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Abstract
This paper examines whether the information contained in geopolitical risk (GPR) 
can improve the forecasting power of price volatility for carbon futures traded in 
the EU Emission Trading System. We employ the GARCH-MIDAS model and its 
extended forms to estimate and forecast the price volatility of carbon futures using 
the most informative GPR indicators. The models are examined for both statisti-
cal and economic significance. According to the results of the Model Confidence 
Set tests for the full-sample and sub-sample data, we find that the extended model, 
which accounts for the threat of geopolitical risk, exhibits superior forecasting abil-
ity for the full-sample data, while the model that includes drastic changes in geo-
political risk in Phase II and the model that considers serious geopolitical risk in 
Phase III have the best predictive power. Moreover, all GPR-related variables we 
use contribute to increasing economic gains. In particular, the threat of geopolitical 
risk contains valuable information for future EUA futures volatility and can provide 
the highest economic gains. Therefore, carbon market investors and policymakers 
should pay great attention to geopolitical risk, especially its threat, in risk and port-
folio management.
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1 Introduction

European Union allowances (EUA) futures—vital carbon assets traded in the Euro-
pean Union Emission Trading System—have undergone significant price surges, ris-
ing from 7.53 €/CO2 on 30 Nov 2017 to 75.45 €/CO2 on 30 Nov 2021.1 This eco-
nomic development has piqued the interest of carbon market investors, policymakers 
and academia. The substantial increases in the price of carbon futures can lead to 
portfolio investment value fluctuations with carbon assets (Bolton and Kacperczyk 
2021). Consequently, it raises concerns among investors about whether to invest in 
carbon assets, given the challenge of accurately forecasting future price or return 
fluctuations of carbon assets.

The existing literature aimed to accurately forecast carbon market volatility 
(Byun and Cho 2013; Segnon et  al. 2017; Guo et  al. 2022); however, this task is 
challenging as the EU-ETS has four distinctive phases,2 each with many uncer-
tainties (Tan and Wang 2017; Van den Bremer and Van der Ploeg 2021). Uncer-
tainties could influence the demand for EUA futures through the Energy-EUA and 
Macro economy-EUA channels. Energy-EUA signifies that uncertainties impact the 
dependence between EUA futures and energy prices, which varies across differ-
ent phases (Tan and Wang 2017). Macro economy-EUA refers to uncertainties that 
could make investors conservative, weaken the macro economy due to the rational 
person hypothesis and real-option theory (Bloom 2009), and subsequently, fluctuate 
the EUA futures price. Geopolitical risk entails the threat, realisation and escala-
tion of adverse events such as wars, terrorism and tensions among different states 
and political actors (Caldara and Iacoviello 2022). Hence, geopolitical risk is closely 
related to the total risk emerged (Jurado et al. 2015). In addition, the close ties of 
the carbon market to the government and the oil market render EUA futures geopo-
litically distinctive from other futures assets (Batten et al. 2021). Compared to the 
analysis of geopolitical risk in oil markets, few studies consider the geopolitical risk 
perspective in researching carbon markets (Gong and Xu 2022).

The complexity of geopolitical risk makes it challenging to measure and quantify 
it. Therefore, few papers robustly consider and explicitly analyse the impact of geo-
political risk on forecasting carbon market volatility. Only a limited number of stud-
ies delved into how geopolitical risk affects asset price volatility until Caldara and 
Iacoviello (2018) introduced the GPR index as a proxy for geopolitical risk based 
on text analysis. They further revised these indices in 2021 (Caldara and Iacoviello 
2022).

The GPR index is constructed by identifying specific geopolitical risk words in 
English-language newspaper articles related to geopolitical tensions. It captures 
adverse geopolitical events and associated risks. A higher index can hinder invest-
ment and employment, increase the probability of disasters and raise downside risks 
(Caldara and Iacoviello 2022). Considering the intertwined effects of the threat, 
realisation and escalation of international violence, separating the ‘acts’ (GPRA) 

1 We can find the data at https:// www. ice. com/ produ cts/ 18709 519/ EUA- Daily- Future.
2 EU-ETS has four phases. Phase I ranges from 2005 to 2007, Phase II ranges from 2008 to 2012, Phase 
III ranges from 2013 to 2020 and Phase IV ranges from 2021 to 2030.

https://www.ice.com/products/18709519/EUA-Daily-Future
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and ‘threats’ (GPRT) components from the GPR index w would satisfy researchers’ 
interest in studying a range of events (Caldara and Iacoviello 2022).

It is widely acknowledged that geopolitical risk could explain the price volatil-
ity of energy assets, such as oil. Oil markets are influenced by the characteristics 
of geopolitical differences and tend to be more volatile in the presence of uncertain 
geopolitical events and threat shocks in the oil market (Ivanovski and Hailemariam 
2022; Kumar et al. 2021). However, there is no common consensus on whether geo-
political risk can predict fluctuations in energy assets and how this predictability 
evolves over time. Brandt and Gao (2019) found that geopolitical risk impacts oil 
prices in the short term but does not offer predictability. Liu et al. (2019) confirmed 
that significant geopolitical risk contributes to future oil volatility. Specially, Guo 
et  al. (2022) argued that long- and short-term asymmetries and extremes in data 
characteristics resulting from external risks have predictability in EUA price volatil-
ity. Geopolitical risk is a part of external risk (Caldara and Iacoviello 2022). Hence, 
geopolitical risk contains complex interpretational information, and whether this 
information is consistent in forecasting volatility plays an important role in predict-
ing asset price volatility. In summary, conducting a quantitative and concrete analy-
sis of how geopolitical risk affects carbon market price volatility is crucial, and this 
remains a very limited open question.

Our paper differentiates from Liu et al. (2021) in several aspects. Firstly, the risk 
we consider in forecasting EUA futures volatility is different; we choose geopolitical 
risk and varying degrees of this risk, whereas Liu et al. have only examined China’s 
and the European Union’s economic policy uncertainty in forecasting EUA futures 
volatility. Secondly, although we both apply the GARCH-MIDAS framework, Liu 
et al. use a one-component GARCH-MIDAS method, and we use a two-component 
model that considers asymmetric information of short volatility to better explain 
and forecast volatility. Thirdly, we calculate the final economic gain by adding the 
leverage ratio to meet corresponding margin requirements when investors trade in 
the financial market, while Liu et al. did not consider it. In particular, we intend to 
answer three questions. First, how do we identify appropriate indexes to represent 
geopolitical risks? Second, does geopolitical risk have explanatory and predictive 
power regarding carbon emission market price volatility? Third, are the results con-
sistent from both statistical and portfolio economic gain perspectives?

We address the above questions using a carefully designed research methodology 
consisting of four stages. First, it is critical to select suitable proxies for geopolitical 
risk. We adopt the new constructed monthly GPR index by Caldara and Iacoviello 
(2022). Although many studies use the older GPR index (Baur and Smales 2020; 
Kumar et  al. 2021; Salisu et  al. 2021), the revised GPR index contains a broader 
range of geopolitical risk information, reflecting adverse geopolitical events better 
than the older index (Caldara and Iacoviello 2022). While the new and old indices 
are highly correlated with each other, the new one exhibits a lower increasing trend 
than the previous index.3 Consequently, it is appropriate to employ the new GPR 
index in this study.

