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Abstract

We study how market spillovers propagate within a comprehensive system of energy
commodities by employing spillover analysis in the time and frequency domains. Raw
materials dominate the system’s connectedness, behaving as net transmitters of spillovers.
However, the dynamic analysis shows that downstream commodities may also act as net
transmitters but only in a few short phases. Importantly, relevant energy market episodes
generate more substantial spillovers, while lower system connectedness is observed during
events primarily affecting other sectors. Our main findings are substantially invariant to
a series of robustness checks. These results also hold when analyzing the distribution’s
tails in a quantile framework that we introduce to study distressed periods. Finally,
we examine a broad frequency spectrum and find high efficiency in this system, with
substantial spillovers absorbed in less than two days for all commodities.
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1 Introduction

The energy sector plays a pivotal role in the economic growth of any modern economy (Shahbaz

et al., 2018, Ivanovski et al., 2021). For instance, between 2000 and 2020, the European Union’s

(EU) Gross Domestic Product (GDP) per unit of gross available energy increased from €6.25

to €8.59 per kilogram of oil equivalent (Kgoe),1 while, in 2021, energy costs reached 13% of

global GDP.2 Further, the low elasticity of substitution between energy and non-energy inputs

underscores the specificity of the energy sector, as its inputs cannot be easily replaced by labor

or capital (Medina and Vega-Cervera, 2001, Stern and Kander, 2012).

Given the central role of the energy sector in global economies, there is significant interest

in understanding the key factors influencing energy-related commodity prices. Regulators,

investors, and academics are particularly interested in whether upstream or downstream shocks

drive energy commodity prices. Several studies have therefore analyzed financial spillovers

in energy commodity systems (Green et al., 2018, Uddin et al., 2018, Kayani et al., 2024),

including both raw materials and related derivatives playing a critical role in different supply

chains (Eberhardt and Presbitero, 2021). Due to their strong connections with capital markets

and the sharp increase in trading volumes and prices, energy-related commodities are, in fact,

investigated as potential sources of shock propagation and spillovers impacting financial stability

and the wider economy (Creti et al., 2013, Narayan et al., 2013, Basak and Pavlova, 2016, Flori

et al., 2021).

The study of spillovers is theoretically significant since variations in energy commodity

prices have both direct and indirect effects throughout the supply chain, especially in turbulent

periods (Hallegatte, 2019, Guan et al., 2020). Indeed, various risk events influence the stability

of the energy supply chain, potentially amplifying these effects (Zhao et al., 2023). Direct effects

may occur when significant price changes in raw materials influence the preferred energy mix

(Anke et al., 2020). Indirect effects involve changes in market demand and supply within related

energy supply chains. For instance, a rise in oil prices might increase the demand for goods and

services produced using renewable energy, thereby influencing investment and development in

1Data on the energy productivity indicator, which measures economic output per unit of gross available
energy, are available at: https://ec.europa.eu/eurostat/databrowser/view/sdg_07_30/default/table
?lang=en.

2Source: https://www.bnnbloomberg.ca/energy-costs-set-to-reach-record-13-of-global-gdp-t

his-year-1.1738500.
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that sector (De Rosa et al., 2022). This shift can accelerate the obsolescence of carbon-intensive

production technologies and encourage the development of viable green alternatives (Johnson

et al., 2015, Mayer et al., 2019), thus promoting a reduction in greenhouse gas (GHG) emissions.

When spillovers lead to price changes in secondary energy flows, such as oil and gas derivatives,

firms may need to adjust their operations, including refining processes. As a consequence, the

consumption of these energy commodities and their price fluctuations can generate persistent

inflationary pressures, significantly worsening the inflation-output gap trade-off and adversely

affecting overall economic output (Coletti et al., 2021).

Although exploring interdependencies across energy-related commodities is crucial for un-

derstanding how disturbances propagate throughout energy supply chains and detecting whether

raw materials or derivatives primarily transmit shocks, few works have analyzed how such

disturbances propagate within energy supply chains. Křehĺık and Baruńık (2017) represent

one exception, outlining how upstream shocks dominate the system’s connectedness, although

downstream shocks are gaining momentum in creating short-term spillovers. Yet, they only fo-

cus on the oil supply chain without including other related energy commodities, such as natural

gas and coal.

We propose to investigate the connectedness within a wide system encompassing eight com-

modities, namely Brent Oil, Gasoline, Heating Oil, Natural Gas, Propane, Coal, Ethanol, and

European Union Allowances (EUAs). These commodities represent a comprehensive set for

the entire energy sector. Specifically, we aim to determine which raw materials or derivatives

dominate in generating spillovers. To achieve this, we utilize the approaches of Diebold and

Yilmaz (2012, 2014) and Baruńık and Křehĺık (2018), which enable us to study the system’s

connectedness in both the time and frequency domains by exploiting the forecast-error variance

decomposition (FEVD) associated with a generalized vector autoregressive framework. From

a theoretical perspective, these approaches allow us to disentangle how the price dynamics of

energy commodities are influenced by multiple bilateral interdependencies. Furthermore, this

framework allows us to investigate how shock transmission mechanisms might occur between

upstream and downstream commodities, thereby identifying the main channels through which

instability propagates within the energy system. Understanding these channels is essential for

monitoring the overall system stability and assessing the vulnerability of each energy commod-
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ity to spillovers.

The spillover static analysis demonstrates that raw materials dominate the spillover prop-

agation, both at the aggregate level and in the short- and long-term. The dynamic analysis

validates such findings since in 73.28% of observations, raw materials have a higher net con-

nectedness in absolute value than derivatives and tend to behave as net transmitters, whereas

their derivatives act as net receivers despite frequent changes in their transmission behavior.

Importantly, these findings tend to be confirmed during crisis episodes, with few exceptions.

Events directly affecting the energy sector tend to raise the system’s total connectedness. The

Russia-Ukraine war is a notable example, which also caused a decrease (increase) in the con-

nectedness of upstream (downstream) commodities. Similarly, we experience a 13% increase

in total spillovers in the first two months after the breakout of the Israeli-Palestinian conflict,

mainly driven by upstream commodities. By contrast, events not directly connected with this

sector, such as the COVID-19 pandemic, reduce spillovers.

Additionally, we outline that most spillovers are generated in the short-term, providing

relevant insights into the temporal connectedness generated among energy commodities. These

results provide crucial policy implications, demonstrating that policymakers should carefully

supervise spillover effects among energy commodities in relation to relevant events. Hence,

they may implement appropriate hedging strategies or improve the security of supply to reduce

adverse short-term interdependences.

We complement our main findings by applying different robustness checks, allowing us to

address some limitations of standard approaches. First, through the quantile connectedness

method proposed by Ando et al. (2022), we relax the assumption that the prevailing rela-

tionships at the conditional mean of the returns’ distribution can be generalized to the entire

conditional distribution. This approach highlights the idiosyncratic component of shocks dis-

entangled from the systematic one by including several factors in the vector autoregression

(VAR), which would otherwise suffer from the omitted variable bias. Second, we study the sys-

tem’s connectedness along different frequency values, thus identifying the spectral band that

generates the maximum value of shock propagation and its stability. In so doing, we propose an

approach that empirically investigates the theoretical hypothesis of market efficiency by mea-

suring the ability of commodity markets to fully and instantaneously incorporate all available
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information into market prices. An in-depth examination of the system is therefore crucial for

uncovering how the evolving relationships between the commodity series can generate varia-

tions in their market dynamics, which may, in turn, lead to instability (Barberis et al., 2005,

Scheffer et al., 2009).

Our quantile analysis corroborates the results obtained in the dynamic analysis at the me-

dian of the shock distribution while pointing out significant differences for extreme percentiles.

Notably, below the 5th quantile, the net connectedness of downstream commodities is signif-

icantly more than that of upstream. In addition, we show heterogeneous shock transmission

behaviors with solid variations of commodities’ net connectedness across different frequency

bands. Such differences better emerge when analyzing single commodities. Lastly, we notice a

substantial homogeneity in the frequency band maximizing net connectedness amid commodi-

ties, highlighting that commodity markets are relatively efficient in absorbing shocks.

The remainder of the paper is organized as follows. We report the literature review in

Section 2, while Section 3 presents the methodologies and Section 4 describes our dataset. In

Section 5, we present and discuss the main findings of the analysis. Finally, Section 6 reports

the conclusion.

2 Literature review

The scrutiny of spillovers among energy commodities has recently gained momentum due to

the several sources of risk that may affect the stability of energy systems (Lin and Li, 2015,

Zhang and Sun, 2016, Wu et al., 2020, Yuan and Yang, 2020, Gong et al., 2021, Zeng et al.,

2021, Ding et al., 2022, Zhang et al., 2022). For example, oil and its derivatives are primary

transmitters of return and volatility spillovers to various asset classes, such as agricultural

commodities (Tiwari et al., 2022), precious metals (Iqbal et al., 2022), and market indices (Tan

et al., 2020). Natural gas has also been identified as a net transmitter of spillovers to metal and

agricultural commodity indices (Rehman and Vo, 2021, Wang et al., 2022). In contrast, coal

has typically acted as an information recipient in systems including oil, natural gas, EUA, and

clean energy (Ji et al., 2018, Ding et al., 2022). Similarly, the carbon market tends to behave

as a net receiver against oil (Wang and Guo, 2018) and the stock market (Ji et al., 2019, Dong

et al., 2024).

5



Despite extensive research on connectedness among energy commodities, few studies have

analyzed how disturbances propagate within energy supply chains. Křehĺık and Baruńık (2017)

provide an exception, arguing that upstream shocks dominate connectedness in the oil markets.

However, their focus on the oil supply chain excludes other related commodities, such as natural

gas and coal. Our research fills this gap by studying upstream and downstream spillovers in a

comprehensive system of energy commodities, including raw materials (Brent oil, natural gas,

and coal) and derivatives (gasoline, heating oil, propane, and ethanol). We also consider Euro-

pean Union Allowances, which are tradable certificates permitting the emission of one metric

tonne of carbon dioxide. These certificates can be traded in financial markets by participants

in the European Union Emissions Trading System (EU ETS). Established in 2005, the EU ETS

is designed to regulate the most significant energy-intensive industries, which contribute to ap-

proximately 40% of the European Union’s GHG emissions (European Commission, 2022). The

choice of including EUA is justified by its significant impact on firms’ environmental outcomes

related to energy production and consumption. The ”switching” effect, which occurs when there

is a substitution between different fuel sources with varying carbon emission levels, is theorized

to be one of the most significant drivers of carbon prices, closely linked to the market dynamics

of raw energy series (Mansanet-Bataller et al. 2011, Fleschutz et al. 2021). The carbon price

thus serves as a regulatory mechanism designed to encourage reductions in carbon emissions,

influencing the adopted technology of energy production and prioritizing types of energy, such

as favoring renewable sources over fossil fuels. Our analysis is innovative in incorporating EUA

within the point of view of the energy supply chain, offering an assessment of the most relevant

upstream and downstream transmission channels influencing carbon market dynamics.

