by EU ETS phases.

3.3 Portfolio asset classes

To test the hedging properties of the proposed EU ETS index, the daily closing price of a variety of
asset classes, namely equity indices (MSCI Europe, MSCI EM Eastern Europe ex Russia, and ERIX),
bond indices (corporate, Government, and green bonds), commodities (Brent oil and gold), Bitcoin,
and EUAs, is considered. For these analyses, the sample begins on July 19, 2010,'" and ends on
December 31, 2022. Table D1 lists the specific contracts considered for the analysis.

From the daily closing prices P, at ¢, the natural logarithmic returns are computed as 7, =
In(P;) — In(P,_1)."” Table 3 summarizes the descriptive statistics and some statistical tests for the
analyzed assets. Bonds have, on average, a slightly negative daily performance, with a low standard
deviation (on average, around 0.245%). Equity indices provide different results in terms of average

daily returns. For instance, MSCI EM offered a negative performance (—0.004%), whereas the per-

Daily closing price of Bitcoin are available from this date on Thomson Reuters Eikon.
12Prices in euros are considered to avoid possible biases related to currency appreciation or depreciation when comput-
ing returns.
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formance of the EU ETS index and MSCI Europe are 0.015% and 0.016%. ERIX provides a lower
performance (0.012%) with a significantly higher standard deviation (2.121%, about double as much
as the other equity indices). Concerning commodities, the mean return of gold (0.018%) more than
doubled that of Brent oil (0.007%), which is also more volatile. Interestingly, Bitcoin provides the
highest average returns (0.393%) and standard deviation (6.920%) among assets.

Notice that the return distribution of the analyzed assets is left-skewed, meaning that the median
typically exceeds the mean. Except for green bonds, the kurtosis is greater than three, meaning that a
leptokurtic distribution, typical for financial assets, characterizes the analyzed data.

The null hypothesis of normal distribution (Jarque-Bera and Shapiro-Wilk tests) is rejected at the
1% significance level for all time series. The Augmented Dickey-Fuller and the Phillips-Perron tests
provide strong evidence in favor of the stationarity of the series since the null hypothesis is rejected
at the 1% significance level. Lastly, the Ljung-Box Q rejects the null hypothesis at the 1% level for
up to the 5" order serial correlation, evidencing significant serial autocorrelations in the returns of all
time series except Brent oil, MSCI EM, MSCI Europe, ERIX, and gold (for the latter two the null is
rejected at the 5% level).

Table 3: Descriptive statistics of single assets and the EU ETS index. SW and JB rows report the p-values of the Shapiro-Wilk and Jarque
Bera tests for the null hypothesis of Gaussian distribution, respectively. ADF and PP denote the p-values of the Augmented Dickey-Fuller and
Phillips-Perron unit root tests, respectively. LB (1) is the Ljung-Box p-value for up to the [* order serial correlation.

Brent BTC CorpBond ERIX EUETS EUA Gold  GovBond GreenBond MSCIEM  MSCI Europe

Mean (%) 0.007 0.393 -0.005 0.012 0.015 0.054 0.018 -0.005 -0.002 -0.004 0.016
Median (%) 0.047 0.189 0.002 0.001 0.048 0.068 0.017 0.007 0.002 0.025 0.056
Std. dev. (%)  2.325 6.920 0.161 2.121 0.852 3.202 0.972 0.265 0.309 1.340 1.057

Skewness -0.947  -0.166 -0.969 -0.248 -1.414 -0.797  -0.463 -0.026 -0.151 -0.974 -0.859

Kurtosis 19.182  16.241 12.735 4.135 14.030 15.278  7.038 5.178 2.633 9.921 10.252
JB 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
SW 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

ADF 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010
PP 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010 0.010
LB(5) 0.766 0.000 0.000 0.019 0.000 0.001 0.038 0.001 0.000 0.567 0.652
LB(20) 0.009 0.000 0.000 0.031 0.000 0.000 0.068 0.000 0.003 0.014 0.006

4 Methodology

This Section outlines the methodological approach followed in this paper. After developing the equity

climate index based on EU ETS-listed firms, portfolios that include the other assets are created as
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detailed in Section 3. Then, HRs, OWs, and HEs are estimated to evaluate the capacity of the proposed

index to hedge portfolios’ risks (see Figure 6).