3 Details can be found at https:// www. matte oiaco viello. com/ gpr_ files/ gpr_ metho dology. htm.

https://www.matteoiacoviello.com/gpr_files/gpr_methodology.htm
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Second, the most informative indicators of GPR must be identified, and whether 
the information consistently predicts EUA futures volatility under different phases 
must be analysed. Geopolitical risks, marked by their sudden and drastic changes, 
can significantly influence portfolio asset allocation and consequently impact EUA 
futures price fluctuations (Akbas et  al. 2020). A higher growth rate of the GPR 
index reflects quicker market responses to geopolitical risk (Bolton and Kacperczyk 
2021). Consequently, for a thorough analysis, we employ the GPR index, its proxies 
for acts (GPRA) and threats (GPRT), as well as a series of adjusted GPR indexes, 
including GPRS,ΔGPR,ΔGPRS . The GPRS index characterises serious geopolitical 
risk (Liu et al. 2019), while the ΔGPRandΔGPRS represent the growth rate of and 
dramatic changes in the GPR index. Since Phase I is not as developed as Phase II 
and Phase III, its data is not included in the full sample dataset. Several researchers 
have focused on carbon market data in Phase II and Phase III (Huang et al. 2022; 
Dai et  al. 2021; Huang et  al. 2021;  Liu et  al. 2017). Therefore, we have selected 
Phase II and Phase III of the EU-ETS as sub-samples to investigate the consistent 
role of these GPR-related variables in forecasting EUA futures volatility, allowing 
us to determine whether the GPR information in the sub-sample data mirrors its role 
in the full-sample data.

Third, we estimate and forecast daily EUA futures price volatility with monthly 
GPR-related indexes using a mixed frequency data sampling method (MIDAS) 
(Ghysels et al. 2004). We construct a benchmark GARCH-MIDAS model and two-
component GARCH-MIDAS models following the approach of Engle et al. (2013). 
The GARCH-MIDAS model, introduced by Engle et  al. (2013), incorporates the 
MIDAS framework into the generalised autoregressive conditional heteroskedastic-
ity (GARCH) model. This approach aims to forecast the volatility of financial asset 
prices or other high-frequency data with the aid of low-frequency explanatory vari-
ables (Fang et al. 2020). Conrad and Kleen (2020) found that the GARCH-MIDAS 
model based on VIX and housing starts exhibited the best forecast performance 
among other models, including heterogeneous autoregression (HAR), realised 
GARCH models, high-frequency-based volatility (HEAVY) and Markov-switching 
(MS) GARCH models. Therefore, it is appropriate to utilise the extended GARCH-
MIDAS model with monthly GPR series data to forecast daily EUA futures price 
volatility. Additionally, we compute the Model Confidence Set (MCS) at a 75% con-
fidence level and examine which model survives (Amendola et al. 2020).

Fourth, we delve deeper into assessing the economic benefits of the extended 
models to obtain robust results regarding whether GPR-related variables possess 
substantial predictive power in determining carbon futures price volatility. Investors 
have the potential to enhance their carbon asset portfolios by factoring in geopo-
litical risk and its associated variables, resulting in significant economic gains (Bol-
ton and Kacperczyk 2021). Therefore, it is essential to highlight the significance 
of geopolitical risk in portfolio management as it serves as a valuable reminder for 
investors.

In summary, this study makes three significant contributions. First, we innova-
tively extend the usage of newly constructed GPR index to GPRS,ΔGPR,ΔGPRS 
indexes, enabling us to explore the crucial role that geopolitical risk plays in 
forecasting carbon market volatility. We extract various valuable insights from 
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geopolitical risk to predict price volatility, whereas many other papers primarily 
focus on analysing common geopolitical risks. For example, Su et al. (2019) exam-
ine the causality of GPR, oil prices and financial liquidity, while Wang et al. (2021) 
discover that quarterly geopolitical risk poses a threat to oil security.

Second, this study reveals that the series of geopolitical risk threats exhibits the 
strongest forecast performance for EUA futures price volatility in the full sample. 
However, the results do not demonstrate consistency when considering sub-sample 
data. We employ the GARCH-MIDAS model and find that ΔGPRS performs best in 
Phase II, whereas GPRS provides valuable information in Phase III when forecasting 
EUA futures price volatility.

Third, we compute the economic gains for investors engaged in EUA futures 
investments, and the results reveal that GPR and its related variables, particularly 
geopolitical threat risks, can provide benefits to investors. This paper compares the 
economic gains derived from holding portfolios comprising three-month Treas-
ury Bills and EUA futures assets, based on the forecasted volatility of various 
models. Our findings indicate that the model incorporating GPRT  can obtain bet-
ter out-of-sample forecast performance and greater economic gains than the other 
models forecasted in the full sample. These results emphasise the significance of 
considering geopolitical risk threats in portfolio adjustments to achieve adverse risk 
management.

Our paper is structured as follows: Sect. 2 presents the econometric models, includ-
ing the GARCH-MIDAS model and its extended versions. Section  3 describes the 
data. Section 4 discusses the estimated models and evaluates the forecast performance. 
Section 5 encompasses the various robustness tests performed. Section 6 studies the 

Fig. 1  Framework of the Article
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economic gains followed by the conclusion in Sect. 7. Figure 1 presents the framework 
of this paper.

2  Methodology

To precisely explore the role of geopolitical risk in explaining and forecasting volatility 
of EUA futures, the frequency of data has to be considered in the empirical method. 
Geopolitical risk is quantified monthly, while the volatility of EUA futures is at a daily 
frequency. Therefore, the application of a mixed-frequency sampling method is used to 
study the problem.

2.1  The benchmark GARCH‑MIDAS model

To study the contribution of monthly geopolitical risk variables to the daily volatility 
of EUA futures, we employ the GARCH-MIDAS method. This method is based on 
the frame of MIDAS approach and allows for the incorporation of data at different fre-
quencies into a single model. However, no improvements are observed in forecasting 
dependent variable. Our use of the GARCH-MIDAS method aligns with previous stud-
ies (Conrad and Kleen 2020; Liu et al. 2021; Lu et al. 2022),, which have successfully 
employed it to forecast high-frequency variables using low-frequency explanatory vari-
ables. Specifically, Engle et al. (2013) demonstrated that the GARCH-MIDAS model 
can effectively forecast stock market volatility by incorporating macroeconomic fun-
damentals like the industrial production growth rate (IP) and IP growth volatility. Fur-
thermore, considering both internal error terms and external variables, the GARCH-
MIDAS model exhibits superior forecasting performance compared to competing 
models such as GARCH-type, HAR and HEAVY models (Ghysels et al. 2019; Conrad 
and Kleen 2020).