Due to the recent crisis episodes affecting our society, spillovers have also been studied in

a dynamic analysis framework, particularly useful during periods of market distress as con-

nectedness is highly event-dependent (Dong et al., 2024). Previous works generally highlight

increased connectedness during crisis episodes (Feng et al., 2023). Notable examples include

the Global Financial Crisis (Kang et al., 2017, Ferrer et al., 2018, Nasreen et al., 2020), the

2014 oil price drop (Ferrer et al., 2018, Balli et al., 2019, Nasreen et al., 2020), and the onset of

the Russia-Ukraine war (Adekoya et al., 2022, Wang et al., 2022, Lin et al., 2024, Polat et al.,

2024). Conversely, research on energy commodities’ spillovers during the COVID-19 pandemic
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yielded mixed results. Some studies reported a decrease in the connectedness of returns series

(Costola and Lorusso, 2022, Tiwari et al., 2022), while others noted a sharp increase in volatility

spillovers at the pandemic’s onset (Jebabli et al., 2022, Huang et al., 2023). Notably, during

this period, commodities often reversed their usual shock transmission behavior, as evidenced

by Corbet et al. (2021) in a system comprising West Texas Intermediate (WTI), Brent, heating

oil, natural gas, gasoline, and some stock indices.

By studying spillovers in energy commodity markets in relation to several crisis episodes

from 2012 to 2024, our study integrates the literature on connectedness regarding the COVID-

19 pandemic (Shahzad et al., 2021, Si et al., 2021, Yarovaya et al., 2021, Aharon and Demir,

2022, Lu et al., 2024), the Russia-Ukraine war (Fang and Shao 2022, Hoque et al. 2023, Jin

et al. 2023, Roy et al. 2023, Wang et al. 2023, Zhang et al. 2023), and the few research on

connectedness during the Israeli-Palestinian conflict (Cui and Maghyereh, 2024, Lin et al., 2024).

In particular, we complement available studies by highlighting the heterogeneous transmission

behavior of financial assets depending on whether the crisis episode is directly linked to the

energy industry or originates from different sectors.

Eventually, our research also contributes to the literature on connectedness from a method-

ological perspective. Numerous studies have explored shock transmission among financial assets

using the spillover index developed by Diebold and Yilmaz (2012, 2014) to estimate static and

dynamic connectedness in the time domain (see, e.g., Wang and Guo (2018), Ji et al. (2019),

Ferrer et al. (2021), Zhang et al. (2022), Dong et al. (2024), Kayani et al. (2024)). In this

context, Baruńık and Křehĺık (2018) introduced a framework for estimating the spillover index

in the frequency domain, differentiating between short- and long-term connectedness. Ando

et al. (2022) further expanded the field by proposing the quantile connectedness method, which

relaxes the assumption that relationships observed at the conditional mean of returns’ distri-

bution apply across the entire distribution, an assumption that may not hold during extreme

market phases (Saeed et al., 2021, Ando et al., 2022, Chen et al., 2022, Chatziantoniou et al.,

2022, Farid et al., 2022, Rizvi et al., 2022, Tiwari et al., 2022, Yousaf et al., 2022). For instance,

asymmetric spillovers have been identified in the upper and lower tails of the shock distribution

(Ji et al., 2019, Xia et al., 2019, Naeem et al., 2021), with higher levels of connectedness during

positive disturbances (Iqbal et al., 2022, Ghosh et al., 2023).
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Our research advances this literature by applying the methodologies of Diebold and Yilmaz

(2012, 2014), Baruńık and Křehĺık (2018), and Ando et al. (2022). In addition, we apply the

recent framework developed by Chatziantoniou et al. (2022), which enables the computation

of short- and long-term quantile connectedness. This method allows us for a nuanced under-

standing of spillovers beyond the average effects, particularly under varying market conditions.

Finally, we expand the framework proposed by Baruńık and Křehĺık (2018) introducing an

approach enabling us to further study the connectedness over a wide range of frequency bands.

In this way, we provide evidence on the stability of the transmission behavior of energy com-

modities on a large band spectrum, and we fuel the discussion on market efficiency in absorbing

shocks (Lillo and Mantegna, 2003, Sornette, 2009) by highlighting the frequency maximizing

net connectedness for each energy commodity.

3 Material and methods

This Section describes the empirical methodologies employed to address our research objectives.

Our empirical analysis focuses on Europe, whose energy consumption and carbon dioxide emis-

sions account for around 10% and 8% worldwide, respectively.3

Section 3.1 introduces the time-domain analysis to understand whether upstream or down-

stream commodities prevail in shock transmission. In Section 3.2, we describe the approach for

the frequency domain analysis to discern the contribution of short- and long-term components

in generating spillovers. We also explain the robustness checks we employ to assess the sta-

bility of our main findings. In Sections 3.2.1 and 3.2.2, we discuss how we examine variations

in individual commodities’ transmission behavior and the efficiency of our assets in absorbing

and transmitting spillovers. Finally, in Section 3.3, we outline the quantile analysis applied to

evaluate the transmission behavior across the entire shock distribution.

3European Commission, Directorate-General for Energy, EU energy in figures: statistical pocketbook 2021,
Publications Office of the European Union, 2021, https://data.europa.eu/doi/10.2833/511498.
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Figure 1: We describe the logical flow of the Methods section to address our research objectives.

3.1 Spillovers in the time domain

We measure the contribution of shocks on our commodity indices to the forecast error variances

through the spillover index introduced by Diebold and Yilmaz (2012, 2014) (hereinafter DY).

Such connectedness measure is based on the variance decomposition of a VAR(P ) model with

P lags and K endogenous variables, approximating a covariance stationary process:

Yt =
P∑
i=1

ΦiYt−i + ϵt = Φ(L)Yt + ϵt (1)

where Yt = (Y1,t, Y2,t, ..., YK,t)
′
is a Kx1 vector of daily returns at time t, Φ(L) = [IK−Φ1L−

...− ΦPL
P ] a (K×K) matrix of polynomials in the lag operator L, with IK being the identity

K×K matrix, and ϵt ∼ (0,Σ) a shock vector with covariance matrix Σ possibly non-diagonal.

The returns of each commodity are thus regressed on P lags of all series in the system

(including the underlying variable itself). Such a system can be rewritten through a moving

average representation with infinite order, VMA(∞), of the VAR system Yt =
∑∞

j=0Ψjϵt−j,

where coefficient matrices Ψj are recursively defined as Ψj = Φ1Ψj−1 + Φ2Ψj−2 + ... + ΦpΨj−p

with Ψ0 = I and Ψj = 0 for j < 0.

To ensure our results are invariant to the ordering of the variables in the system, we employ

the Koop et al. (1996) and Pesaran and Shin (1998) (hereinafter KPPS) generalized vector

autoregressive framework to compute variance decompositions. Following this approach, we

compute KPPS H-step-ahead forecast error variance decomposition as:
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θjk(H) =
σ−1kk

∑H−1
h=0 (e

′
jΨhΣek)

2∑H−1
h=0 (e

′
jΨhΣΨ

′
hej)

(2)

where Σ is the covariance matrix of ϵ, σkk is the kth diagonal element of Σ, and ek is a

selection vector equal to one for the kth element and zeros otherwise. Element θjk(H) represents

the contribution of the kth commodity to the forecast error variance of the jth commodity at

the horizon H.

Own (terms of θ(H) on the main diagonal) and cross-variable (off-diagonal terms of θ(H))

variance contributions do not necessarily sum to one. Based on DY, we thus normalize each

entry of the variance decomposition matrix by its row sum as follows:

θ̃jk(H) =
θjk(H)∑K
k=1 θjk(H)

(3)

with
∑K

k=1 θ̃jk(H) = 1 and
∑K

j,k=1 θ̃jk(H) = K by construction.

We compute total directional spillovers received by variable j from all other variables k in

percentage terms as:

TDSj←•(H) =

∑K
k=1,k ̸=j θ̃jk(H)

K
· 100 (4)

Consistently, we measure total directional spillovers from variable j to all other variables k

as:

TDS•←j(H) =

∑K
k=1,k ̸=j θ̃kj(H)

K
· 100 (5)

More in general, the total spillover index provides a system-wide measure of connectedness.

In formula:

TS(H) =

∑K
j,k=1,j ̸=k θ̃jk(H)

K
· 100 (6)

Such a measure summarizes the (cross) contribution of spillovers from shocks to all variables

to the total forecast error variance.

In addition, we compute the net directional spillovers between commodity j and all the

other variables of the system as NSj(H) = TDS•←j(H) − TDSj←•(H). They represent the
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difference between shocks transmitted from variable j to the system and shocks received by

j from all other variables. A positive value of NSj(H) suggests that the variable j is a net

transmitter, while a negative value outlines a net receiver role.

3.2 Spillovers in the frequency domain

3.2.1 Frequency decomposition

As a second step, we apply the spectral decomposition strategy introduced by Baruńık and

Křehĺık (2018) (hereinafter BK) to assess the connectedness in the short- and long-term fre-

quencies. In this way, we evaluate whether shocks to one variable generate persistent (lower

frequencies) connectedness in the system or immediate (higher frequencies) spillovers.

We compute the frequency response function Ψ(e−iω) =
∑

h e
−iωhΨh by means of a Fourier

transform of the coefficients Ψh. More specifically, the spectrum density of series Yt over the

specific frequency ω is equal to:

SY (ω) =
∞∑
h=0

E(YtYt−h)e
−iωh = Ψ(e−iωh)ΣΨ

′
(e+iωh) (7)

where i2 = −1 is the imaginary unit. SY (ω) models the distribution of the variance of Yt

over the frequency domain.

The generalized causation spectrum allows us to compute the extent to which shocks to

the kth variable affect the portion of the spectrum of the jth variable in correspondence with a

specific frequency ω ∈ (−π, π):

θjk(ω) =
σ−1kk [(Ψ(e−iω)Σ)jk]

2

(Ψ(e−iω)ΣΨ′(e+iω))jj
=

σ−1kk

∑∞
h=0(Ψ(e−iωh)Σ)2jk∑∞

h=0(Ψ(e−iωh)ΣΨ′(e+iωh))jj
(8)

where h, Σ, and σjj have the same meanings described in Equation 2. Element θjk(ω)

represents the within-frequency causation for a given value ω.