([
(L[

Eikon-Refinitiv
(market data, balance-sheet
variables, ESG, and Scope emissions)

EUTL
(verified emissions data)

4

Identify EU ETS-listed firms

4

Construct the EU ETS equity
climate index

Build portfolios including the
EU ETS equity climate index |«
and other financial assets

Compute HRs, OWSs, and HEs

Figure 6: Workflow of the methodological approach.

4.1 DCC-GARCH

In line with previous research [41, 11, 63], the dynamic conditional correlation GARCH (DCC-
GARCH) model of Engle [45] is employed to study the time-varying correlations between the returns
of the assets. Particularly, a DCC-GARCH(1,1) is used following previous studies [82, 4]. This tech-
nique is preferred over other multivariate GARCH models (e.g., VAR-GARCH and BEKK) since the
latter may be subject to the curse of dimensionality [16], making the estimation of the covariance ma-
trix very hard when increasing the number of covariance terms [82]. By contrast, the DCC-GARCH
process computes the correlation matrix by employing the standardized residuals, thereby reducing
the number of estimated parameters.

The DCC-GARCH process is defined as:

Ty = Ut(e) + €, (D
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with €t|Qt—1 ~ N(O, Ht) and

e = H uy, )

where u; ~ N (0, I) and

Ht = DthDt. (3)

Hence, r; = [ri,...,7n¢) 18 @ N x 1 vector of returns, 11;(6) = [pi, ..., )’ is the conditional

N x 1 mean vector of r;, H, is the conditional covariance matrix, and D; = diag(hilf, s h%i,t) isa

diagonal matrix of square root conditional variances. In particular, h;;; is estimated using a univariate
N(N—-1)

GARCH model, and R; is the {——— matrix that includes the time-varying conditional correlations,

calculated as:

R, = dz’ag(q;tl/Q)Qtdiag(%—itlﬂ)v @

with QQ; = (¢i;z) denoting a N x N symmetric positive definite matrix such that:

Qi=(1-a- b)Q + aug_quy_y + bQy_1, )

with w; = [uq, Ugy, ..., un¢| indicating the N x 1 vector of standardized residuals, Qthe N x N
unconditional variance matrix of u;, and a and b non-negative scalar parameters such thata+b6 < 1. A
two-step procedure to estimate the DCC model is implemented. First, the individual conditional vari-
ances are estimated using univariate GARCH processes, estimated via a quasi-maximum likelihood
estimator (QML) under a multivariate Student’s t distribution in line with previous literature dealing
with non-normal time series [69, 10]. Second, the conditional correlation matrix is constructed by

utilizing the standardized residuals from the first step.

4.2 Hedge ratios, optimal weights, and hedge effectiveness

To compute hedging costs, the hedge ratios are estimated as described in Kroner and Sultan [66].
Hedge ratios represent the cost of hedging a €1 long position in the asset ¢ with €J,;; short position

in the asset j at time ¢. In particular,
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h

Jgt

(6)

ijt =

hi;: being the conditional covariance of assets ¢ and j, estimated as presented in Section 4.1.
Hence, the higher the conditional covariance, the higher the long-position hedging costs. By contrast,
increasing the conditional variance leads to lower long-position hedging costs.

The optimal portfolio weights are estimated as described in Kroner and Ng [65]. More precisely,

w;j¢ 1 the weight of the asset ¢ in a €1 portfolio of assets ¢ and j and is computed as follows:

hije = hije
Piit — 2Nhije + hjje

(7

Wijt =

It is also imposed that only long positions are allowed and the following restrictions on the weights

are applied:

0, of Wi < 0
Wijt = Wijts Zf 0 < Wijt <1 (8)
1, if Wijt > 1

Consequently, the weight of asset j at time ¢ is calculated as:

Wjit = 1-— Wijt - (9)

Lastly, the method proposed by Ederington [43] is employed to estimate the hedge effectiveness
of the portfolios constructed based on either the hedge ratios or the optimal weights. From a financial
perspective, the hedge effectiveness H E; of asset i represents the percentage reduction in the variance
of the unhedged portfolio and can be calculated as follows:

HEZ _ Varunhedged - Varhedged’ (10)

Varunhedged

with Varynhedqeqa denoting the variance of the unhedged strategy while Varpcqq4eq indicating the
variance of the hedged portfolio obtained either by using the hedge ratios or the optimal weights.
Specifically, the hedged portfolio variance from the hedge ratios is:

Varneagea = Var(xy — i), (11)
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where x;; is the return of asset ¢ at time ¢.