Following the idea of Engle and Rangel (2008), we assume that the unexpected 
return of financial assets is referred to as:

where ri,t is the log return of EUA futures on the ith day of month t , � is the condi-
tional mean of the return, Nt represents the number of days in month t . The term �i,t fol-
lows the standard normal distribution within the information set Φi−1,t up to day (i − 1) 
of month t . The term �t refers to the function determined by low-frequency variables, 
especially the external macro variables, while gi,t is affected by historical information 
and follows the process of GARCH-type model. If �t only depends on the lagged infor-
mation of explanatory variables, then the daily conditional variance of daily return is

where �t , long-term component of volatility, is constant across all days within 
month t and changes at the lower frequency. The short-term volatility component 
gi,t is intended to explain the day-to-day clustering of volatility and, therefore, is 

(1)ri,t − � =
√
�t × gi,t�i,t, ∀i = 1, ...,Nt,

(2)�2
i,t
= gi,t�t
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represented by a mean-reverting unit-variance process—the GJR-GARCH(1,1) pro-
cess (Conrad and Kleen 2020):

where �, �and� are the parameters to be estimated for the components of GJR-
GARCH process, and the conditions of 𝛼 > 0, 𝛼 + 𝛾 > 0, 𝛽 ≥ 0, and𝛼 + 𝛾∕2 + 𝛽 < 1 
must be satisfied. The long-run component,�t , plays a role in describing smooth fluc-
tuations in the conditional variance. In particular, as Engle et al. (2013) suggested, 
we consider monthly realised volatility which denoted RVt as one basic explanatory 
variable when measuring long-term component. Though the formula of �t requires 
nonnegative explanatory variables for its explanation, it is more efficiency if both 
positive and negative values of explanatory variables are suitable for explaining the 
long-term component. Therefore, we transform its conventional mode into logarith-
mic form as presented in Eq. (4) (Engle et al. 2013):

where c refers to the intercept, � is the slope of weighted and lagged variable RVt 
on the logarithmic of long-term volatility component, and K refers to the optimal 
lag length of variable RVt corresponding to minimal Bayesian Information Criterion 
(BIC) value and contributes to smoothing volatility in MIDAS filtering. Realized 
volatility RVt is constant within month t, and calculated by the sum of 22 squared 
daily return of day i in month t . We assume there are 22 days in one month, mean-
ing that Nt equals to 22. Specifically, �k

(
�1,�2

)
 denotes the unrestrictive Beta 

weighting scheme depending on independent variables �1 and �2 and is computed 
as (Engle et al. 2013; Ghysels et al. 2006) follows:

The weight distributions resulting from an unrestrictive weighting scheme 
tend to exhibit attenuation and a hump-shaped pattern. However, as the lag orders 
increase, the influence of macro or lower-frequency variables on the long-term 
volatility component diminishes, causing the weighting function to become 
monotonic. Similar to Conrad and Kleen (2020), if we use the unrestricted beta 
methodology to calculate �k and �1 = 1 is set to constrain the weighting scheme, 
then there would only be attenuated weight distributions. The weighting scheme 
is then transformed into the following function:

(3)gi,t = (1 − 𝛼 − 𝛾∕2 − 𝛽) +
(
𝛼 + 𝛾1{𝜀i−1,t}<0

) (ri−1,t − 𝜇)2

𝜏t
+ 𝛽gi−1,t

(4)log�t = c + �

K∑

k=1

�k

(
�1,�2

)
RVt−k,

(5)RVt =

Nt∑

i=1

r2
i,t
,

(6)
�k

�
�1,�2

�
=

�
k∕(K + 1)

��1−1
⋅

�
1 − k∕(K + 1)

��2−1

K∑

j=1

�
j∕(K + 1)

��1−1
⋅

�
1 − j∕(K + 1)

��2−1

.
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We use variance ratio ( VR ) to measure the relative importance of the long-term 
component on the total conditional variance, and it can be expressed as follows 
(Conrad and Kleen 2020):

where gt =
∑It

i=1
gi,t , It equals to the number of days in month t. Equation (1), (3), 

(4) and (6) form the GARCH-MIDAS method with one exogenous variable. This 
kind of model could be effectively estimated by applying one-step quasi-maximum 
likelihood estimation (QMLE) approach (Lu et al. 2022).

2.2  The extended GARCH‑MIDAS model with geopolitical risk

To investigate the theme problem of whether geopolitical risk can explain and fore-
cast EUA futures volatility, we first analyse the information regarding geopolitical 
risk. Geopolitical risk, indexed by GPR, is defined as adverse geopolitical events 
and associated risks that could contribute to reduced investments and employment, 
increased disaster probability, and elevated downside risks (Caldara and Iacoviello 
2022). Accordingly, many financial market investors and government officials con-
sider geopolitical risks key factors that can influence financial market fluctuations, 
including EUA futures dynamics (Carney 2016; Caldara and Iacoviello 2022). It 
is essential to specify the threat and realisation of risk. Specifically, these adverse 
consequences are driven by both the threat and the realisation of adverse geopoliti-
cal events through financial channels that result in the destruction of capital stock 
or increased precautionary behaviour. However, investors and governors of carbon 
financial markets have been unable to identify the determinant transmission chan-
nels when facing geopolitical risk, which further impairs their judgment regarding 
the carbon market. Hence, we define the threat and realisation of geopolitical risk as 
index GPRT and GPRA, respectively.

Based on the original GPR index information, we are interested in the effects 
of high levels of geopolitical risk, its changes and the severity of these changes on 
EUA futures volatility. Firstly, serious geopolitical risk, denoted as GPRS, refers to 
risk levels exceeding specific thresholds, such as 50, 70 and 90%, as suggested by 
Liu et  al. (2019). Undoubtedly, people are more concerned about high-risk situa-
tions because they often lead to lasting consequences, such as divestment from car-
bon futures or withdrawal of capital from the carbon finance market. These conse-
quences can reduce carbon futures volatility.

Secondly, ΔGPR represents the growth rate or change in geopolitical risk, which 
transforms the GPR index into a more stable measure. This variable contains 
more information about geopolitical risk than its original level because it miti-
gates extreme values. Thirdly, ΔGPRS is obtained by calculating the growth rate 
or change in the GPRS index, thereby enabling the study of risk consequences in 

(7)�k

�
1,�2

�
=

�
1 − k∕(K + 1)

��2−1

∑K

j=1

�
1 − j∕(K + 1)

��2−1
.

(8)VR = var
(
log

(
�t
))
∕var

(
log

(
�tgt

))
.
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comparison to the effects of ΔGPR index. For example, we could determine whether 
constant or exacerbated serious geopolitical risk provides more insight into carbon 
futures volatility. We construct GPRS,ΔGPRandΔGPRS variables as Eqs. (9), (10) 
and (11) based on GPR index suggested by Liu et al. (2019).

where I refers to the binary variable, meaning that I = 1 when GPRt−k > 𝛾 in Eq. (9) 
and ΔGPRt−k > 𝛾 in Eq. (11) respectively; otherwise, I = 0 . γ is a certain threshold 
value set to be 50% normally, and 70 and 90% robustly of the corresponding sam-
ples (Liu et al. 2019).