Coherently with the analysis on the time domain, θjk(ω) is row-normalized for the K com-

modities in the system as follows:

θ̃jk(ω) =
θjk(ω)∑K
k=1 θjk(ω)

(9)
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Frequency bands of specific interest can be obtained by integration. In this way, by calcu-

lating the cumulative connectedness over a frequency band d = (a, b) : a, b ∈ (−π, π) and a < b,

we can estimate the short- and long-term connectedness as:

θ̃jk(d) =

∫ b

a

θ̃jk(ω)dω (10)

Finally, the within connectedness on band d is:

WC(d) =

(
1− Tr{θ̃jk(d)}∑K

j,k=1 θ̃jk(d)

)
· 100 (11)

where Tr{·} constitutes the trace of the variance decomposition matrix.

Alternative frequency bands d can contribute differently to the overall system connectedness.

In particular, the weight of a given frequency band d to the aggregate spillover is:

Γ(d) =

∑K
j,k=1 θ̃jk(d)∑K
j,k=1 θ̃jk(∞)

=
1

K

K∑
j,k=1

θ̃jk(d) (12)

Therefore, we can compute the frequency connectedness representing the contribution of

the frequency band d to the overall system connectedness as:

FC(d) = WC(d) · Γ(d) =
∑K

j,k=1 θ̃jk(d)− Tr{θ̃jk(d)}∑K
j,k=1 θ̃jk(∞)

· 100 (13)

Overall, the sum of the FC(d) over disjointed bands covering the whole frequency spectrum

is equal to the total spillover measure proposed by DY. Even for BK’s approach, we define

similar directional measures of connectedness:

FDCj←•(d) =
K∑

k=1,k ̸=j

θ̃jk(d) ·
∑K

j,k=1 θ̃jk(d)∑K
j,k=1 θ̃jk(∞)

· 100 (14)

FDC•←j(d) =
K∑

k=1,k ̸=j

θ̃kj(d) ·
∑K

j,k=1 θ̃kj(d)∑K
j,k=1 θ̃kj(∞)

· 100 (15)

Consequently, the net frequency connectedness is NFCj(d) = FDC•←j(d)− FDCj←•(d).

To estimate the parameters required by the approaches of Diebold and Yilmaz (2012, 2014)

and Baruńık and Křehĺık (2018), we first set the order P of the VAR equal to the value which
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minimizes the Schwarz information criterion (SIC), as done by Yuan and Yang (2020), Ferrer

et al. (2021), and Naeem et al. (2021). Precisely, we set P = 1. Second, we use 10-day (H = 10)

and 100-day (H = 100) ahead forecast errors for the time and frequency domains, respectively,

as in Diebold and Yilmaz (2012) and Baruńık and Křehĺık (2018). Third, for the static analysis

in the frequency domain, we divide the time horizon into the short-term (d1 ∈ [0, 5] days) and

the long-term (d2 ∈ (5,+∞) days), following Nasreen et al. (2020), Yuan and Yang (2020),

and Naeem et al. (2021). Lastly, for the dynamic analysis in the time and frequency domains,

we consider a rolling window of 200 days (w = 200) in line with Diebold and Yilmaz (2012),

Baruńık and Křehĺık (2018), Yuan and Yang (2020), and Ferrer et al. (2021).

Section 5.5 assesses the robustness of our choices on the hyperparameters required for the

Diebold and Yilmaz (2012, 2014)’s dynamic analysis. In Section 5.5.1, we exhibit our main

results in case we set the order P of the VAR equal to the value that minimizes the Hannan-

Quinn (HQ, P = 1) and Akaike (AIC, P = 5) information criteria. In Section 5.5.2, we halve

(H = 5) and double (H = 20) the number of steps ahead. In Section 5.5.3, we decrease

(w = 150) and increase (w = 250) the rolling window length by 50 days.

3.2.2 Transmission behavior over a wide range of frequency bands

We enrich the framework proposed by Baruńık and Křehĺık (2018) by studying the net direc-

tional connectedness of our system of commodities over a wide set of frequency values to assess

if the transmission behavior of a specific commodity is stable or significantly affected by the

considered spectrum bands.

First, we identify the frequency band b that maximizes (in absolute value) the net directional

connectedness of each commodity k over a spectrum covering all bands from 0-1 to 0-20 days

by adding 1 day one by one (e.g., b = [0, 1], b = [0, 2], b = [0, 3], ..., b = [0, 20]). Since net

connectedness over a frequency band b is equal to the sum of the net connectedness in all sub-

bands sub− b which cover the underlying spectrum b (e.g., NFC(b = [0, 3]) = NFC(sub− b =

[0, 1])+NFC(sub−b = [1, 2])+NFC(sub−b = [2, 3])), this analysis provides information about

the stability of the commodities in the spillover behavior as either transmitters or receivers over

the different sub-bands of 1 day. Indeed, stable net transmitters or receivers tend to show the

same sign of their net connectedness measured over the different sub-bands.
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We assess the stability in the frequency maximizing net connectedness across different fre-

quency bands b through the following dispersion indicator:

Frequency dispersionk,b =

∑T
t=1 (freqmax,k,t,b − freqmax,k,b)

2

T
(16)

where freqmax,k,t,b is the frequency maximizing net connectedness of commodity k at a cer-

tain date t, across frequency bands b, T is the total number of observed days, and freqmax,k,b =∑T
t=1 freqmax,k,t,b

T
.

As a second step, we analyze the frequency maximizing net connectedness for each commod-

ity by considering the inter-day variation in net connectedness for spectral sub-bands, ranging

from 0 to 20 days (e.g., sub− b = [0, 1], sub− b = [1, 2], sub− b = [2, 3], ..., sub− b = [19, 20]).

By covering all sub-periods of 1 day in the range of 1-20 days, this analysis complements our

previous indicators introduced in Equation 16 since it enables us to assess the market efficiency

in terms of the time required to absorb the largest portion of spillovers. In particular, we sum-

marize the variation in the frequency maximizing net connectedness across different sub-bands

sub− b through the following dispersion indicator:

Frequency dispersionk,sub−b =

∑T
t=1 (freqmax,k,t,sub−b − freqmax,k,sub−b)

2

T
(17)

where freqmax,k,t,sub−b is the frequency maximizing net connectedness of commodity k at a

certain date t, across frequency sub-bands sub− b, and freqmax,k,sub−b =
∑T

t=1 freqmax,k,t,sub−b

T
.

Lastly, we compute the variability of the net connectedness across different sub-bands:

NFC dispersionk,sub−b =

∑T
t=1

∑
sub−b(NFCt,sub−b −NFCt)

2

T · F
(18)

where NFCt,sub−b is the net frequency connectedness computed at time t and sub-band

sub− b, NFCt =
∑

sub−b NFCt,sub−b

F
, and F the overall number of sub-bands.

3.3 Quantile Connectedness

Connectedness introduced in Sections 3.1-3.2 provides information on spillovers generated at

the mean of the conditional distribution of commodities’ returns Yt|Yt−1, Yt−2, ..., Yt−p. Such

measures are thus based on the assumption that the relationships observed in correspondence
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with the conditional mean can be generalized to the entire conditional distribution.

This assumption may not hold, especially during extreme market phases, as evidenced in

several studies (see, e.g., Saeed et al. (2021), Ando et al. (2022), Chen et al. (2022), Chatzianto-

niou et al. (2022)). For this reason, we rely on the method introduced by Ando et al. (2022), who

propose a quantile connectedness measure to assess connectedness at the tails of the conditional

distribution. The quantile connectedness allows us to disentangle the idiosyncratic components

of the error process from the systematic component. This approach accurately captures the

value of spillovers in correspondence with extreme occurrences, potentially asymmetric and

different from the mean or median relationships.

To do so, we first estimate the following quantile VAR (QVAR):

Yt = µ(τ) +
P∑
i=1

Φi(τ)Yt−i + ϵt(τ) (19)

with τ representing the quantile, µ aK×1 conditional mean vector, and the other quantities

in line with Equation 1. Exploiting the Wold’s Theorem, we transform the QVAR(P ) into its

QVMA (∞): Yt = µ(τ) +
∑P

i=1 Φi(τ)Yt−i + ϵt(τ) = µ(τ) +
∑∞

j=o Ψj(τ)ϵt−j. Finally, we define

analog measures of connectedness as those introduced in sections 3.1-3.2.

This framework distinguishes the impacts of rare events from those associated with business-

as-usual scenarios. Moreover, it enables us to detect whether time-varying connectedness

changes asymmetrically across the upper and lower tails of the shock distribution. This means

that large positive or negative idiosyncratic shocks might generate heterogeneous levels of con-

nectedness. We also decompose quantile connectedness into the short-term and long-term

components by relying on Chatziantoniou et al. (2022)’s method, enabling us to detect which

between the two prevails in magnitude.

4 Data description

4.1 Energy commodities system

We collect the daily closing prices of eight energy commodities from Thompson Reuters Eikon.

The sample comprises 2,925 observations, beginning on December 17, 2012, and ending on
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March 1, 2024. Specific futures contracts are listed in Table A1 in Appendix A.4

To facilitate the interpretation of the transmission channels, we opt to label those com-

modities more likely to be placed at the top of the energy production system as the upstream

commodities while defining the others as downstream commodities. The former are raw mate-

rials and include Brent oil, natural gas, and coal. In contrast, the latter are relevant derivatives

and are composed of gasoline, heating oil, propane, and ethanol.

Our system aims to provide a representative overview of key energy commodities signifi-

cantly contributing to satisfying European energy production and consumption patterns. In-

deed, as of 2020, oil and petroleum products (e.g., gasoline and heating oil), natural gas, and

solid fossil fuels (i.e., coal) accounted for approximately 70% of the gross available energy in the

EU. Moreover, such commodities play a key role in the overall energy consumption regarding

final usage. In 2020, they covered about 60% of total consumption, with oil and petroleum

products, and natural gas constituting the leading fuel sources with 35% and 22%, respectively.5

Our upstream commodities are widely employed in energy production as oil, gas, and coal

account for portions equal to around 34%, 24%, and 12%, respectively. Consistently, our

downstream commodities are widely representative of derivatives obtained from upstream raw

materials. Specifically, about 49% of a typical barrel of crude oil is refined into gasoline, whereas

26% is turned into distillate fuel oil (heating oil and diesel fuel).6

Additionally, including coal and gasoline in our system allows us to account for production

linkages with ethanol. Indeed, despite being mainly obtained from agricultural commodities,

such as corn (50.4%), wheat (21.8%), sugar (14.5%), and other cereals and starch-rich crops

(3%),7 ethanol might also be extracted from coal (Li and Cheng, 2020, Liu et al., 2022). More-

over, gasoline is linked with ethanol since up to 5% (10%) of E5 (E10) fuel8 contains some

4When available, our data refer to the futures price of commodities listed on a European exchange (e.g.,
Brent oil) instead of those quoted on an extra-EU financial market (e.g., WTI).