Consistently, the hedged portfolio variance from the optimal weights is:

Varheaged = Var(wijiei — wjnt ;i) (12)

S Empirical results

Table 4 presents the average HRs and HEs for all pairs of assets that include the EU ETS index. The
highest HRs are obtained with MSCI Europe, MSCI EM, and ERIX, indicating that hedging these
stock indices through the EU ETS index is more expensive. For instance, the hedging cost of a €1
long position in MSCI Europe and MSCI EM requires corresponding short positions of about €1.14
and €1.15, respectively. Nevertheless, these assets also exhibit the best average HEs, with values of
0.82 and 0.53, reflecting strong risk reduction. Conversely, bond indices represent the least expensive
assets to hedge as their HRs are near zero. For a €1 long position in Government and green bonds, an
investor would only need to short the EU ETS index by approximately 1 to 3 cents. However, these
strategies yield slightly negative HEs (—0.02 and —0.01).

It is also worth noting that some HRs are negative, indicating that hedging can be achieved by
taking either a long or short position in both the EU ETS index and the paired asset [84]. Specifically,
a €1 long (short) position in gold and corporate bonds is hedged with about an 8-cent and 1-cent long
(short) position in the EU ETS index. Consistently, Demiralay et al. [35] also observe negative HRs
for European stocks against gold over the period 2014-2021. Finally, hedging a €1 long position in
Brent oil (0.76), EUA (0.72), and Bitcoin (0.41) is relatively costly, although their HEs are low (0.08,
0.03, and —0.004).

Figure 7 illustrates the time-varying HRs for the EU ETS index. HRs between bond indices and
the EU ETS index are relatively stable over time, as reflected by their low standard deviation in
Table 4. By contrast, HRs between Bitcoin, ERIX, or Brent oil and the EU ETS index are far more
volatile due to the high price fluctuations of these assets. Specifically, several significant spikes are
observed, with the most prominent being a 3.83 spike in ERIX that occurred on November 10, 2017,
during COP23, which focused on the practical implementation guidelines for the Paris Agreement
(COP21), known as the Paris Rulebook. Similarly, a 3.27 spike in EUA occurred on December 22,

2011, following COP17, when countries agreed to establish a legally binding climate deal by 2015.
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Interestingly, these spikes in HRs for ERIX and EUA coincide with increased investor attention to
climate risks, as evidenced by similar rises in Google’s Search Volume Index for green assets and
climate risk topics [47, 9].

Table 4: Hedge ratios (EU ETS vs. other assets). HR represents the average hedge ratio, namely the average hedging cost of a €1 long position
in the left asset with a short position in the EU ETS index. Std. dev. indicates the standard deviation of the daily hedge ratio time series, while
5% and 95% denote its 5*" and 95" percentiles, respectively. HE is the average hedge effectiveness of the EU ETS index.

HR Std. dev. 5% 95% HE

Brent/EU ETS 0.758 0.375 0.300  1.490  0.080
BTC/EU ETS 0.412 0.656 -0.700  1.440 -0.004
Corp Bond/EU ETS -0.006 0.025 -0.040  0.040 -0.020

ERIX/EU ETS 1.474 0.405 0.880  2.240  0.239
EUA/EU ETS 0.715 0.416 0.200  1.440  0.029
Gold/EU ETS -0.076 0.121 -0.290  0.090  -0.009

Gov Bond/EU ETS 0.008 0.041 -0.050  0.080  -0.016
Green Bond/EU ETS 0.030 0.049 -0.040  0.120  -0.008
MSCI EM/EU ETS 1.149 0.206 0.850  1.530  0.526
MSCI Europe/EU ETS  1.139 0.172 0.880  1.440 0.824

Time-varying HRs (EU ETS vs. other assets)
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Figure 7: Time-varying HRs (EU ETS vs. other assets).
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Significantly negative HRs were also recorded with Bitcoin (—2.83) on June 9, 2011, following
a peak in the cryptocurrency’s price, and on February 24, 2022 (2.61), after Russia’s invasion of
Ukraine. This aligns with findings from Ustaoglu [86], who highlights higher hedging costs for
Bitcoin during the Russia-Ukraine conflict.