Secondly, we add this various geopolitical risk information denoted by Xt into 
Eq.  (4). Following this, the long-term component of extended GARCH-MIDAS 
model can be written as follows:

where Xt refers to GPR-related variables and m is the intercept. �1 and �2 are the 
slopes of lagged realised volatility and geopolitical risk indexes, respectively. Simi-
larly, k1 and k2 are the optimal lagged orders based on minimising BIC values. The 
weighting schemes of variables RVt and Xt are unrestricted beta process similar to 
the GARCH-MIDAS model introduced by us, and we set constrained condition as 
�11 = �21 = 1 . The models are listed in Table 1.

2.3  Loss functions and model confidence set (MCS) test

To assess the predictability of various models, we conduct the MCS test based on 
loss functions (Hansen et al. 2011), for which we first define the loss functions. We 
use the definition of ĥ2

m
 as the daily conditional variance resulting from estimated 

models, and RVm as the daily realised volatility. The use of H represents the in-sam-
ple period while M refers to the out-of-sample period. Thus, the loss functions of 
HMSE and HMAE can be obtained as follows:

(9)GPRSt−k = GPRt−k × I
(
GPRt−k > 𝛾

)
,

(10)ΔGPR = log
(
GPRt

)
− log

(
GPRt−1

)
,

(11)ΔGPRSt−k = ΔGPRt−k × I
(
ΔGPRt−k > 𝛾

)

(12)log
(
�t
)
= m + �1

K1∑

k1=1

�k1

(
�11,�12

)
RVt−k1 + �2

K2∑

k2=1

�k2

(
�21,�22

)
Xt−k2,

(13)HMSE = M−1

H+M∑

m=H+1

(
1 − ĥ2

m
∕RVm

)2
,

(14)HMAE = M−1

H+M∑

m=H+1

|||
1 − ĥ2

m
∕RVm

|||
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The MCS test contains three concrete steps (Hansen et al. 2011). In the volatil-
ity of model sets M0 (including 1,⋯ ,m0 ) and forecast the next step with a fixed 
length of rolling window which covers 95% of the (sub)sample periods (Conrad and 
Kleen 2020). In the meantime, the forecast length is assumed up to M days then 
mequalstoH + 1,H + 2,⋯ ,H +M . Finally, the loss function of each model u is 
recorded as Lu,m . Thus, the related losses of different models are:

In the second step, the set of better target models is denoted as M∗ , which is rep-
resented by:

where E(di,uv,m) is the expected value of di,uv,m , and MCS test excludes models that 
do not pass the confidence test in the set M0 . The null hypothesis is:

In the third step, the condition for judging the null hypothesis is to calculate the 
statistics TR and TSQ using the confidence level of 0.25 used by most scholars to 
decide whether to accept the null hypothesis(Samuels and Sekkel 2017; Amendola 
et al. 2020). The calculation formulas of TR and TSQ statistics are:

(15)di,uv,m = Li,u,m − Li,v,m,
(
u, v ∈ M0

)
.

(16)M∗
≡
{
u ∈ M0 ∶ E

(
di,uv,m

)
≤ 0 for all v ∈ M0

}
.

(17)H0,M ∶ E
(
di,uv,t

)
= 0 for all u, v ∈ M ⊂ M0.

(18)TR = ���
u,v∈M

���
di,uv

���
√
var(di,uv)

,

(19)TSQ = ���
u,v∈M

(di,uv)
2

var(di,uv)
,

Table 1  Description of the target models

Model name Abbreviation Extended by

GARCH −MIDAS RV Original model
GARCH −MIDAS_GPR RV_GPR Totally geopolitical risk ( GPR)
GARCH −MIDAS_GPRT RV_GPRT Threat of geopolitical risk ( GPRT)
GARCH −MIDAS_GPRA RV_GPRA Realisation of geopolitical risk ( GPRA)
GARCH −MIDAS_GPRS RV_GPRS Serious geopolitical risk ( GPRS)
GARCH −MIDAS_ΔGPR RV_ΔGPR Growth rate of geopolitical risk ( ΔGPR)
GARCH −MIDAS_ΔGPRS RV_ΔGPRS Growth rate of serious geopolitical risk ( ΔGPRS)
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where di,uv is the relatively average loss value of models u and v . It should be noted 
that 1000 bootstrap calculations were used to obtain stable results in order to avoid 
excessive error in the results. As a result, the null hypothesis is accepted and the 
prediction accuracy of the model is good if the p-value is greater than 0.25. It can 
be seen from the above steps that the larger the p-value (up to 1), the higher the cor-
responding model’s predictive ability.

3  Data description

We analyse the carbon product of EU allowances (EUA) traded in EU-ETS4 as it is 
considered as the largest and most established carbon market in terms of the trading 
volume. The EUA futures price is selected as a representative variable as it could 
forecast EUA spot price and EUA options price (Guo et al. 2022). We collected daily 
EUA futures prices of monthly continuous trading contracts from the ICE.5 In terms 
of phases of EU-ETS, the full sample was defined only covering Phase II, Phase III 
and Phase IV of EU-ETS. It ranges from 1 January, 2008 to 30 November, 2021, and 
its size reaches 3258 daily observations after censoring 10% of the data to remove 
extreme values. We compute the daily return by using the formula rt = ln(pt∕pt−1) , 
which we multiply by 100 for presenting the results better, where pt and pt−1 refer to 
the closing prices of two successive working days, and the unit of price is Euro/ton 
of CO2 emissions.

To analyse the extent to which geopolitical risk impacts and forecasts carbon 
price volatility, we adopt the recently constructed monthly GPR index6 constructed 
by Caldara and Iacoviello (2022) at the Federal Reserve Board as a proxy for geopo-
litical risk. Caldara and Iacoviello (2022) calculate the new GPR index by analysing 
more news articles than the old index (Caldara and Iacoviello 2018), following the 
text analysis adopted by Baker et al. (2016). The GPR index reflects both the real-
ised and expected risk of current adverse events and the forthcoming risk of adverse 
geopolitical threats or events; thus, monthly GPRT and GPRA indexes are con-
structed. In particular, the GPR index accurately and promptly measures the inten-
sity of adverse event risk across the world and within countries. Numerous studies 
have researched the role of geopolitical risk in affecting energy and financial mar-
kets (Su et al. 2019; Kumar et al. 2021; Salisu et al. 2021). We further extract useful 
information on geopolitical risk by constructing the monthly GPRS,ΔGPR,ΔGPRS 
variables, as mentioned in Sect. 2.2. These variables contribute to the examination 

(20)d̄i,uv =
1

M

H+M∑

m=H+1

di,uv,m,

4 We can find related information at https:// ec. europa. eu/ clima/ eu- action/ eu- emiss ions- tradi ng- system- 
eu- ets_ en.
5 The site is https:// www. ice. com/ produ cts/ 18709 519/ EUA- Daily- Future.
6 GPR index can be downloaded from https:// www. matte oiaco viello. com/ gpr. htm.

https://ec.europa.eu/clima/eu-action/eu-emissions-trading-system-eu-ets_en
https://ec.europa.eu/clima/eu-action/eu-emissions-trading-system-eu-ets_en
https://www.ice.com/products/18709519/EUA-Daily-Future
https://www.matteoiacoviello.com/gpr.htm
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of the impact of higher levels and changes in geopolitical risk on EUA futures price 
volatility.