5Information related to fuels contribution in terms of gross available energy and final energy consumption
in Europe is available at the following link: https://ec.europa.eu/eurostat/statistics-explained/ind
ex.php?title=Energy_statistics_-_an_overview

6We are forced to exclude diesel fuel due to unavailable data. Additionally, our analysis does not comprehend
other minor crude oil derivatives, such as kerosene-type jet fuel, petroleum coke, still gas, hydrocarbon gas
liquids, asphalt and road oil, petrochemical feedstocks, residual fuel oil, and lubricants and other products,
which, however, account for less relevant percentages of crude oil production (8%, 4%, 3%, 3%, 2%, 1%, 1%,
1%, and 1%, respectively) (source: https://www.eia.gov/energyexplained/oil-and-petroleum-product
s/refining-crude-oil-inputs-and-outputs.php).

7Source: https://www.epure.org/wp-content/uploads/2022/09/220905-DEF-PR-ePURE-Key-figures
-2021-1.pdf.

8The E10 petrol was introduced in the EU by a European Fuel Quality Directive (DIRECTIVE 2009/30/EC)
starting from 2011 (Source: https://eur-lex.europa.eu/eli/dir/2009/30/oj). However, the EU required

16

https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Energy_statistics_-_an_overview
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Energy_statistics_-_an_overview
https://www.eia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.php
https://www.eia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.php
https://www.epure.org/wp-content/uploads/2022/09/220905-DEF-PR-ePURE-Key-figures-2021-1.pdf
https://www.epure.org/wp-content/uploads/2022/09/220905-DEF-PR-ePURE-Key-figures-2021-1.pdf
https://eur-lex.europa.eu/eli/dir/2009/30/oj


ethanol as a biofuel additive.9 Lastly, we include propane since it is a widely employed lower-

emission alternative transport fuel and is a relevant derivative obtained from both oil and gas

(in comparable proportions).10 Indeed, propane can be supplied from the oil refinery or based

on the recovery of liquid components of natural gas, such as butane and ethane, as well as

heavier hydrocarbons.

Due to the relevance of energy-related emissions in the acceleration of climate change and

natural disasters, in 2005, the European Commission (EC) introduced the EU ETS, constituting

the world’s largest carbon trading market covering the most relevant energy-intensive industries

that account for around 40% of EU greenhouse gas emissions (European Commission, 2022).11

In this context, a European Union Allowance is a tradable certificate that allows the emission

of one metric tonne of carbon dioxide and can be traded in financial markets among EU ETS

participants to promote cost-effective carbon abatement targets (Ellerman et al., 2016).

For example, the differential between coal and gas prices (or the associated dark/spark

spreads) represents a short-term driver for power producers to switch from coal to natural gas

as the main fuel feedstock (Mansanet-Bataller et al. 2011, Fleschutz et al. 2021). Consequently,

relevant connectedness emerges between energy fossil fuels and carbon price (Ren et al., 2024),

with important implications for the proper balance between economic growth and environmental

conservation (Ji et al., 2018, Wang and Guo, 2018, Tan et al., 2020). For such reasons, we also

add the EUA price to our system of commodities.

Section 5.5.4 assesses the robustness of the total connectedness index computed on our

energy commodity system by alternatively excluding either EUA or ethanol plus propane.

4.2 Descriptive statistics of the energy commodities system

From the daily closing prices Pt at t, we compute the natural logarithmic returns, which are

plotted in Figure 2, as rt = ln (Pt) − ln (Pt−1).
12 Table 1 shows descriptive statistics for the

that its member states continue to ensure that sufficient volumes of today’s petrol are accessible for vehicles
that are only compatible with the usage of E5 petrol.

9Source: https://www.eni.com/en_FR/products-services/fuels/petrol/super-95-E10/super-95-E
10.shtml

10Source: https://afdc.energy.gov/fuels/propane_production.html.
11In 2019, around 75% of total GHG emissions in the EU were generated by energy production (European

Environment Agency, 2019).
12We consider prices in euros to avoid possible biases related to currency appreciation or depreciation when

computing returns.

17

https://www.eni.com/en_FR/products-services/fuels/petrol/super-95-E10/super-95-E10.shtml
https://www.eni.com/en_FR/products-services/fuels/petrol/super-95-E10/super-95-E10.shtml
https://afdc.energy.gov/fuels/propane_production.html


entire sample period.

As a general result, we find that commodities have, on average, a null daily performance,

with a significant standard deviation (on average, around 2.8%). All commodities, except

natural gas, appear to be left-skewed. This means that most observations are above the mean,

while long left tails with negative returns may result from the strong downturn of commodity

prices in correspondence with the global commodity markets crisis of 2014-2015 and the start of

the COVID-19 pandemic. On the other hand, the right-skewness of natural gas may be due to

the significant increase in the price of this commodity after the start of the Russia-Ukraine war.

Furthermore, the kurtosis is greater than three, meaning a leptokurtic distribution, typical for

financial assets, characterizes the analyzed commodities.

We reject the null hypothesis of normal distribution (Shapiro-Wilk and Jarque-Bera tests)

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 our system of commodities

since we reject the null hypothesis at the 1% significance level. Lastly, for all time series

except Brent and heating oil, the Ljung-Box Q rejects the null hypothesis at the 1% level

for up to the 5th order serial correlation, evidencing significant serial autocorrelations in the

returns. Compared to the other energy commodities, we notice slightly lower evidence of serial

autocorrelation for up to the 20th order for heating oil as the null is rejected with a 95%

confidence.

Figure 2: Commodity daily log-returns.
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Commodity mean median std.dev skewness kurtosis SW JB ADF PP LB (5) LB (20)

Brent Oil 0.000 0.000 0.024 −0.922 17.789 0.883*** 38,969.950*** −14.336*** −2,875.802*** 1.271 45.782***

Coal 0.000 0.000 0.026 −2.658 96.233 0.594*** 1,131,724.000*** −14.227*** −2,902.438*** 60.364*** 97.054***

Ethanol 0.000 0.000 0.022 −4.466 53.003 0.607*** 351,992.200*** −13.296*** −2,695.346*** 27.966*** 47.279***

EUA 0.001 0.000 0.032 −1.003 16.359 0.910*** 33,093.060*** −15.223*** −2,903.443*** 15.476*** 63.160***

Gasoline 0.000 0.001 0.028 −1.186 28.547 0.836*** 99,967.490*** −13.801*** −3,105.279*** 15.265*** 96.494***

Heating Oil 0.000 0.000 0.024 −1.112 16.143 0.881*** 32,350.580*** −14.245*** −2,849.948*** 7.474 35.891**

Natural Gas 0.000 0.000 0.044 0.881 15.541 0.817*** 29,802.990*** −13.848*** −2,887.041*** 24.717*** 61.809***

Propane 0.000 0.000 0.021 −2.549 50.444 0.688*** 313,183.400*** −12.570*** −2,801.856*** 20.058*** 39.949***

Table 1: Descriptive statistics of time series. SW and JB columns report the statistics of the Shapiro and Wilk (1965) and
Jarque and Bera (1980) tests for the null hypothesis of Gaussian distribution, respectively. ADF and PP denote the statistics of
the Augmented Dickey and Fuller (1979) and Phillips and Perron (1988) unit root tests, respectively. LB (l) is the Ljung and Box
(1978) p-value for up to the lth order serial correlation.
∗p<0.10; ∗∗p<0.05; ∗∗∗p<0.01

5 Empirical results

5.1 Static analysis

We explore the shock transmission mechanisms by exploiting the spillover framework introduced

in Sections 3.1-3.2 on the representative system of energy commodities described in Section 4.1.

Figure 3: Net spillovers in the time domain. In the left bar plot, upstream commodities are colored yellow and downstream
are violet. Downstream commodities do not include EUA. In the right bar plot, net transmitters are colored green and net receivers
red.

We first analyze the aggregate groups of upstream and downstream commodities. Upstream

commodities behave as net transmitters with an aggregate net connectedness of 0.81 (see the
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left panel in Figure 3 and Table 2). However, this results from heterogeneous dynamics between

the different raw materials of our systems (see the right panel in Figure 3 and Table 2). Indeed,

Brent oil is the leading net transmitter with a net connectedness of about 1.46, whereas natural

gas (−0.28) and coal (−0.37) behave as net receivers. We find instead that, in the aggregate,

downstream commodities are slightly net receivers (−0.28). Nonetheless, oil derivatives such

as gasoline (0.30) and heating oil (0.98) behave as net transmitters, whereas propane (−1.13)

and ethanol (−0.43) are characterized by negative values of net connectedness, constituting

two major net receivers.

Commodity Short-Term Net Connectedness Long-term Net Connectedness Total Net Connectedness

Upstream 0.783 0.024 0.807

Downstream -0.249 -0.028 -0.277

Brent Oil 1.282 0.178 1.460

Coal -0.232 -0.140 -0.372

Ethanol -0.250 -0.176 -0.427

EUA -0.534 0.004 -0.530

Gasoline 0.122 0.175 0.297

Heating Oil 0.794 0.190 0.984

Natural Gas -0.267 -0.015 -0.281

Propane -0.915 -0.217 -1.131

Table 2: Commodities’ net connectedness in the time and frequency domains. Short- and long-term spillovers are
computed by using Baruńık and Křehĺık (2018)’s method. Downstream commodities do not include EUA.