For comparison purposes, Table 5 lists the average HRs and HEs for all asset pairs including EUA.
The HRs range from —0.02 for gold to 0.13 for Brent oil. However, all HEs lie between —0.01 and
0.01. This indicates that while hedging various assets using EUA is generally less costly than using
the EU ETS index, such strategies are often ineffective in reducing risk, given the consistently low
HEs. Figures 8 and E1 further reinforce this finding, showing that the time-varying HE of the EU
ETS compared to EUA is typically higher, with significant upward positive spikes during key events.
For instance, green bonds show a notable difference in HE of approximately 0.49 in December 2015,
coinciding with COP21. Similarly, Brent oil (3.38) and MSCI Europe (6.02) experienced improved
hedging by the EU ETS index during the COVID-19 pandemic, likely due to the stagnation in crude
oil production and the lockdown restrictions imposed by governments to curb the spread of the virus.

Table 5: Hedge ratios (EUA vs. other assets). HR represents the average hedge ratio, namely the average hedging cost of a €1 long position in
the left asset with a short position in EUA. Std. dev. indicates the standard deviation of the daily hedge ratio time series, while 5% and 95%
denote its 5t and 95 percentiles, respectively. HE is the average hedge effectiveness of EUA.

HR Std. dev. 5% 95% HE

Brent/EUA 0.129 0.112 0.020  0.370  -0.003
BTC/EUA 0.003 0.164 -0.210  0.230  -0.006
Corp Bond/EUA -0.002 0.005 -0.010  0.000 -0.011

ERIX/EUA 0.117 0.087 0.020  0.290 -0.008
EU ETS/EUA 0.056 0.047 0.010  0.150  0.010
Gold/EUA -0.016 0.029 -0.060  0.020  -0.008

Gov Bond/EUA -0.004 0.009 -0.020  0.010 -0.010
Green Bond/EUA -0.007 0.011 -0.020  0.000  -0.012
MSCI EM/EUA 0.055 0.048 0.000  0.140  0.007
MSCI Europe/EUA  0.068 0.061 0.010  0.180  0.004
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Figure 8: Difference in the time-varying HEs of the EU ETS index vs. other assets and EUA vs. other assets. The plot illustrates the difference in
time-varying HE between EU ETS indices and other assets (Brent oil, green bonds, and MSCI Europe), and between EUA and other assets. A positive
difference, indicating that the EU ETS index provides superior hedge effectiveness compared to EUA, is highlighted in green, while a negative difference
is shown in red. The dashed horizontal blue line represents the mean of the HE difference over time.
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Figure 9: Time-varying HRs (EUA vs. other assets).

Figure 9 plots the time-varying HRs for EUA. In line with the low standard deviations in Table
5, these HRs are generally stable, with only a few notable peaks. For example, a significant dip
is observed with Bitcoin on June 9, 2011 (—1.27), while Brent oil shows spikes on March 10 and
May 7, 2020 (1.61 and 0.73, respectively), driven by the heightened volatility in oil futures due to
the COVID-19 pandemic. These findings align with existing literature, which reports substantial
increases in hedging costs during the pandemic [6, 91].

Table 6 displays the average OWs and HEs for all asset pairs including the proposed EU ETS
index. Consistent with previous results for HRs, optimal portfolios tend to overweight bond indices
when paired with the EU ETS. Similarly, Abuzayed and Al-Fayoumi [3] show how green bonds have
the highest OW relative to stock indices. Nonetheless, the HEs for such portfolios are particularly low

(0.000 for the pair green bonds/EU ETS and 0.018 for Government bonds/EU ETS) or even slightly
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negative (—0.007 for corporate bonds). The OWs of the EU ETS index increase in portfolios contain-
ing more volatile assets. For instance, the Bitcoin/EU ETS portfolio exhibits an average OW of 0.975,
with low volatility (std. dev.: 0.032) compared to that of its corresponding HR (std. dev.: 0.656). This
portfolio also offers strong hedging benefits (HE: 0.98). In contrast, the MSCI Europe/EU ETS port-
folio shows the highest volatility (std. dev.: 0.187) since the OW of the EU ETS index ranges between
0.47 and 1 (at the 5'" and 95" percentiles, respectively). This instability is reflected in the average

HE (0.33), which is significantly lower than that of its corresponding HR (0.82).