In Fig. 2, when examining the description of EUA futures price and returns, we 
visually observe significant shifts during the transition periods of EU-ETS phases, 
particularly between Phase I and Phase II, as well as between Phase III and Phase 
IV. While the GPR index fluctuates due to varying realisations and expectations of 
geopolitical events or threats (Caldara and Iacoviello 2022), it also exhibits differ-
ences across these phases.

For example, GPR indices are notably higher during Phase III compared to Phase 
II and Phase IV. This might be attributed to the increased occurrence of geopo-
litical events and threats in Phase III, such as the Paris Terrorist Attacks in 2015, 
Syria Missile Strikes in 2018 and Iran Tension Escalation in 2020. Phase II appears 

Fig. 2  EUA futures price, return and GPR-related indices for the full-sample periods. Note aIn the third 
plot, the blue solid line higher than the lower horizontal red dash line refers to the trend of the GPRS 
variable. The lower horizontal red dash line is named γ and its value is 91.88. This threshold value equals 
50% of the GPR sample. And the yellow solid line higher than the upper red dash line is the trend of the 
ΔGPRS variable which is higher than 0
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relatively stable compared to Phase I and Phase III. Additionally, Phase I and Phase 
IV are characterised by shorter durations, with Phase I experiencing a price drop to 
near zero towards its end, potentially leading to spurious regression results. Thus, 
we conduct the GARCH-MIDAS model regression using data from the full sample 
(excluding Phase I) as the primary test and independently forecast data series for 
Phase II and Phase III.

The second panel in Fig. 2 represents the EUA futures returns, and the third panel 
includes a dual Y axis, with GPR represented on the left Y axis and ΔGPR on the 
right Y axis. It can be seen that geopolitical risk index and its change series exhibit 
similar trends, with higher levels of geopolitical risk corresponding to similar trends.

The summary statistics of the related variables are presented in Table  2. We 
observe that the mean of the EUA futures return is 0.02%, and the difference 
between the minimum and maximum values of EUA futures prices reaches up to 
39.64% when calculated as log returns. The EUA futures return is stationary as 
the p-value of the Augmented Dickey-Fuller (ADF) test is lower than 0.01 for all 
phases. It is clear that EUA futures return in the full sample; furthermore, in Phase 
II and Phase III. they are leptokurtic with thick tails. The Jarque–Bera test indicates 
that the examined variables are not normally distributed. Additionally, the results of 
ARCH test are significant. These results show that the all variables are suitable for 
estimating the GARCH-MIDAS model.

4  Estimation and forecasting

4.1  Estimation results

In the full-sample period, we estimate the benchmark model and extended GARCH-
MIDAS models. Table 3 shows the full-sample estimated results of the seven afore-
mentioned models.

We established restricted weighting schemes with �11 = 1,�21 = 1 , as previously 
mentioned, to reduce noisy information. The results of �12 and �22 are regressed 
without error and presented in Table 3. The lag length K of realised volatility and 
geopolitical risk series variables is 22, as the full-sample period is short and the 
corresponding BIC values obtained from the estimation are minimal. The weighting 
schemes �k for each model are presented in Fig. 3. It is evident that the influence of 
almost all variables on the long-term component volatility of EUA futures is declin-
ing to zero, indicating that all variables used have suitable weight to help explain 
the long-term component of the daily volatility of the EUA futures. Furthermore, 
Fig. 3 shows that the �k of extended models with geopolitical risk are larger than the 
benchmark model, which is approximately 0.04. This suggests that geopolitical risk 
information can explain EUA futures volatility.

Table  3 also shows that �, β, γ, �1, and�12 are almost all significant at the 1% 
level. In addition, it is noticeable that the sum of �, βandγ∕2 in various estimation 
results are less than but close to 1, indicating that all models are stable. Moreover, 
all models are also asymmetric during different market conditions, as evidenced by 
the significance of the γ coefficients in all models. The significant values of �1and�2 
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indicate that the lags of realised volatility of EUA futures prices and series variables 
of geopolitical risk impact the long-term component of EUA futures price volatility.

It Is worth noting that the coefficient values of �2 , as extensions of GARCH-
MIDAS models with GPRT, GPRSandΔGPRS , are 0.06, 0.03 and 0.715, imply-
ing that these variables significantly contribute to long-term carbon emission mar-
ket volatility. Particularly, significant changes in both threats and the realisation of 
adverse events can induce long-term volatility in carbon futures. This may be attrib-
uted to substantial shifts in geopolitical risk prompting investors and markets to con-
sider greater uncertainty in their investment decisions, while historical geopolitical 
threats and realisations may be overlooked. The value of VR indicates the percent-
age of long-run volatility to total volatility, and Table 3 shows that the benchmark 
model has the largest VR value, indicating that historical risk in EUA futures plays 
an important role in explaining future risk. Although VR values decrease when exog-
enous risk variables are added, it indicates that long-term volatility could be accu-
rately explained within specific weighting schemes.

We could conclude that geopolitical risk contains valuable information for 
explaining daily EUA futures volatility. The estimation results reveal that threats and 
significant shifts in geopolitical risk can influence the decisions of participants in the 
carbon emission market, including investors, speculators and producers, as they hold 
distinct expectations regarding carbon market price returns under geopolitical risk.

Fig. 3  Weighting schemes for GARCH-MIDAS models on lagged length K
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4.2  Forecast evaluation

In this section, we evaluate the recursive out-of-sample forecasting performance 
of various models. First, we estimate a one-forward rolling sample dataset with 
a fixed window size, covering 95% of the corresponding full-sample size. This 
involves removing the initial calculation data to ensure non-overlapping, con-
stant estimation results. Second, we use the estimation results of each model to 
predict multi-period forwards, such as 1-day, 1-week and 1-month lengths. Since 
EU-ETS trading conditions change with the transformation of Phases every few 
years, there is no need to predict EUA futures volatility beyond a yearly fre-
quency. Hence, it is plausible and reliable to select a forecast length of 1-day as 
the primary test, with 5-days and 22-days as robustness tests. Third, when com-
paring the forecasted volatilities of benchmark models and the extended models 
with GPR-related variables to daily EUA futures realised volatility, we observe 
similar results. This indicates that that the forecasting models perform well. Loss 
functions like HMAE and HMSE are widely used to calculate the loss value of 
volatility (Hansen et al. 2011; Segnon et al. 2017; Ghysels et al. 2019). Smaller 
loss values indicate better model performance. However, comparing absolute loss 
values can be limited by differences in data samples and time periods. Therefore, 
we further utilise the MCS method to assess the predictability of various models.

