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I Introduction

Similar to other financial assets, commodity prices traditionally have been determined by the
force of supply and demand. However, after the structural break caused by the Global Financial
Crisis in 2008, the commodity markets have witnessed a significant transformation, where sup-
ply and demand dynamics alone are no longer sufficient to explain price movements (Basak and
Pavlova [2016]). The substantial increase in commodity trading volume has notably boosted
the liquidity of commodity futures markets. The popularity of hedging against risk has soared,
leading to increased price volatility and speculative activities. Globalization, technological ad-
vancements, trade integration, and financial liberalization have further reshaped commodity
markets. Finally, the financialization of commodity markets resulted in greater connectedness
across energy, metal, and agricultural commodity markets (Tang and Xiong [2012], Nazlioglu
et al. [2013], Cheng and Xiong [2014], Henderson et al. [2015], Da et al. [2023]). As a result,

the literature on commodity markets has witnessed a notable increase in interest.

The existence of the spillover effect between financial assets, such as commodities, has been
well-established in previous research (Dahl et al. [2020]). Spillover between assets implies that
shock arising from one asset not only affects that particular asset but also spills over to others.
It has been firmly established that return correlations are heterogenous over time, particularly
during bull and bear market conditions, leading to intensified spillover effects during financial
crises (Longin and Solnik [1995], Longin and Solnik [2001], Ang and Bekaert [2002], Camp-
bell et al. [2002], Goetzmann et al. [2001], Bekaert et al. [2009]). Over the last decade, the
connectedness approach introduced by Diebold and Yilmaz [2014] has emerged as the stan-
dard for measuring the shock spillover effect between financial assets and related econometrics
frameworks have been increasingly evolving ever since (Barunik and Kiehlik [2018], Demirer

et al. [2018].

This subject holds significance for both policymakers and portfolio managers alike (Vivian
and Wohar [2012], Sensoy [2013]). Understanding the assets that serve as key transmitters of
shocks is crucial for policymakers in crisis prevention and management. In addition, consider-
ing the connectedness of commodity markets is vital for investors as well. Commodities serve
as valuable hedging options and safe-haven assets, with precious metals as a notable exam-
ple (Biiyiiksahin and Robe [2014]). Such assets enable portfolio diversification and allocation

strategies and downside risk reduction (Belousova and Dorfleitner [2012], Skiadopoulos [2012],
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Silvennoinen and Thorp [2013], Andreasson et al. [2016], Karyotis and Alijani [2016]). Un-
derstanding the network of commodities is also a crucial aspect of asset and derivative pricing
(Gardebroek et al. [2016]). Therefore, analyzing the dynamics of interconnectedness in com-

modity markets is essential for both effective risk management and investment decision-making.

The connectedness of energy and agricultural commodities has been analyzed in many ar-
ticles (Yip et al. [2020], Balcilar et al. [2021]). Some studies have broadened their scope to
analyze the network of various groups of commodities such as energy, metals and agricultural
commodities (Farid et al. [2022]). However, previous research has only focused on a limited
number of commodities, typically examining either the total connectedness index or the net pair-
wise connectedness, neglecting use the aggregation to analyse the network more deeply. This
paper seeks to fill this gap by measuring the connectedness among all liquid assets across all 6
groups of commodities: energy, industrial metals, precious metals, grains, softs, and livestock
employing group aggregation and regularization (Diebold et al. [2017]). Daily future data is
used for 33 commodities to compute daily volatilities from 25th August 1998 to 1st April 2024.
The analysis is twofold. Firstly, the full-sample static analysis examines inter-group connected-
ness. Secondly, the dynamics of the total connectedness and the net inter-group connectedness

are explored.

It has been well established that global events and crises have played a significant role in
shaping the dynamics of commodity markets, demonstrating that the market is no longer solely
sensitive to supply and demand shocks (Demirer et al. [2018]). However, previous research
primarily focused on a limited number of relevant events, such as the COVID-19 pandemic
(Farid et al. [2022])." This study enriches the literature by considering all the significant global
events and crises identified in previous research. The impact of the Global Financial Crisis
(GFC), the European Sovereign Debt Crisis (ESDC), the Crude Oil Collapse (OIL), the COVID-
19 Pandemic (COVID), and the Russo-Ukrainian War (WAR) on the dynamics of the network
is examined. In addition the significance of the change in the network of commodities due to

the previously mentioned crises is tested using the moving-block bootstrap method.