Table 6: Optimal weights (EU ETS vs. other assets). OW represents the average optimal weight, namely the average weight the left asset should
be assigned in the portfolio with the EU ETS index. Std. dev. indicates the standard deviation of the daily optimal weight time series, while 5%
and 95% denote its 5'" and 95" percentiles, respectively. HE is the average hedge effectiveness of the EU ETS index.

OW  Std. dev. 5% 95% HE

Brent/EU ETS 0.076 0.093 0.000  0.260  0.857
BTC/EU ETS 0.025 0.032 0.000  0.090  0.980
Corp Bond/EU ETS 0.957 0.028 0.910 1.000 -0.007

ERIX/EU ETS 0.006 0.033 0.000 0.040  0.838
EUA/EU ETS 0.049 0.077 0.000 0.180  0.923
Gold/EU ETS 0.399 0.124 0.220 0.620  0.555

Gov Bond/EU ETS 0.901 0.067 0.770  0.980  0.018
Green Bond/EU ETS 0.868 0.078 0.720  0.980  0.000
MSCI EM/EU ETS 0.030 0.080 0.000 0.190  0.591
MSCI Europe/EU ETS  0.071 0.187 0.000 0.530  0.330

Table 7 presents the average OWs and HEs for all pairs of assets that contain EUA. The findings
consistently show that EUA should be underweighted in most asset combinations, with the exception
of Bitcoin, which offers the highest HE (0.75). This result supports prior research identifying the
carbon market as a safe haven and an effective hedge against cryptocurrency risk [89]. Furthermore,
EUA demonstrates hedging potential against both Brent oil and ERIX, corroborating findings by Liu
et al. [71] and Dutta et al. [41], respectively. However, over time, EUA should be underweighted,

even when considering the 5" quantile of the OWs distribution, except for Brent oil and ERIX. In all
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cases, the corresponding HEs are smaller than those achieved with the EU ETS index.

Overall, these results support the purpose of creating an equity index that reflects the cross-
sectional heterogeneity of firms’ environmental performance [27] and mitigates investors’ portfolios
against carbon risk premiums [24]. Similar to EUA, the EU ETS index can be utilized to monitor
trends in firms’ carbon abatement efforts and environmental innovation. However, the EU ETS equity
index consistently demonstrates higher HEs against a broad range of asset classes, highlighting the
added value of this proposed index over investing solely in the European carbon price.

Table 7: Optimal weights (EUA vs. other assets). OW represents the average optimal weight, namely the average weight the left asset should
be assigned in the portfolio with EUA. Std. dev. indicates the standard deviation of the daily optimal weight time series, while 5% and 95%
denote its 57" and 95t percentiles, respectively. HE is the average hedge effectiveness of EUA.

OW  Std. dev. 5% 95% HE

Brent/EUA 0.662 0.228 0.240 0.960  0.125
BTC/EUA 0.298 0.211 0.020 0.710  0.745
Corp Bond/EUA 0.994 0.008 0.980  1.000 -0.023
ERIX/EUA 0.637 0.192 0.300 0.930  0.103

EU ETS/EUA 0.951 0.077 0.820 1.000 -0.092
Gold/EUA 0.870 0.091 0.670  0.970 -0.017
Gov Bond/EUA 0.986 0.016 0.950 1.000 -0.033
Green Bond/EUA  0.976 0.027 0.910 1.000 -0.076
MSCI EM/EUA 0.838 0.131 0.570  0.980 -0.048
MSCI Europe/EUA  0.904 0.125 0.650  1.000 -0.145

6 Conclusions and policy implications

This paper proposes a stock index that captures the cross-sectional heterogeneity in the environmental
performance of EU ETS-listed firms. Such an index could be attractive to investors interested in
equity-focused climate investing, while still retaining exposures to carbon-intensive sectors. Including
carbon-intensive firms progressing toward net-zero emissions helps minimize deviation from broad

market performance and prevents underperformance in specific market conditions. Therefore, the
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findings of this paper hold significant implications for investors seeking to optimize returns while
reducing climate-related risks, and may be summarized as follows:

1) Concerning optimal weights, the EU ETS index tends to be underweighted when paired with
bonds, while being overweighted in portfolios featuring more volatile assets. Instead, the EUA is
underweighted in all analyzed pairs, except Bitcoin.

ii) Hedging with the EU ETS index is generally more expensive than hedging with EUA, as
indicated by its higher average hedge ratios.

iii) However, the EU ETS index provides better hedge effectiveness compared to the EUA.