Table 4 presents the MCS test results for the extended GARCH-MIDAS models, 
incorporating various GPR variables to assess 1-day out-of-sample forecasting per-
formance. In the full-sample panel, it’s evident that the extended GARCH-MIDAS 
model with GPRT  performs the best among the models, with the largest p-value 
equal to 1. All geopolitical risk variables perform well in forecasting volatility when 
the p-value calculated by HMSE and HMAE methods almost exceed 0.25. This indi-
cates that the threats or future risk of adverse events provides basic information for 
other related geopolitical risk factors and could significantly improve the forecasting 
performance of EUA futures volatility. This suggests that investors and government 
managers in the carbon allowances market should consider the threats of geopoliti-
cal risk in portfolio and risk management. However, the realisation and escalation 
of historical geopolitical risks may have been overlooked, as indicated by the large 
MCS value of these variables. Serious geopolitical risks and unexpectedly severe 
growth rates of geopolitical threats and events might prompt investors to change 
portfolios without additional risk information. Still, they are more likely to manage 
portfolios and hedge risk effectively if they have information about the threats posed 
by geopolitical risks.

When given information of certain Phases of EU-ETS, investors tend to price car-
bon futures with consideration of threats of geopolitical risk while sometimes ignor-
ing serious geopolitical risks or their dramatic growth. Investors could manage risk 
more effectively if they had information about serious or rapidly escalating geopo-
litical events, which means that these two variables can forecast carbon futures vola-
tility better than the threats risk.

The second panel in Table 4 shows the MCS results for 1-day out-of-sample data 
of Phase II. The sample size is the length of Phase II and in-sample size is 95% of 
the sample in Phase II. Note that the indices of GPRS and ΔGPRS are calculated 



 H. Lu et al.

1 3

by choosing GPRandΔGPR indices that surpass certain corresponding thresholds 
of 50% values in the periods of Phase II. From the Phase II panel, we conclude 
that the RV-ΔGPRS performs best among all these models, as analysed previously. 
The benchmark model and the extended model with GPRS index have better forecast 
performance. Contrary to the full-sample period, the geopolitical risk—especially 
the ΔGPRS—has great ability to capture information on carbon market price fluctu-
ations in Phase II. Investors and policymakers in Phase II could expect carbon price 
volatility because EU-ETS in Phase II reduced the cap on allowances. Thus, the 
price could indicate more information about the actual demand and supply of carbon 
emissions allowances than the full-sample period (Hintermann et  al. 2016). Thus, 
serious geopolitical risk and high growth rate of geopolitical risk contain powerful 
information in forecasting daily EUA futures volatility.

Table 4  MCS test results for 
1-day out-of-sample forecasting 
performance

a The numbers in the table are the p-values of the MCS test and they 
are calculated by Range and Semi-Quadratic statistics based on the 
loss functions of HMAE and HMSE. p-values larger than the thresh-
old of 0.25 suggest that the corresponding models survive the MCS 
test. The highest p-values are written in bold and underlined

Model HMAE HMSE

TR TSQ TR TSQ

Full sample
RV 0.229 0.147 0.421 0.566
RV_GPR 0.616 0.616 0.632 0.632
RV_GPRT 1 1 1 1
RV_GPRA 0.229 0.147 0.417 0.566
RV_GPRS 0.325 0.526 0.421 0.566
RV_ΔGPR 0.229 0.147 0.417 0.536
RV_ΔGPRS 0.229 0.147 0.417 0.566
Phase II
RV 0.937 0.858 0.838 0.757
RV_GPR 0.067 0.284 0.096 0.273
RV_GPRT 0.937 0.841 0.693 0.561
RV_GPRA 0.106 0.521 0.164 0.400
RV_GPRS 0.937 0.849 0.693 0.497
RV_ΔGPR 0.937 0.858 0.838 0.757
RV_ΔGPRS 1 1 1 1
Phase III
RV 0.261 0.14 0.17 0.169
RV_GPR 0.532 0.472 0.789 0.545
RV_GPRT 0.663 0.663 0.789 0.545
RV_GPRA 0.261 0.14 0.17 0.169
RV_GPRS 1 1 1 1
RV_ΔGPR 0.261 0.174 0.17 0.169
RV_ΔGPRS 0.261 0.266 0.17 0.322
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Similarly, in Phase III, the panel in Table 4 indicates that the RV-GPRS model 
has the largest p-value among other models according to the MCS results for 1-day 
out-of-sample forecasting performance. Furthermore, GPR and GPRT indexes con-
tain some useful information, while ΔGPRS captures less information than the other 
variables proxying for geopolitical risk in forecasting carbon emission market vola-
tility. Therefore, both significant geopolitical risk and drastic changes in geopolitical 
risk contain valuable information for forecasting carbon emission market fluctua-
tions, but the impact of this information varies across different phases.

From the forecasting results of different sample periods, we could conclude that 
the GPRT variable has more powerful information during full-sample period. On the 
other hand, ΔGPRS and GPRS have more information during Phase II and Phase III 
than the realised volatility and other variables forecasting EUA futures volatility.

5  Robust analysis

To validate the presented results concerning whether geopolitical threats contain 
fundamental information for forecasting carbon futures volatility during the full-
sample period, we conducted two robustness tests. Firstly, we varied the forecasting 
window sizes, recognising that different horizons of forecasting may yield incon-
sistent empirical results (Inoue et al. 2017; Fezzi and Mosetti 2020). Secondly, we 
assessed the forecasting performance using different lengths of long-term volatil-
ity, including double-month and three-month volatility. Additionally, we examined 
whether different threshold values of variables could impact predictability during 
different phases by assessing the MCS results with threshold values of 70% and 
90%.

5.1  Forecast evaluation at different forecasting horizons

We conducted further tests to assess the forecasting performance using 5-day and 
22-day data from the full-sample, Phase II and Phase III periods. Table  5 shows 
the results. Our full-sample results indicate that threats of adverse events perform 
the best among all variables, while the benchmark model did not pass the MCS test 
when the p-value threshold was set at 0.5. The RV_ΔGPRS model performs better 
in short forecasting windows, such as 1-day and 1-week, while the RV_GPRS model 
performs better in long forecasting windows, such as 1-month. This data is presented 
in comparison with the benchmark model as well as other models for Phase II. In 
general, dramatic changes in risk, which represent relative value, appear to be more 
robust than serious risk, which refers to the absolute value. In addition, the p-values 
of the RV_ΔGPRS model are larger than the benchmark model, indicating that sud-
den changes in geopolitical risk contain information for forecasting carbon emission 
market volatility for Phase III. In summary, these findings confirm the robustness of 
the results across various forecasting windows for all periods.
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5.2  Forecast evaluation for alternative length of long‑term volatility

For the full-sample period, we applied different lengths of long-term volatility 
to test the forecasting performance of threats of geopolitical risk.  Table  6 pre-
sents the results. The threshold value of ΔGPRS for Phase II is converted because 
ΔGPRS has the best forecasting performance, and we change the threshold value 
of GPRS for Phase III based on the results of Table  4. RV_ΔGPRS model and 
RV_GPRS model have the largest p-values in Phase II and Phase III, respectively. 
Specifically, serious geopolitical risk and drastic changes in geopolitical risk is 