Uncertainty shocks have also emerged as an important driver of commodity market fluctua-

tions and turbulence (Badshah et al. [2019]). These determining factors can be categorized into

'In this study, analyzing the effects of a crisis entails the construction of either a connectedness table or a graph

before and after the crisis, followed by an examination of the observed changes.
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three groups: economic, financial and geopolitical. Macroeconomic uncertainty, such as mone-
tary policies, macroeconomic information, and the business cycle, including the U.S. Economic
Policy Uncertainty (EPU), the Baltic Exchange Dry Index (BDIY), and the Spread (difference
between the 10-year U.S. bonds and the 3-month U.S. bills) also play a significant role in shap-
ing the dynamics of the connectedness (Al-Yahyaee et al. [2020]. Similarly, financial uncer-
tainty, exemplified by the Volatility Index (VIX) or the S&P500, has proven to be an important
driver of commodity market dynamics (Hu et al. [2020]). Moreover, although geopolitical un-
certainty has been present only on the spectrum for the last few decades, the outbreak of the
Russo-Ukrainian war has notably intensified its relevance (Cui and Maghyereh [2024], Lu et al.
[2023]). Despite the established importance of uncertainty in shaping commodity futures dy-
namics, previous research has only focused on a few relevant drivers. This study contributes to

the existing literature by analyzing all significant factors mentioned in existing literature.

To sum up, this paper makes three primary contributions. Firstly, it evaluates all liquid com-
modities across all six groups and employs aggregation methods and regularization to compute
inter-group volatility connectedness. Secondly, it investigates the influence of all previously
identified significant global events and crises (GFC, ESDC, OIL, COVID, WAR). Thirdly, this
study incorporates all macroeconomic, financial and geopolitical factors identified in previous

literature to assess their significance in explaining the dynamic network of commodities.

The rest of the paper is structured as follows. Section II provides a brief review of the
connectedness of commodity markets. In Section III the description of the data is presented.
Section IV introduces the methodology. Section V reports the empirical results. Section VI

presents the robustness test. Section VII is the conclusion of this study.



II Literature review

In this section, relevant literature is reviewed on the topic of commodity connectedness. Var-
ious studies have analyzed spillover among the network of commodities focusing on different

numbers and groups of assets employing a wide range of econometric frameworks.

Kang et al. [2019] and Uddin et al. [2019] extend the Diebold and Yilmaz [2012] connect-
edness framework, employing the frequency-domain spillover approach introduced by Barunik
and Kftehlik [2018]. They find that negative and positive shocks result in asymmetric spillovers,
which are more apparent during financial uncertainty. Specifically, Kang et al. [2019] find that
vegetable oil plays the biggest role in volatility transmission in the network of crude oil and 5
agricultural assets (cereals, vegetable oils, sugar, meat, and dairy), while Uddin et al. [2019]

highlight gold and silver as the main transmitters of shocks to platinum and palladium.

Several studies have identified different regimes to understand commodity market dynamics
better. Barbaglia et al. [2020] use the Diebold and Yilmaz ([2009],[2012]) approach to explore
the network of ten commodity future volatilities from energy and agriculture groups, observing
less apparent spillover at times of low energy prices. Yip et al. [2020] extract the high and low
volatility regimes of crude oil using the Markow Switching Autoregressive model of Hamilton
[1990], noting a decline in the net spillover from crude oil to agricultural commodities (corn,
wheat, soybean) during high volatility regimes and vice versa. Examining the impact of crises
and structural breaks on commodity market connectedness, Zhang and Broadstock [2020] uti-
lize the framework of Diebold and Yilmaz [2014] and the pairwise Granger causality approach
by Billio et al. [2012] to assess the robustness of the results and found that the Global Financial
Crisis (GFC) served as a structural break in the connectedness of 6 commodity indices from the
groups of metals and agriculture causing average total connectedness levels to rise permanently
from 14.82% to 47.87%. Dahl et al. [2020] determine two subsamples to assess the structural
variation of crude oil and employ the univariate marginal distribution model (Engle [2001]) to
estimate conditional volatility, which serves as the input in the spillover Diebold and Yilmaz
([2009],[2012],[2014],[2015]) estimation, and find that the effect of information spillover is
minimal in the pre-2006 subsample, however in the post-2006 subsample crude oil emerges as
the main information receiver. Guhathakurta et al. [2020] utilize the connectedness measure and
based on the methodology developed by Bai and Perron [2003], define five structural breaks in