Importantly, an environmental performance-focused index enhances the transparency and ac-
countability of corporate sustainability efforts by providing a clearer framework for tracking and
monitoring environmental performance. This aspect increases visibility into corporate climate ac-
tions and boosts investors’ confidence in sustainable investments, ensuring capital flows toward firms
demonstrating responsible environmental practices.'? From a policy perspective, facilitating invest-
ment in companies within the energy and manufacturing sectors that prioritize responsible environ-
mental practices provides a significant opportunity to further enhance energy efficiency and reduce
emissions. For instance, key strategies to improve energy efficiency might include increasing the use
of renewable energy, switching to lower-carbon fuels like natural gas, and adopting advanced emis-
sions abatement technologies, all crucial measures for achieving the EU’s ambitious target of reaching
carbon neutrality by 2050 [53]. These sectors are pivotal, as they account for a substantial share of
the EU’s GHG emissions [51] and drive the sustainability transition [83].

Additionally, the geographical and sectoral compositions of the proposed index can be exploited
to highlight which countries and sectors are leading the low-carbon transition. For example, the
composition of the index reflects the growing importance of energy firms over time, while the weight
of manufacturing firms is declining. These shifts may stem from the different free allocation policies
under the EU ETS across sectors, with power generators required to purchase all of their allowances
since Phase III [26]. Policymakers can leverage this information to broaden sectoral coverage within
the ETS framework. Notably, ETS2, set to begin in 2027, will cover emissions from fuel combustion
in buildings, road and maritime transports, and other sectors currently excluded by the EU ETS.

Similarly, establishing a price to emissions from agricultural activities along the agri-food value chain

BSource: https://www.ecb.europa.eu/press/financial-stability-publications/fsr/sp
ecial/html/ecb.fsrart202105_02~d05518fcéb.en.html.
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may facilitate a more comprehensive decarbonization effort at the EU level [20].

Despite its methodological rigor, this study has some limitations. For instance, future research
may quantify to which extent including the EU ETS index in diversified portfolios may improve their
risk-adjusted performance, for instance in terms of Sharpe and Omega ratios, Value at Risk, and
Expected Shortfall. Second, only EU ETS-listed firms are considered. Future works may propose

indices including firms subject to ETS regulations other than the European one.
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A Nomenclature table

Table A1: Nomenclature table listing all the abbreviations and parameters of the models used throughout the manuscript.

Symbol abbreviation Description

GHGs
SDGs

CO,

EU ETS
EUAs
ESG

COP

VIX

ERIX
CEA

ECO

(0):¢

BTC
MSCI EM
Gov Bond
Corp Bond
Std. dev.
SR
DCC-GARCH

1 (6)

Uy

H,

D,

R,

Q

Qijt

hijt

OW (w;jt)
HE,
Varunhedged
Va/rhedged

Greenhouse gases

Sustainable Development Goals

Carbon dioxide

European Union Emissions Trading System: A cap-and-trade system
European Union Allowances: Tradable units in the EU ETS
Environmental, Social, and Governance score

Conference of Parties

CBOE Volatility Index: Measures market volatility

European Renewable Energy Index

China’s carbon emission allowance

WilderHill Clean Energy Index

CBOE Crude Oil Volatility Index

Bitcoin

MSCI Emerging Markets Eastern Europe ex Russia

Government bonds

Corporate bonds

Standard deviation

Sharpe ratio

Dynamic Conditional Correlation Generalized Autoregressive Conditional Heteroskedasticity model
N x 1 vector of asset returns at time ¢

N x 1 mean vector of asset returns

N x 1 vector of standardized residuals

N x N conditional covariance matrix of asset returns

N x N diagonal matrix of square root conditional variances

tw time-varying conditional correlation matrix

N x N symmetric positive-definite matrix of standardized residuals
Time-varying conditional correlations between asset ¢ and asset j at time ¢
Conditional covariance between asset ¢ and asset j at time ¢