These results corroborate extant evidence on the core position of oil in the whole commodity

markets (Ji and Fan, 2012) and pointing to oil and its derivatives as main transmitters of return

and volatility spillovers (Tan et al., 2020, Iqbal et al., 2022, Tiwari et al., 2022). For instance,

Kayani et al. (2024) find that Brent oil is the leading net transmitter in a system including

WTI, gasoline, heating oil, carbon emissions, and natural gas. Conversely, all other commodities

behave as net receivers. Such findings are consistent with existing literature on coal (Ji et al.,

2018, Ding et al., 2022). However, this result differs from previous findings, where natural gas

mainly acts as a transmitter of shocks on a more extensive commodities system, also including

metals and agricultural indices (Rehman and Vo, 2021, Wang et al., 2022).
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We finally observe that EUA (−0.53) absorbs shocks from other commodities.13 Wang and

Guo (2018) also prove that the carbon market plays the role of a receiver in return spillovers

within a system composed of EUA, WTI oil, Brent oil, and natural gas markets. Analogously,

Ji et al. (2019) confirm that carbon price is a net spillover recipient from returns of power

sector companies. The net receiver behavior of EUA in energy commodity systems may have

important economic implications for the functioning of the EU ETS as previous studies demon-

strated the significant influence of carbon price on the trend of companies’ carbon abatement

and environmental innovation (Lin and Jia, 2019, Adamolekun, 2024). Moreover, our findings

fuel the theoretical and empirical discussion on the drivers impacting EUA (Alberola et al.,

2008, Bredin and Muckley, 2011, Creti et al., 2012, Lutz et al., 2013, Bai and Okullo, 2023),

including energy and commodity prices (Keppler and Mansanet-Bataller, 2010, Ji et al., 2018),

fundamentals (Lovcha et al., 2022), weather conditions (Eslahi and Mazza, 2023), as well as

speculation and price bubbles in correspondence with energy announcements (Creti and Joëts,

2017, Hartvig et al., 2023).

These roles are confirmed mainly even when focusing on the short- and long-term net

connectedness, with the former displaying a much more relevant impact (see first and second

columns of Table 2). Nevertheless, we find a few noteworthy differences between the time

and frequency domain analyses. In the long-term, EUA is characterized by a slightly positive

net connectedness (around 0.004). Interestingly, gasoline is the only commodity whose net

connectedness (in absolute value) is larger in the long-term than in the short-term. In contrast,

all other commodities experience a significant drop in the connectedness level. Křehĺık and

Baruńık (2017) also evidence the dominance of long-term spillovers with respect to gasoline in

the period 2009-2011.

Notably, the spillover analysis shows that, although the upstream group of commodities

behaves like a transmitter, significant differences emerge, with oil dominating the transmission

channels while coal and natural gas act as receivers. Similarly, although, on average, the down-

stream group is a weak receiver of spillovers, it still has some relevant transmitter commodities,

thus revealing heterogeneous patterns within it. To further investigate how such system-wide

roles emerge from bilateral transmission channels, particularly those related to links between

raw materials and the corresponding downstream demand, we report the pairwise relationships

13Given the peculiarity of EUA, we do not include it in the downstream group.

21



Commodities Short-Term Long-Term Total
Pairwise Connectedness Pairwise Connectedness Pairwise Connectedness

Upstream-Downstream −0.500 −0.037 −0.537
Propane-Heating Oil 0.259 0.086 0.345
Coal-Heating Oil 0.136 0.077 0.213
Natural Gas-Heating Oil 0.179 0.001 0.180
Gasoline-Heating Oil 0.173 -0.020 0.153
Ethanol-Gasoline 0.082 0.070 0.152
EUA-Gasoline 0.143 0.004 0.146
Ethanol-Heating Oil 0.078 0.038 0.116
EUA-Heating Oil 0.107 0.007 0.114
Coal-Brent Oil 0.093 0.020 0.113
Coal-Gasoline 0.062 0.026 0.087
Natural Gas-Gasoline 0.053 0.007 0.060
Ethanol-Propane 0.026 0.008 0.033
Coal-Natural Gas -0.014 0.045 0.032
Natural Gas-Propane -0.004 0.029 0.024
EUA-Ethanol 0.002 0.000 0.002
EUA-Propane -0.001 -0.001 -0.002
Natural Gas-Ethanol 0.006 -0.008 -0.002
Coal-Propane 0.005 -0.014 -0.008
Coal-Ethanol -0.004 -0.015 -0.019
Coal-EUA -0.046 0.001 -0.045
Natural Gas-EUA -0.080 0.018 -0.061
Brent Oil-Ethanol -0.068 -0.038 -0.106
Brent Oil-Natural Gas -0.099 -0.012 -0.112
Brent Oil-Heating Oil -0.138 0.001 -0.138
Brent Oil-EUA -0.158 -0.005 -0.163
Brent Oil-Gasoline -0.305 0.011 -0.293
Gasoline-Propane -0.260 -0.038 -0.298
Brent Oil-Propane -0.421 -0.114 -0.535

Table 3: Pairwise connectedness across commodities. Short- and long-term spillovers are computed by using Baruńık and
Křehĺık (2018)’s method. Each number represents spillovers generated from the commodity on the right to the commodity on the
left. Hence, a negative sign suggests that the second commodity is a net receiver from the first and, vice versa, a positive sign
indicates a net transmitter. Upstream-downstream pairwise connectedness is calculated by summing up pairwise spillovers between
upstream (on the left) and downstream (on the right) commodities (we do not consider spillovers including EUA or between pairs
of commodities that are both upstream or downstream). Pairs in the table are in decreasing order with respect to the magnitude
of the total pairwise connectedness.

in Table 3.

Table 3 corroborates that downstream commodities are, in general, net receivers of connect-

edness at the aggregate level (−0.54) as well as in the short- (−0.50) and long-term (−0.04).

The highest pairwise spillovers occur between Brent oil and propane (−0.54), Propane-heating

oil (0.35), gasoline-propane (−0.30), and Brent oil-gasoline (−0.29), thus suggesting significant

spillovers even among commodities not directly related in a supply chain and even between

commodities on the same upstream/downstream level. For EUA, we find that its lowest con-

nectedness in absolute value is with commodities referring to propane and ethanol. In contrast,

stronger links are observed with Brent oil, heating oil, gasoline, and coal. These findings

align with previous research that found a higher dependence of EUA with crude oil and coal

(Chevallier, 2009, Ortas and Álvarez, 2016, Uddin et al., 2018). The high spillovers have rel-

evant implications for the structure of alternative energy-related supply chains since energy
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costs and fuel prices are key drivers of the optimal energy mix (Thangavelu et al., 2015, Deng

and Lv, 2020). In particular, the stability of the transmission behavior and the volatility of

connectedness of the analyzed commodities should be taken into account for cost-effective and

low-emissions energy planning activities (Vidal-Amaro et al., 2015, Wierzbowski et al., 2016).

These findings are substantially confirmed in the short- (Figure B1 in Appendix B) and

long-run (Figure B2 in Appendix B), with the former prevailing over the latter: around 81%

of total spillovers are generated in the short-run. The literature highlights that spillovers are

primarily generated by short-term factors (Bondia et al., 2016, Reboredo et al., 2017, Chen

et al., 2022, Zheng et al., 2023). The heterogeneity in the size of spillovers across different

frequencies has relevant implications for market participants with distinct investment time

horizons. Indeed, traders, brokers, and speculators characterized by short-term investments

may exploit short-term connectedness to optimize their portfolio strategy. Conversely, financial

actors with potentially longer investment perspectives, such as institutional investors, may

consider that financial market dynamics are mainly affected by their own fundamentals in the

long term, with a lower incidence of spillovers (Ferrer et al., 2018, Cui et al., 2021).

5.2 Dynamic analysis: the impact of crisis episodes on the system’s

connectedness

Section 5.1 refers to a static spillover analysis that may hide relevant variations in the tempo-

ral dimension. To further investigate how stable commodities are in receiving or transmitting

spillovers, we discuss the dynamic evolution of connectedness in relation to significant events

occurring in the system, which are summarized in Table C1 (Appendix C). Figure 4 confirms

that the short-term component is the primary driver of net connectedness. Moreover, it out-

lines that the magnitude of spillovers is highly event-dependent (Dong et al., 2024), with the

system’s total connectedness typically rising after major crisis episodes (Feng et al., 2023). For

instance, between June 2014 and February 2015, a series of industry-specific, macroeconomic,

and financial events led to a 38% decline in global commodity prices. During this period, the

system’s total connectedness increased by 32%, with short-term growth of 23% and long-term

growth of 79%. Consistent with these findings, Balli et al. (2019) report an increase in total con-

nectedness within their commodity system during the 2014 oil price collapse, while Wen et al.
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(2021) observe a similar trend from 2014 to 2016, noting a significant rise in the total spillover

index associated with the Chinese stock market crash. In contrast, the 2015 Paris Agreement

does not appear to have caused noticeable spikes in the system’s total connectedness.

Figure 4: System’s total connectedness. The results are based on a VAR model with a 200-day rolling window size, a lag
length of order one (SIC), and a 10-step-ahead (100-step-ahead) generalized forecast error variance decomposition for the time
(frequency) domain. The dashed vertical lines are drawn in correspondence with the most relevant events, directly or indirectly
linked to the energy sector, which have occurred over the decade, as shown in Table C1.

Additionally, Figure 5 suggests that, over time, the upstream commodities tend to be char-

acterized by higher levels of net connectedness with respect to downstream. Indeed, in 73.28% of

daily observations, raw materials display larger net spillovers in absolute value than derivatives.

Moreover, upstream commodities mostly behave as net transmitters, whereas downstream are

mainly net receivers, although they frequently change their transmission behavior.

During major crisis events, the level of connectedness is strongly affected in magnitude. For

instance, the net spillovers of derivatives sharply collapsed at the end of February 2014 after the

Russian intervention in Crimea, when they became net receivers. Meanwhile, the net spillovers

of raw materials increased by 53.72% in just one week. By contrast, the net connectedness

of downstream peaked at around 0.60 in December 2014, following the great oil price bust of

2014. In this case, the connectedness of upstream commodities sharply dropped to around

−0.56. The Brexit referendum may have contributed to amplifying commodities’ transmission

behavior. Indeed, the net spillovers of raw materials more than doubled between June and

September 2016, while the net connectedness of derivatives collapsed.

At the end of 2018, American crude oil production grew more rapidly than anticipated,

resulting in a crude oil surplus, stagnant demand expectations, and geopolitical instability in
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Figure 5: Net connectedness in the time domain (Upstream vs. Downstream). The results are based on a VAR
model with a 200-day rolling window size, a lag length of order one (SIC), and a 10-step-ahead generalized forecast error variance
decomposition.

the energy sector. As a result, total connectedness peaked at 42.88 in December 2018, after

hitting a low of 31.37 in May. During the same period, net spillovers of downstream commodities

rose from −0.53 to 0.29, while the net connectedness of upstream commodities decreased by

approximately 59.36%. These findings align with the analysis by Akyildirim et al. (2022), which

reports an increase in total connectedness in a system of agricultural commodities during the

Sino-American trade war.