the sample period to identify different oil price shifts, and find that crude oil price shocks play
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an important role in the network of 17 commodities from the groups of energy, precious metal,
industrial metal, and softs. Several studies analyze the significance of various factors in ex-
plaining the connectedness. Hu et al. [2020] measure the impact of the US Economic Policy
Uncertainty Index (EPU), Citi Economic Surprise Index (ESI), Default Spread (DEF), Investor
Sentiment Index (SI), Volatility Index (VIX), and the Global Geopolitical Risk Index (GPR)
indicators within the connectedness network of crude oil, gold and soybean. The results show
that crude oil and gold are mostly affected by market sentiment, while soybeans are more reac-
tive to the DEF, GPR and macroeconomic factors are found to be the most relevant for crude
oil. Al-Yahyaee et al. [2020] apply quantile regression to test the impact of EPU and VIX on
the total connectedness (TCI) and find that they have predictive power on the spillover among
precious (gold, silver) and industrial metals (copper, aluminium, zinc, lead). Results also show
that silver, copper, zinc, and lead are net information receivers, while gold and aluminium are

net contributors.

Gong et al. [2021] investigate the spillover between crude oil, natural gas, heating oil, and
gasoline, while Balcilar et al. [2021] focus on the relationship between crude oil and 11 agri-
cultural commodities. Both studies utilize an extended version of the connectedness framework
and find that spillover indices peak during crises such as the oil price crash of 2014, the GFC,
the European Sovereign Debt Crisis (ESDC), or the COVID-19 pandemic. Notably, crude oil
emerges as a crucial net information transmitter. Umar et al. [2021] further confirm that crude
oil demand and risk shocks are key participants among the most dominant industrial commodi-
ties, including copper, aluminium, zinc, lead, nickel, and tin. Maitra et al. [2021] investigate
the asymmetric volatility spillover among 23 commodity futures from all 6 six groups of com-
modities (energy, industrial metals, precious metals, grains, soft, and livestock) employing the
Diebold and Yilmaz ([2012][2014]) method and find that negative volatility dominates positive
volatility. Caporin et al. [2021] explore the asymmetric short- and long-run volatility spillover
among 12 commodities, uncovering distinct group clustering, weak inter-group connectedness,
and strong intra-group connectedness among energy, metal, and grains. Their findings under-
score the long-run nature of spillover effects. Hung [2021] examine the evolution of the return
spillover pre- and post-COVID-19, affirming that the level of connectedness is stronger during
the crisis. Ma et al. [2021] analyze 21 commodities from all six groups, employing group aggre-
gation to assess connectedness within each group. Their research extends to the impact of vari-

ous indices, including the Default Spread (DEF), Citi Economic Surprise Index (ESI), Volatility



Index (VIX), and Financialization Index, revealing the significance of non-fundamental factors
in driving co-movements. Furthermore, they explore the structural variations in the network

induced by the GFC, confirming its lasting impact on market dynamics.