Hedge ratio: the cost of hedging a €1 long position in asset ¢ with a €9;;; short position in asset j at time ¢
Optimal weight of asset 7 in a portfolio with asset j at time ¢

Hedge effectiveness: Percentage reduction in the variance of the unhedged portfolio due to asset ¢
Variance of the unhedged portfolio

Variance of the hedged portfolio using hedge ratios or optimal weights
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B EU ETS description

Table B1: The descriptive statistics about the accounting and emissions variables set at the firm level collected in the dataset are shown. Data related to

emissions are expressed in tC'O2 eq.

Q1 median Q3 mean Source
Total assets 418,249,500  2,213,109,587  10,514,985,776  16,264,014,345  Refinitiv
Market cap 238,602,097 1,117,600,000  7,935,555,423 10,026,957,735  Refinitiv
ESG score 49 64 77 61 Refinitiv
Scope 1 emissions 300,480 1,238,041 3,918,582 10,687,470 Refinitiv
Scope 2 emissions 231,769 545,235 1,726,128 1,584,348 Refinitiv
Total verified emissions 18,540 69,633 487,368 975,640 EUTL
L3 L3
C EU ETS index construction
Table C1: List of the ten largest EU ETS-listed companies in decreasing order by total assets for each phase and overall.
Phase I Phase 1T Phase IIT Phase IV Total
Mercedes Benz Group AG Electricite De France SA Volkswagen AG Volkswagen AG Volkswagen AG
Electricite De France SA Volkswagen AG Bayerische Motoren Werke AG Mercedes Benz Group AG Electricite De France SA
Volkswagen AG E ON SE Eni SpA Bayer AG Mercedes Benz Group AG
EON SE Mercedes Benz Group AG Equinor ASA E ON SE Bayerische Motoren Werke AG
Eni SpA Bayerische Motoren Werke AG Bayer AG BASF SE E ON SE
Bayerische Motoren Werke AG ArcelorMittal SA ArcelorMittal SA ArcelorMittal SA Eni SpA
ArcelorMittal SA Equinor ASA BASF SE EnBW Energie Baden Wuerttemberg AG Equinor ASA
BASF SE BASF SE GSK plc Compagnie de Saint Gobain SA Bayer AG
Compagnie de Saint Gobain SA GSK plc AstraZeneca PLC Merck KGaA ArcelorMittal SA
GSK ple Compagnie de Saint Gobain SA  Compagnie de Saint Gobain SA CEZ as BASF SE
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D Portfolio asset classes

Table D1: The description of assets as defined in Thomson Reuters Eikon.

Asset Contract Description
Bitcoin CUSDBTC USD to Bitcoin Crypto
Brent Oil LCOcl ICE - Brent Oil TRcl
Corporate Bond SPEZICE S&P Eurozone Investment Grade Corporate Bond Index

EUA CFI2Zcl ICE ENDEX - European Union Allowance

Gold NGCC.01 CMX-Gold 100 Ounce TRC1

Government Bond SPSFIEZ S&P Eurozone Developed Sovereign Bond Index
Green Bond SPGREUR S&P Green Bond Index

MSCI Eastern Europe ex Russia ~ MSEEXR$ MSCI EM Eastern Europe excluding Russia USD

MSCI Europe MSEROP$ MSCI Europe USD

Renewable Energy RENEEEU European Renewable Energy Index

E Empirical Results

Time-varying HEs (BTC/EU ETS vs. BTC/EUA) Time-varying HEs (Corp Bond/EU ETS vs. Corp Bond/EUA) Time-varying HEs (ERIX/EU ETS vs. ERIX/EUA)
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Figure E1: Difference in the time-varying HEs of the EU ETS index vs. other assets and EUA vs. other assets. The plot illustrates the difference in
time-varying HE between EU ETS indices and other assets (including Bitcoin, corporate bonds, ERIX, government bonds, gold, and MSCI EM), and
between EUA and other assets. A positive difference, indicating that the EU ETS index provides superior hedge effectiveness compared to EUA, is
highlighted in green, while a negative difference is shown in red. The dashed horizontal blue line represents the mean of the HE difference over time.
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