Notice how downstream commodities maintained a net transmitting behavior for 287 trading

days (between April 2020 and May 2021). This may result from the contraction in real global

economic activity during the first phase of the pandemic. We confirm the results by Costola and

Lorusso (2022) and Tiwari et al. (2022) in relation to the connectedness of energy markets during

the COVID-19 pandemic: after an initial spike in March 2020, the system’s total connectedness

slowly but steadily decreased in the following months. For instance, from March 18, 2020, to

December 24, 2020, the system’s connectedness fell from 47.35 to 33.64.

Moreover, upstream and downstream commodities inverted their usual shock transmission

behavior during the healthcare emergency. As an example, net spillovers of upstream shrank

from 1.95 to −0.29 in just one month (March-April 2020), assuming negative values for the

following twelve months until April 2021. Our findings are reasonable and justified by the
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deep contraction in the demand for raw materials (especially crude oil) and the storage issues

experienced during the first lockdown. On the other hand, net spillovers of downstream com-

modities remained higher than upstream’s during the first year of the healthcare emergency.

Further, on November 1, 2021, we observed a significant positive spike in the net connectedness

of upstream commodities, coinciding with China’s announcement to increase coal production,

which helped lower power prices across Europe.14 Our findings are consistent with existing

literature. For example, Iqbal et al. (2022) demonstrate that heating oil acted as a net receiver

during some brief periods of the pandemic, although it primarily served as a net transmitter.

Similarly, Corbet et al. (2021) find that crude oil exhibited unstable transmission behavior in

April 2020. Additionally, Wang et al. (2022) highlight that, following the pandemic outbreak,

crude oil shifted from positive to negative net connectedness in a system encompassing energy,

agricultural commodities, and metals.

At the onset of the Russia-Ukraine war, we observed a notable rise in connectedness. Start-

ing on February 24, 2022, the system’s total spillovers grew by 13% in just one week. Our

findings are consistent with those of Kayani et al. (2024), who report significant total spillovers

in energy commodities at the beginning of the conflict, with a peak value of 83.33 compared to

an average of 36.63. Similarly, Jiang and Chen (2022) argue that overall connectedness among

seven representative sectoral commodity futures indices became more pronounced after the war

began, increasing from 23.50 to 41.81. Additionally, Wang et al. (2022) provide evidence that

the total volatility spillover index for commodities rose from 35 before the war to 85 by late

March 2022. Finally, Polat et al. (2024) find that total connectedness between agricultural and

energy commodities peaked in April 2022, shortly after the conflict began. This increase in

connectedness appears persistent, with the total spillover index up by about 60% at the end of

October 2022 compared to the pre-war period.

After the Russia-Ukraine war, several events hit natural gas prices, impacting commodities’

transmission behavior. Indeed, the net connectedness of upstream commodities dropped from

1.08 on January 3, 2022, to −0.52 approximately a month after the beginning of the Russia-

Ukraine war. On the other hand, the spillovers of derivatives sharply rose in the same period

from −0.11 to 0.87. Interestingly, following Gazprom’s decision to close the Nord Stream I

14https://www.bloomberg.com/news/articles/2021-11-01/european-coal-price-drops-below-100

-as-china-boosts-output
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pipeline, the upstream spillovers peaked at around 0.41, and the downstream dropped at −0.10.

Conversely, we observe an opposite pattern after the decision of OPEC+ to cut oil production

by two million barrels per day in October 2022 and the introduction of a cap on the natural

gas prices in the EU to reduce the volatility created by Russia in the gas market. Indeed,

downstream commodities reached an all-time high of 2.52 in our sample, and the spillovers

generated by upstream commodities assumed values even lower than those observed in the first

phase of the pandemic (−2.93). Lastly, we observe a 13% increase in total spillovers in the first

two months after the breakout of the Israeli-Palestinian conflict, mainly driven by upstream

commodities. Our result complements the limited research pointing out how such a conflict has

greatly intensified the spillovers across financial and commodity markets (Cui and Maghyereh,

2024, Lin et al., 2024).

Overall, the study highlights the significant impact of external events on market dynamics,

contributing to a broader understanding of how economic and geopolitical crises influence energy

markets. A pertinent example is the outbreak of the Russia-Ukraine war, which drove wholesale

electricity prices in European markets to record highs in 2022, causing severe production imbal-

ances (European Commission, 2023). The European Power Benchmark averaged €230/MWh,

marking a 121% increase compared to 2021, with an unprecedented peak in August. This surge

led to significant increases in energy prices and heightened uncertainty regarding supply. This

was due to the fact that the EU enacted a ban on the import of Russian coal and oil (with some

limited exceptions) and introduced a price cap on Russian crude oil and petroleum products.

Consequently, the share of renewables in the energy mix rose to 39%, and installed renewable

capacity grew by 16% in 2022 compared to the previous year. Notably, despite EUA prices

rising to €80/tCO2 in 2022, these levels were insufficient to drive a shift from coal to gas in

power generation due to persistently high gas prices throughout most of the year. Although

natural gas was not directly sanctioned, Russia significantly reduced its exports to EU markets.

In response, the EU implemented a temporary market correction mechanism to potentially cap

gas prices. To bolster its energy security, the EU launched the REPowerEU plan in May 2022.

This plan complemented national and collective policy decisions by establishing a comprehen-

sive EU-level framework, focusing on diversifying supply sources, reducing demand, enhancing

energy efficiency, and increasing renewable energy production.15

15Source: https://www.europarl.europa.eu/RegData/etudes/BRIE/2023/739362/EPRS_BRI(2023)739
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Such insights are critical for developing theories related to global market stability and crisis

management. Specifically, our dynamic analysis suggests that crisis episodes affecting the

energy sector raise the system’s total connectedness, whereas events not directly connected

with this sector (e.g., the COVID-19 pandemic) reduce spillovers. Notice how the pandemic

and the war in Ukraine generate high heterogeneity in upstream and downstream commodities’

spillover propagation behavior, which may shift from net transmitters to receivers and vice versa

in short sub-periods. By contrast, during several other events in our sample, commodities on

the same side of the supply chain keep stable their role of net transmitters or net receivers

with respect to previous business-as-usual scenarios (Balli et al., 2019, Akyildirim et al., 2022,

Wang et al., 2022). Consistent patterns are observed in the short-term analysis (see Figure C1

in Appendix C), whereas more pronounced variations occur in the long-term net connectedness

(see Figure C2 in Appendix C). Understanding how upstream and downstream commodities

transmit or receive shocks helps optimize supply chain strategies, especially during periods of

instability. This is particularly relevant for energy planning and maintaining a balanced energy

mix to minimize costs and ensure reliability. The inversion of usual transmission behaviors

during events such as the COVID-19 pandemic underscores the necessity for flexibility and

adaptability in supply chain management.

5.3 Frequency analysis

To further investigate the role of upstream and downstream commodities in the transmission

channels, we propose to study the system’s connectedness along different frequency values,

highlighting the spectral band that generates the maximum value of spillover propagation.

As a first step, we compute the dispersion of the frequency band that maximizes the net

connectedness of each commodity over a wide spectrum ranging from 0 to 20 days, as shown

in Equation 16 of Section 3.2.2. We highlight that upstream commodities reached maximum

net connectedness for a higher frequency band (0.55) than downstream (0.47), corresponding

to about 6 ( π
0.55

) and 7 ( π
0.47

) days (see Table 4). Such a result might be due to the hetero-

geneity in the mean maximum frequency band of raw materials, with Brent oil displaying the

highest value (9 days) with respect to natural gas and coal (around 5 days) (see Table 4).

362_EN.pdf.
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Indeed, upstream commodities experience higher frequency dispersion (0.29) than downstream

commodities (0.22). Several episodes that have hit upstream commodities over 2012-2024, as

discussed in Section 5.2, may justify these findings.

In addition, we highlight a strong homogeneity in the frequency sub-bands of 1 day that

lead to maximum spillovers. We notice that most of the shocks are absorbed within the first

two days, regardless of the transmission behavior of commodities (1.51 for upstream and 1.48

for downstream), which is in line with the efficient market hypothesis. The occurrence of a

shock to an asset price or return may heighten the likelihood of subsequent shocks leading to

phases of market instability (Spelta et al., 2020, 2021). For example, the market response of

several different asset classes to an initial shock often exhibits a power-law decay (Lillo and

Mantegna, 2003, Sornette, 2009), where shocks are quickly absorbed over time. This pattern

is evident even during significant events such as Brexit or the COVID-19 pandemic (De Giuli

et al., 2022, Spelta et al., 2023). Consistently, analyzing single commodities, most of the

highest (in absolute value) inter-day variations gather on the second frequency sub-band (see

Figures E1, E2, and E3 in Appendix E), and the corresponding frequency dispersion is very

low. Our findings align with those of Wang (2022), which reveal a relationship between market

efficiency and connectedness, specifically noting that efficient markets act as net transmitters

of information to less efficient markets. However, our research indicates that commodity prices

react quickly to unexpected events, confirming that available information is swiftly incorporated

into these markets (Ortiz-Cruz et al., 2012). This further contributes to the work of Kristoufek

and Vosvrda (2014), who employed the Efficiency Index (Kristoufek and Vosvrda 2013) to show

that energy commodity markets are quite efficient.

We instead observe larger differences regarding the magnitude of the maximum net connect-

edness and its variability. We find that upstream commodities display a larger mean maximum

connectedness than downstream (0.20 vs. −0.02) with a similar level of dispersion (both around

0.04), confirming their more decisive role in shock propagation. Specifically, the maximum

value in transmission is achieved by Brent oil (1.07), whereas derivatives, such as ethanol and

propane, are the most affected commodities as receivers (−0.45 and −0.58). Further, the only

other positive values of net connectedness are achieved by heating oil and gasoline, confirming

the oil supply chain prevails as a transmitter channel.
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Furthermore, notice how upstream commodities experience a higher number of changes in

the transmission behavior with respect to downstream (57 vs. 23), mainly due to coal (107).

Brent oil and heating oil are the most stable commodities in their role of transmitters, with just

a few episodes of change in the direction of their spillovers over the period. For instance, the

former appeared to be a net receiver only during the COVID-19 pandemic outbreak between

April 6, 2020, and April 20, 2020, reaching a minimum of −0.67 on April 9, 2020 (see Figure

E1 in Appendix E). Analogously, the latter was a receiver between March 3, 2015, and July 30,

2015, with the lowest amount of connectedness being −0.41 on March 16, 2015 (see Figure E1

in Appendix E). Figures E2 and E3 in Appendix E illustrate details for the remaining set of

commodities.