Table 5  MCS test results for out-of-sample forecasting performance at alternative forecasting horizons

a The numbers in the table are the p-values of the MCS test and they are calculated by Range and Semi-
Quadratic statistics based on the loss functions of HMAE and HMSE. p-values larger than the threshold 
of 0.25 suggest that the corresponding models survive the MCS test. The highest p-values are written in 
bold and underlined. In the column of the model, RV represents the GARCH-MIDAS model with real-
ised volatility, while others in the column are short for GARCH-MIDAS models with realised volatility 
and GPR series variables, respectively. 1-week refers to 5 days and 1-month refers to 22 days

Model 1-week 1-month

HMAE HMSE HMAE HMSE

TR TSQ TR TSQ TR TSQ TR TSQ

Full sample
RV 0.199 0.375 0.348 0.504 0.687 0.593 0.601 0.453
RV_GPR 0.638 0.638 0.590 0.590 0.800 0.735 0.601 0.453
RV_GPRT 1 1 1 1 1 1 1 1
RV_GPRA 0.174 0.12 0.117 0.311 0.259 0.388 0.252 0.287
RV_GPRS 0.419 0.577 0.283 0.504 0.687 0.619 0.252 0.437
RV_ΔGPR 0.185 0.251 0.283 0.504 0.687 0.619 0.601 0.453
RV_ΔGPRS 0.185 0.281 0.283 0.504 0.8 0.735 0.601 0.453
Phase II
RV 0.929 0.944 0.840 0.761 0.070 0.034 0.108 0.089
RV_GPR 0.060 0.285 0.078 0.301 0.070 0.046 0.108 0.102
RV_GPRT 0.929 0.944 0.817 0.697 0.118 0.118 0.178 0.178
RV_GPRA 0.071 0.453 0.166 0.443 0.070 0.046 0.108 0.102
RV_GPRS 0.929 0.944 0.817 0.715 1 1 1 1
RV_ΔGPR 0.929 0.944 0.840 0.761 0.070 0.034 0.108 0.089
RV_ΔGPRS 1 1 1 1 0.070 0.046 0.108 0.102
Phase III
RV 0.153 0.129 0.179 0.169 0.241 0.173 0.261 0.349
RV_GPR 0.226 0.198 0.261 0.248 0.241 0.262 0.261 0.43
RV_GPRT 0.574 0.574 0.508 0.508 0.71 0.647 0.742 0.446
RV_GPRA 0.226 0.171 0.261 0.23 0.241 0.171 0.261 0.392
RV_GPRS 1 1 1 1 1 1 1 1
RV_ΔGPR 0.226 0.171 0.248 0.226 0.241 0.262 0.261 0.42
RV_ΔGPRS 0.226 0.198 0.261 0.248 0.71 0.647 0.742 0.433
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expected to harm economic certainty and cause carbon emission price uncer-
tainty more than normal geopolitical risk does, as investors and policymakers 
would consider more severe geopolitical threats and events compared to a normal 
environment (Bolton and Kacperczyk 2021).

In conclusion, results of robustness tests assure that RV_GPRT model outper-
forms the other models for the full-sample period. Furthermore, RV_ΔGPRS and 
RV_GPRS models perform better for Phase II and Phase III than the other models 
when forecasting EUA futures volatility. Our conclusions are robust and reliable.

Table 6  MCS test results for out-of-sample forecasting performance with various thresholds

a The numbers in the table are the p-values of the MCS test and they are calculated by Range and Semi-
Quadratic statistics based on the loss functions of HMAE and HMSE. p-values larger than the threshold 
of 0.25 suggest that the corresponding models survive the MCS test. The highest p-values are written in 
bold and underlined. In the column of the model, RV represents the GARCH-MIDAS model with real-
ised volatility, while others in the column are short for GARCH-MIDAS models with realised volatility 
and GPR series variables, respectively

Model K = 44 K = 66

HMAE HMSE HMAE HMSE

TR TSQ TR TSQ TR TSQ TR TSQ

Full sample
RV 0.185 0.093 0.406 0.489 0.172 0.078 0.364 0.449
RV_GPR 0.185 0.093 0.406 0.489 0.172 0.078 0.364 0.449
RV_GPRT 1 1 1 1 1 1 1 1
RV_GPRA 0.185 0.093 0.406 0.489 0.172 0.078 0.364 0.449
RV_GPRS 0.185 0.093 0.406 0.489 0.172 0.078 0.364 0.449
RV_ΔGPR 0.185 0.093 0.406 0.489 0.172 0.078 0.364 0.449
RV_ΔGPRS 0.185 0.093 0.406 0.475 0.172 0.078 0.364 0.437
Phase II Threshold value of 70% Threshold value of 90%
RV 0.901 0.836 0.84 0.765 0.901 0.844 0.811 0.729
RV_GPR 0.053 0.3 0.17 0.325 0.045 0.322 0.2 0.347
RV_GPRT 0.901 0.832 0.699 0.574 0.901 0.831 0.669 0.555
RV_GPRA 0.093 0.45 0.17 0.395 0.094 0.449 0.2 0.395
RV_GPRS 0.053 0.3 0.362 0.464 0.045 0.322 0.378 0.464
RV_ΔGPR 0.901 0.836 0.84 0.765 0.901 0.844 0.811 0.729
RV_ΔGPRS 1 1 1 1 1 1 1 1
Phase III
RV 0.253 0.154 0.264 0.184 0.23 0.179 0.338 0.179
RV_GPR 0.66 0.39 0.794 0.395 0.652 0.408 0.814 0.41
RV_GPRT 0.66 0.412 0.794 0.494 0.652 0.422 0.814 0.492
RV_GPRA 0.253 0.159 0.264 0.205 0.23 0.188 0.338 0.212
RV_GPRS 1 1 1 1 1 1 1 1
RV_ΔGPR 0.253 0.159 0.264 0.205 0.23 0.188 0.338 0.212
RV_ΔGPRS 0.253 0.159 0.264 0.205 0.23 0.188 0.338 0.212
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6  Portfolio management

In the last section, we report that the RV-GPRT model performs best for the full-
sample period using statistical measures. To supplement our analysis, we move 
on to the impact on economic value because investors and policymakers show 
significant interest in economic value of the portfolio investment (Taylor 2014). 
This section investigates the economic gains of all models for the full-sample 
period and answers two questions: whether GPR series indicators help gain eco-
nomic benefits and whether the threat of adverse geopolitical events provides the 
best economic advantages.