The other commodities, both on the upstream and downstream sides, feature frequent

changes in the sign, suggesting that it is unclear whether they behave as stable transmitters

or receivers within the system. For instance, gasoline and coal experienced, respectively, 43

and 107 shifts in the shock propagation direction, respectively. Amid receivers, the most

stable behavior is accounted for by propane, which only experienced 12 sign changes of net

connectedness concentrated between August and November 2015 and over the first half of

2020.

Although some differences emerge within commodities on the same side of the supply chain,

we confirm that upstream commodities display a more stable transmission behavior, translating

into fewer sign changes.

Commodity
Mean max

freq b

Frequency

dispersion b

Mean max

freq sub-b

Frequency

dispersion sub-b

Mean max

connectedness sub-b

Net connectedness

dispersion sub-b

Number of

sign changes

Upstream 0.555 0.287 1.506 0.030 0.197 0.044 57

Downstream 0.474 0.221 1.476 0.041 −0.015 0.039 23

Brent Oil 0.353 0.153 1.568 0.001 1.069 0.102 2

Coal 0.642 0.340 1.498 0.038 −0.192 0.013 107

Ethanol 0.334 0.093 1.485 0.038 −0.454 0.027 21

EUA 0.651 0.247 1.533 0.020 −0.559 0.047 47

Gasoline 0.682 0.351 1.460 0.046 0.202 0.015 43

Heating Oil 0.437 0.247 1.504 0.032 0.773 0.069 14

Natural Gas 0.671 0.367 1.452 0.051 −0.285 0.018 61

Propane 0.442 0.193 1.456 0.050 −0.581 0.044 12

Table 4: Frequency and net connectedness dispersion.
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5.4 Quantile connectedness

We also investigate whether the results observed in Section 5.2 hold across the whole spillover

distribution. We thus contribute to a broad literature on the asymmetric impact of positive and

negative shocks to the system’s connectedness (Ji et al., 2019, Xia et al., 2019, Naeem et al.,

2021). Figure 6 (upper-left panel) suggests that for upstream and downstream commodities, net

connectedness varies along different quantiles of the spillover distribution. Notice how upstream

commodities experience a higher net connectedness with respect to downstream around the

median, while such a relationship is reverted in the lower tail of the distribution.

As for raw materials, the highest quantile net spillovers (QNS) gather in the upper part of

the distribution. Conversely, derivatives achieve the lowest net spillovers at the extreme upper

tail. Such results are also confirmed based on the relative tail dependence (RTD), calculated

as the difference between total spillovers at the 95th and 5th quantiles (see the upper-right plot

in Figure 6). Indeed, we tend to observe positive (negative) values for upstream (downstream)

commodities.

The dynamic quantile analysis (see the lower-left and right panels in Figure 6) shows that

upstream commodities mainly behave as net transmitters. Their quantile net connectedness

increases in correspondence with shocks involving global commodity prices (June 2014-February

2015), the Sino-American trade war, and the second phase of the pandemic. In contrast, it

decreases during the first lockdown and the Russia-Ukraine war. When focusing on single

commodities (see Figure D1 in Appendix D), we see that such behavior is similar to that of

Brent oil (its average QNS across all quantiles fell from 1.159 to 0.095 between February 24, and

November 24, 2022). Interestingly, natural gas, hard hit by the war in Ukraine, was slightly a

net receiver around the median and lower tail of the distribution (its average QNS at the 55th

and 5th quantiles are −0.425 and −0.325, respectively). In contrast, its net transmitter nature

emerged at the upper tail (its average QNS at the 95th quantile are 0.125). Further, natural

gas was a net recipient during normal circumstances and in almost all quantiles under study, as

evidenced by Iqbal et al. (2022) over a more extensive system of commodities, including energy,

agricultural, and metal indices, from 2010 to 2020. Regarding coal, we find that it generally

behaved as a net receiver during the whole period and across different quantiles (its average

QNS are −0.485). Nonetheless, we observe two episodes in which it transmitted shocks to the
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Figure 6: Quantile net spillovers (QNS). Upstream vs. downstream. The upper-left figure presents the mean of net
spillovers (NS) of upstream (in yellow) and downstream (in violet) commodities across quantiles. The upper-right plot shows the
relative tail dependence (RTD) of upstream and downstream commodities, namely the difference between their NS at the 95th

and 5th quantiles, computed on the dynamic quantile connectedness with a rolling window of 200 days (w = 200). The lower-left
and lower-right plots display the QNS of upstream and downstream commodities across quantiles (y-axis), respectively. The color
represents the magnitude of commodities’ QNS.

other commodities within the system, namely at the end of 2015 and after the outbreak of the

war in Ukraine.

When focusing on derivatives, we observe that the quantile connectedness frequently changes

sign at the extreme tails. Furthermore, downstream commodities display a net receiver behavior

in the central part of the distribution until 2016 (their average QNS at the 55th quantile are

−0.287), and during the second phase of the pandemic (their average QNS at the 55th quantile

is −0.241), which is reversed during the Russia-Ukraine war (their average QNS at the 55th

quantile is 1.024 between February 24, and September 23, 2022). Yet, some differences emerge if

we analyze single commodities. For instance, the average quantile net connectedness of heating

oil shrank from 1.419 to −0.821 in the same subperiod discussed above for Brent oil. As for

gasoline, we notice some periods in which this commodity behaves as a net receiver, especially
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for shocks in correspondence with the distribution median, observed at the end of 2013, in 2017,

and at the beginning of 2018. We highlight the net transmitter behavior of ethanol, affected

mainly by the commodity price crisis in 2015 and the Sino-American trade war, emphasizing

its nature as a receiver of spillovers (its average QNS across all quantiles are −0.920). Propane

was also mainly characterized by a negative net connectedness over the analyzed time frame

(its average QNS across all quantiles are −0.738).

In summary, the quantile analysis indicates that taking into account connectedness only

in correspondence with the conditional mean of the spillovers might not fully represent the

direction and magnitude of the transmission behavior (see also Figure D2 in Appendix D).

However, these results confirm that upstream commodities tend to behave as net transmitters,

whereas downstream commodities are net receivers along a relevant portion of the spillover

distribution.

The quantile connectedness analysis findings result from heterogeneous patterns that emerge

when decomposing the short- and long-term quantile connectedness component employing

Chatziantoniou et al. (2022)’s method. Figure D3 in Appendix D.1 relates to short-term

quantile spillovers and substantially confirms the above findings. On the other hand, Fig-

ure D4 provides evidence that long-term quantile connectedness experiences quite the opposite

pattern. Nevertheless, such Figures demonstrate how short-term connectedness prevails over

the long-term component along multiple quantiles of shock distribution, which justifies the

results on quantile connectedness at the aggregate level. Additionally, we confirm the results

of Sections 5.1-5.2 concerning the prevalence of short-term connectedness over the long-term

component.

5.5 Robustness check

In this Section, we test for the robustness of our dynamic results on upstream and downstream

net connectedness with respect to the hyperparameters involved when estimating Diebold and

Yilmaz (2012, 2014)’s approach. Thus, we change P , H, and w one at a time by letting each

assume two more distinct values in addition to those presented in Section 5.2. We also estimate

the total connectedness of our energy system, excluding either EUA or propane plus ethanol.
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5.5.1 Robustness on P

First, we test for the robustness of our results by computing the dynamic upstream and down-

stream net connectedness with respect to different criteria for estimating the VAR order in

Equation 1, namely the Hannan-Quinn (HQ, P = 1) and Akaike (AIC, P = 5) information

criterion. Such time series are compared to the results reported in Section 5.2, where we employ

the SIC (P = 1). Interestingly, HQ and SIC return the same VAR order. Figure 7 reveals some

heterogeneity when comparing SIC with AIC. Notably, downstream commodities show lower

mean and maximum differences between the time series (see Table 5).

Figure 7: Upstream vs. downstream. Robustness on P .

Mean (Upstream) Max (Upstream) Mean (Downstream) Max (Downstream)

SIC (P = 1) vs. HQ (P = 1) 0.000 0.000 0.000 0.000
SIC (P = 1) vs. AIC (P = 5) 1.371 8.570 0.959 6.660

Table 5: Robustness on P . By letting the parameter vary, we compute the mean and maximum difference between the upstream
and downstream net connectedness time series for which P is found by minimizing the SIC (P = 1) and those for which P equals
1 (HQ) and 5 (AIC).

5.5.2 Robustness on H

Second, we assess the robustness of our results by computing dynamic upstream and down-

stream net connectedness with respect to five (H = 5) and twenty (H = 20) steps ahead. Such

time series are evaluated in terms of difference compared to the result reported in Section 5.2,

where we set H = 10. Figure 8 plots such time series differences and reveals that the net

connectedness of upstream and downstream is very stable regardless the value of H. Table
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6 confirms such a finding, displaying negligible mean and maximum differences between the

upstream and downstream commodities lines.

Figure 8: Upstream vs. downstream. Robustness on H (difference between time series).

Mean (Upstream) Max (Upstream) Mean (Downstream) Max (Downstream)

H = 10 vs. H = 5 0.000 0.001 0.000 0.001
H = 10 vs. H = 20 0.000 0.000 0.000 0.000

Table 6: Robustness on H. By letting the parameter vary, we compute the mean and maximum difference between the upstream
and downstream net connectedness time series for which H = 10 and those for which H equals 5 and 20.

5.5.3 Robustness on w

Third, we assess the robustness of our results by computing the dynamic upstream and down-

stream net connectedness with respect to a 150- (w = 150) and 250- (w = 20) day rolling

window size. Such time series are compared to one reported in Section 5.2, where we set

w = 200. Figure 9 reveals low heterogeneity. Indeed, the net connectedness of upstream and

downstream appears stable even regardless of the value of w. Downstream commodities show

lower mean and maximum differences between the time series (see Table 7).
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Figure 9: Upstream vs. downstream. Robustness on w.

Mean (Upstream) Max (Upstream) Mean (Downstream) Max (Downstream)

w = 200 vs. w = 150 0.624 3.742 0.427 2.311
w = 200 vs. w = 250 0.423 2.444 0.315 1.685

Table 7: Robustness on w. By letting the parameter vary, we compute the mean and maximum difference between the upstream
and downstream net connectedness time series for which w = 200 and those for which w equals 150 and 250.

5.5.4 Robustness excluding some commodity series

Finally, we test for the robustness of our system’s total connectedness by excluding alternatively

EUA or propane and ethanol when computing the spillovers. Figure 10 proves that even

excluding some assets from the energy system, the trend in total connectedness remains very

similar (see Table 8 for further details on the mean and maximum deviations between the lines).
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Figure 10: System’s total connectedness. We compare our system’s total connectedness with one excluding either EUA or
ethanol plus propane.

Mean Max

Without EUA 1.956 5.363

Without ethanol and propane 2.062 8.777

Table 8: Robustness on total connectedness. We compute the mean and maximum difference between the total connectedness time
series for the complete energy system described in Section 4.1 and the connectedness in an energy system excluding alternatively
EUA or propane and ethanol.

6 Conclusion

To verify the financial stability of a representative energy system, we investigate transmission

mechanisms by employing the spillover analysis based on the approaches of Diebold and Yil-

maz (2012, 2014) and Baruńık and Křehĺık (2018). We prove that upstream and downstream

commodities behave, respectively, as net transmitters and receivers of spillovers. These con-

siderations hold both in the time and in the frequency domains. We also employ a quantile

analysis on different portions of the spillover distribution to corroborate our findings.

Such results have relevant implications for different economic actors regarding investment

strategies and policy sustainability. For instance, understanding that oil plays a dominant

role in spillover transmission, while coal and natural gas are often net receivers, can inform
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investors on how to structure their portfolios to optimize returns and mitigate risks. Investors

can also enhance their financial strategies by leveraging these insights to balance energy-related

raw materials and derivatives. Policymakers can utilize spillover information to minimize short-

term interlinkages among energy commodity systems, thereby enhancing energy supply security.

Focusing on assets less susceptible to price shocks can lead to more sustainable energy policies

and infrastructure planning.

Our dynamic analysis shows how shocks directly affecting the energy sector, such as the

Russia-Ukraine war, tend to raise the system’s total connectedness. By contrast, less energy-

specific relevant events, including the COVID-19 pandemic, reduce the system’s connectedness.

Moreover, the analysis of single specific frequency bands provides evidence of market efficiency

since the main shocks are absorbed in less than two days, both for upstream and downstream

commodities. Nonetheless, single commodities may assume heterogeneous shock transmission

behaviors.

Such evidence can guide portfolio managers in developing tailored hedging strategies based

on the sector affected by the crisis and the anticipated behavior of commodity prices. Addi-

tionally, managers should consider the responsiveness of specific energy-related commodities to

price fluctuations in other assets when designing these strategies.
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Creti, A. and M. Joëts (2017). Multiple bubbles in the European Union emission trading

scheme. Energy Policy 107, 119–130.

40
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A Data

Table A1 lists the futures contracts we consider in our empirical analysis.

Commodity Contract Description

Brent Oil LCOc1 ICE - Brent Oil TRc1

Coal ATWMc1 ICE - Coal Rotterdam TRc1

Ethanol NEVCS01 NYMEX - Chicago Ethanol Platts Continuous LTDT

EUA CFI2Zc1 ICE ENDEX - European Union Allowance

Gasoline LHUCS01 ICE - NYH Gasoline (RBOB) Continuous LTD

Heating Oil LHOCS01 ICE - Heating Oil Continuous LTD

Natural Gas TRNLTTFMc1 ICE - Natural Gas TRc1

Propane A7Ec1 NYMEX - Argus Propane Far East Index TRc1

Table A1: The description of commodity variables as defined in Thomson Reuters Eikon.
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B Connectedness

Figures B1 and B2 show net spillovers in the frequency domain over short- and long-term

horizons.

Figure B1: Net spillovers in the frequency domain (short-term). In the left bar plot, upstream commodities are colored
yellow and downstream are violet. In the right bar plot, net transmitters are green and net receivers red.

Figure B2: Net spillovers in the frequency domain (long-term). In the left bar plot, upstream commodities are colored
yellow and downstream are violet. In the right bar plot, net transmitters are green and net receivers red.

53



C Dynamic analysis

Figures C1 and C2 highlight net connectedness in the dynamic analysis over the frequency

domain for the short- and long-term scenarios. Furthermore, Table C1 describes the main crisis

episodes, directly or indirectly related to the energy sector, that we consider in our analysis to

justify the observed spillover across commodities in the dynamic analysis.
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Date Description

February 20, 2014 Russian occupation of Crimea began.

Between June 2014 and

February 2015

A host of industry-specific, macroeconomic, and financial factors came together to cause

global commodity prices to fall by 38% (e.g., in December 2014, the oil price was down

50% since April 2014). Amongst these, the transition of China’s economy to more

sustainable levels of growth and the shale-energy boom in the US were the dominant

demand-side and supply-side factors governing the downturn in global commodity prices.

November 30,

2015-December 12, 2015
The Paris Agreement took place.

February 2016
The State Council issued a policy stating China would cut up to 1,000 million tons of

coal production capacity in the following 3–5 years starting from 2016.

June 23, 2016 The Brexit referendum took place.

July 6, 2018
The Sino-American trade war broke out, but tensions have been running high since

January 22, 2018.

End of 2018
American crude output was growing more quickly than expected and caused a crude oil

glut, demand forecasts softened, and geopolitics roiled the energy complex.

October 25, 2019
The World Bank reported a negative energy and metal commodity prices outlook due to

weak global growth.

March 11, 2020 WHO declared the novel coronavirus (COVID-19) outbreak a global pandemic.

April 20, 2020
The COVID-19 pandemic reduced demand along with storage issues. WTI’s May

contract closed at -$37/barrel while Brent closed at $26/barrel.

December 21, 2020
The EC authorized the first vaccine against COVID-19, mRNA BNT162b2 (Comirnaty),

produced by Pfizer and Biontech.

November 1, 2021 China announced a boost in coal production.

February 24, 2022

Natural gas prices have been substantially increasing worldwide after the invasion of

Ukraine as Russia has economically weaponized its exportations of natural gas via

pipelines, which Europe is very dependent on. This has made coal more competitive in

many markets, and some nations have resorted to coal as a substitute.

July 11, 2022 Nord Stream I was turned off supposedly for maintenance reasons.

August 26, 2022

Natural gas prices hit a record of 316 euros per MWh, more than ten times as much as

the price a year before, following the decision by Gazprom to temporarily close the Nord

Stream pipeline.

October 1, 2022 OPEC+ cut oil production by two million barrels per day.

December 3, 2022
The EU agreed to cap the price of natural gas to reduce the volatility created by Russia

in the gas market.

October 7, 2023 The Israeli-Palestinian conflict began.

Table C1: Events directly or indirectly related to the energy sector (2014-2023).
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Figure C1: Net connectedness in the frequency domain, short-term (upstream vs. downstream). The results are
based on a VAR model with a 200-day rolling window size, a lag length of order one (SIC), and a 100-step-ahead generalized
forecast error variance decomposition.

Figure C2: Net connectedness in the frequency domain, long-term (upstream vs. downstream). The results are
based on a VAR model with a 200-day rolling window size, a lag length of order one (SIC), and a 10-step-ahead generalized forecast
error variance decomposition.
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D Quantile Connectedness

Figure D1 highlights the net quantile connectedness for each commodity. Figure D2 shows the

total quantile connectedness of the system as explained in section 3.3.

Figure D1: Commodities’ quantile net spillovers (QNS). The results are based on a QVAR model with a 200-day rolling
window size, a lag length of order one (SIC), and a 100-step-ahead generalized forecast error variance decomposition. We represent
quantiles along the y-axis, whereas the color represents the magnitude of commodities’ QNS.
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Figure D2: Total quantile connectedness. The results are based on a QVAR model with a 200-day rolling window size, a
lag length of order one (SIC), and a 100-step-ahead generalized forecast error variance decomposition. We represent the quantiles
along the y-axis, whereas the color represents the magnitude of the system’s quantile total spillovers (QTS).

D.1 Quantile frequency connectedness

Figures D3 and D4 report the short- and long-term net quantile connectedness for upstream

and downstream commodities, also pointing out their mean across quantiles and relative tail

dependence.
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Figure D3: Quantile net spillovers (QNS) in the short-term. Upstream vs. downstream. The upper-left figure presents
the mean of net spillovers (NS) of upstream (in yellow) and downstream (in violet) commodities across quantiles. The upper-right
plot shows the relative tail dependence (RTD) of upstream and downstream commodities, namely the difference between their NS
at the 95th and 5th quantiles, computed on the dynamic quantile connectedness with a rolling window of 200 days (w = 200). The
lower-left and lower-right plots display the QNS of upstream and downstream commodities across quantiles (y-axis), respectively.
The color represents the magnitude of commodities’ QNS.
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Figure D4: Quantile net spillovers (QNS) in the long-term. Upstream vs. downstream. The upper-left figure presents
the mean of net spillovers (NS) of upstream (in yellow) and downstream (in violet) commodities across quantiles. The upper-right
plot shows the relative tail dependence (RTD) of upstream and downstream commodities, namely the difference between their NS
at the 95th and 5th quantiles, computed on the dynamic quantile connectedness with a rolling window of 200 days (w = 200). The
lower-left and lower-right plots display the QNS of upstream and downstream commodities across quantiles (y-axis), respectively.
The color represents the magnitude of commodities’ QNS.
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E Frequency analysis

The right panel of Figures E1, E2, and E3 shows commodities’ maximum net connectedness.

On the left panel, we plot maximum net connectedness along a number of frequency bands

against net connectedness associated with two precise frequencies (0-3 days and 0-5 days).
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Figure E1: Maximum net connectedness of Brent oil, heating oil, and gasoline. On the left, we plot maximum net
connectedness along several frequency bands against net connectedness associated with two precise frequencies (0-3 days and 0-5
days). On the right, the y-axis represents the chosen frequency sub-bands. On the z-axis, we display the inter-day net spillovers.
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Figure E2: Maximum net connectedness of natural gas, propane, and EUA. On the left, we plot maximum net
connectedness along several frequency bands against net connectedness associated with two precise frequencies (0-3 days and 0-5
days). On the right, the y-axis represents the chosen frequency bands. On the z-axis, we display the inter-day net spillovers.
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Figure E3: Maximum net connectedness of coal and ethanol. On the left, we plot maximum net connectedness along
several frequency bands against net connectedness associated with two precise frequencies (0-3 days and 0-5 days). On the right,
the y-axis represents the chosen frequency bands. On the z-axis, we display the inter-day net spillovers.
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