Carbon is a good hedge against higher-order moments risk at short-run timescales 
(Bolton and Kacperczyk 2021). Here, we construct a portfolio containing two assets: 
one is EUA futures performed as risky asset, the other is three-month treasury bill in 
the US market7 known as risk-free assets (van Binsbergen et al. 2022). The weights 
of futures in this portfolio can be set as:

where � refers to the investor’s coefficient of relative risk aversion, r̂t+1 represents the 
forecast for the excess return obtained by subtracting risk-free return from futures 
return and �̂2

t+1
 is the estimated variance of a single time-series variable which is the 

expected excess return. The value of estimated wt is set between the number of 0 and 
1 to fit most of the risk-neutral or even risk-averse investors. We set the weight = 0 
if the calculated weight is lower than 0 and set weight = 1 if the calculated weight 
exceeded 1. When the investor allocates assets using the weights we obtained from 
Eq. (21), they could get an expected return of the portfolio as

where Rp and �2
p
 are the out-of-sample mean and variance of the portfolio return. 

The CER value indicates that investors would like to pay for a monthly percentage 
of the portfolio management cost. However, Eq. (21) does not consider the margin 
level that investors need to pay a little part of with respect to the total trading values 
as futures margin (Longin 1999). So, we set � as the leverage ratio (Zhang et  al. 
2018), with rf  being risk-free interest rate. Then, the return and variance of the port-
folio are written as:

(21)wt =
1

�

r̂t+1

�̂2
t+1

.

(22)CER = Rp − 0.5��2
p
,

(23)Rp = w�
(
r + rf

)
+ (1 − w)rf ,

(24)Var
(
Rp

)
= w2�2�2,

7 We can find the secondary market rate of the three-month treasury bill titled TB3MS at this link: 
https:// fred. stlou isfed. org/ series/ TB3MS.

https://fred.stlouisfed.org/series/TB3MS
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where �2 is the variance of excess return. To get the maximal expected utility, we 
could calculate the new weights of the portfolio as Eq. (25) (Zhang et al. 2018).

Here, we assume the margin level named θ is 6% and 8%, respectively. We also 
consider the investors’ coefficient of risk aversion as 3 and 7, which is similar to 
what Liu et  al. (2019) considered. Table 7 represents the robust results of out-of-
sample economic values with different leverage levels and risk aversion coefficients. 
It is noted that the values of CER of the benchmark model is 0.129 and 0.056 with 
different risk aversion effect. It is reasonable to expect that the values of volatility 
and economic gain with higher leverage and lower risk aversion would be larger 
than the values with contrary consequences. Table 7 shows that the values remain 
almost unchanged because of the limited amount of monthly data available after 
forecasting. The same is true for Sharpe ratio results.

Investors obtain positive returns by investing in a portfolio that consists of only 
EUA futures and three-month treasury bills, with both weights ranging from 0 to 1. 
Referring to the results in Table 7, we observe that the CER values for all models 
are positive. Notably, the RV_GPRT model could obtain the largest value, which 

(25)wt =
1

�

�r̂t+1 + (� − 1)r
f

t+1

�2�̂2
t+1

.

Table 7  Economic values of the constructed portfolio in out-of-sample of full sample

a ‘γ ’ represents the investor’s coefficient of relative risk aversion. There are four rows behind each ‘ θ ’ 
which is the leverage ratio of the constructed portfolio. ‘volatility’ means the volatility of the portfolio 
during out-of-sample period. ‘CER gain’ refers to relative return performance of different models per 
month based on the GARCH-MIDAS model. ‘SP’ refers to Sharp Ratio of corresponding monthly excess 
return of the portfolio

γ Models θ = 6 θ = 8

Volatility CER SP Volatility CER SP

γ = 3 RV 0.188 0.129 0.967 0.188 0.130 0.967
RV_GPR 0.187 0.130 0.973 0.187 0.130 0.972
RV_GPRT 0.194 0.134 0.979 0.194 0.134 0.979
RV_GPRA 0.189 0.134 0.987 0.189 0.134 0.987
RV_GPRS 0.194 0.133 0.972 0.194 0.133 0.972
RV_ΔGPR 0.195 0.133 0.969 0.195 0.133 0.969
RV_ΔGPRS 0.190 0.131 0.970 0.190 0.131 0.970
RV 0.080 0.056 0.967 0.081 0.056 0.967
RV_GPR 0.080 0.056 0.973 0.080 0.056 0.973
RV_GPRT 0.083 0.058 0.979 0.083 0.058 0.979

γ = 7 RV_GPRA 0.083 0.055 0.944 0.081 0.058 0.987
RV_GPRS 0.083 0.057 0.972 0.083 0.058 0.972
RV_ΔGPR 0.084 0.057 0.969 0.084 0.057 0.969
RV_ΔGPRS 0.081 0.056 0.970 0.081 0.056 0.970
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is 0.134 or 0.058 among other models. This implies that the extended models with 
GPR series variables, especially the model with the threats of geopolitical events 
variable, could reduce the loss when compared with the benchmark model.

Furthermore, based on the results of the volatility column for different leverage lev-
els, we know that the portfolios forecasted by the extended GARCH-MIDAS models 
exhibit more stable trends than the portfolio forecasted by the benchmark model. In 
addition, the portfolio forecasted by the RV_GPRT model has the most stable trends 
among all portfolios forecasted by the other models. Finally, the columns displaying the 
Sharpe ratio (SP) show the RV_GPRT model also has the second highest SP ratio, with 
the exception of the RV_GPRA model, both in different leverage levels and different 
coefficients of risk aversion. A higher SP ratio signifies greater risk-taking of portfolio 
(Ledoit and Wolf 2008). Therefore, the results of the economic value test align with 
the statistical findings, suggesting that drastic changes in geopolitical risk provide more 
valuable information than the other models, especially the benchmark model, in fore-
casting daily EUA futures volatility.

7  Conclusions

This paper investigated the role of various information on geopolitical risk in explain-
ing and forecasting the volatility of carbon futures prices from statistical and eco-
nomic perspectives. First, geopolitical risk information is represented by geopo-
litical risk, the occurrence of adverse geopolitical events, severe geopolitical risk, the 
growth rate of geopolitical risk and significant changes in geopolitical risk, proxied by 
GPR,GPRT ,GPRA,GPRS,ΔGPRandΔGPRS . We then estimate and forecast both 
the benchmark model and comparable models using the GARCH-MIDAS model. The 
results indicate that geopolitical risk, particularly threats of geopolitical risk, provides 
valuable information for interpreting and forecasting EUA futures volatility during the 
full-sample period. In particular, we further examine whether the threat-related geopo-
litical information is essential during Phase II and Phase III sub-sample periods. We 
find that ΔGPRS and GPRS exert the strongest effects on future EUA futures volatility 
for Phase II and Phase III, respectively. Moreover, the robustness test is examined by 
changing the length of forecast days and long-term volatility or the threshold values of 
GPRSorΔGPRS . The conclusions are confirmed to be robust. Finally, the economic 
value test results align with the statistical test findings for the full-sample period; the 
extended GARCH-MIDAS model with GPRT index yields higher economic gains than 
the other models. These findings underscore the significant effect of GPRT on EUA 
futures volatility. The study emphasises that investors and policymakers should priori-
tise the importance of geopolitical risk threats in risk and portfolio management within 
the carbon emission market.
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