Just and Echaust [2022] scrutinize the network dynamics of wheat, soybean, rice, oats,
maize, and barley using the spillover approach by Barunik and Kiehlik [2018], underlining
how uncertainties like the COVID-19 pandemic or geopolitical tensions, such as the Russo-
Ukrainian war, amplify spillover effects. In a different vein, Zhou et al. [2022] analyze the
return, the volatility, the skewness and the kurtosis spillover among carbon, energy and nonfer-
rous metals using a quantile VAR framework and a GARCHSK model. Their findings reveal
inconsistent spillovers in the different dimensions and heterogeneous patterns over time. Gong
et al. [2022] extended the framework by employing the TVP-VAR-SV model and found that
the six major industrial metals realized skewness and kurtosis connectedness is similar to the
volatility connectedness, however, the spillover effect is not as notable. Tiwari et al. [2022]
examine the volatility spillover among 10 energy and agricultural commodities employing the
rolling window-based Quantile VAR (QVAR) model. Their study sheds light on the impact of
the COVID-19 crisis. It showcases that volatility spillover in the right tail is higher than in
the left tail of the conditional volatility distribution. Examining return and frequency spillovers
among 20 agricultural commodities, Naeem et al. [2022] employ group aggregation to inves-
tigate static inter- and intra-group connectedness. They also analyze the impact of the GFC
and the Shale Oil Revolution, alongside the COVID-19 pandemic further highlighting the sig-
nificance of the crisis on the network of connectedness. Similarly, Farid et al. [2022] explore
the quantile connectedness among 37 commodity futures from all 6 groups, utilizing group ag-
gregation in order to scrutinize inter- and intra-group connectedness, and the dynamics of the
net connectedness between groups, emphasizing the significant shift in connectedness induced
by the COVID-19 crisis. Furthermore, their results show higher spillover in the left tail of the
conditional return distribution. Jiang and Chen [2022] employ the Diebold and Yilmaz [2012]
and the Barunik and Kfehlik [2018] methodology on the network of metals (gold, silver, cop-
per, and aluminium), energy (oil, natural gas and coal) and carbon markets and find that the
time-frequency connectedness is significantly higher after the outbreak of the COVID-19 and
the total connectedness is contributed mainly by short-term spillover effects. Moreover, Gong
and Xu [2022] examine the volatility spillover between energy, precious metals, industrial met-

als, agriculture and livestock and reveal the significant influence of the Geopolitical Act Index



(GPA), with a positive effect on energy, agriculture and livestock and a negative effect on the
others. Wang et al. [2022] study a wide range of 16 commodities and the impact of GPR on
the TCI with Granger causality, OLS and quantile regression and show that a high level of

geopolitical risk causes a high level of return and volatility connectedness.

Ghosh et al. [2023] focuse on the dynamics of clean and dirty energy commodities dur-
ing COVID-19 employing quantile regression, documenting a significant increase in the TCI,
especially in the upper quantiles. Hu et al. [2023] confirm that crude oil is the key shock trans-
mitter in the network of various energy commodities. Wu et al. [2023] compare the effects of
the COVID-19 and the Russo-Ukrainian war and reveal that the pandemic served as a greater
shock, also emphasizing the difference in the impact on the dynamics. Mandaci et al. [2023]
found that the GPR index drove the TCI during important events like the pandemic and the
Russo-Ukrainian conflict. Lu et al. [2023] examine the relationship between GPR for the leader
of precious metal production, China and the connectedness of 4 precious metals (gold, silver,
platinum, palladium) and reveal that precious metals have received spillover from the GPR

index, especially during times of high geopolitical tension.

Finally Jiang and Chen [2024] also confirm that the Russo-Ukrainian war significantly
changed the dynamics of the connectedness, and drove the TCI up among various energy, metal
and agricultural commodities in China. In addition Furuoka et al. [2023] further confirm the

fact that TCI rises at times of high uncertainty.

These studies collectively contribute to understanding the complex dynamics of commodity
market interconnectedness, especially under varying market conditions and crises. The sum-

mary of the Literature review is provided in Table 5 in the Appendix.



III Data

III.1 Data of commodity volatilities

We study the daily volatility connectedness between a large number of 33 commodities from all
six categories (energy, industrial metals, precious metals, grains, softs and livestock), previously
identified in related literature, similar to Farid et al. [2022]. The energy group includes WTI
crude oil (CL1), heating oil (HO1), gasoline, brent oil (CO1), gasoil (QS1) and natural gas
(NG1). As for gasoline, HU1 is used until the 10th of May 2006 and after that, XB1 is utilized,
because XB1 took the place of HU1. Industrial metals contain aluminium (LAT), copper (HG1),
nickel (LNT1), lead (LL1), zinc (LX1), and tin (LT1). Precious metals consist of gold (GC1),
silver (SI), platinum (PL1), and palladium (PA1). Grains include Chicago wheat (W1), Kansas
(red) wheat (KW1), corn (C1), soybeans (S1), soymeal (SM1), soyoil (BO1), oats (O1), and
rough rice (RR1). Softs contain coffee (KC1), sugar (SB1), cocoa (CC1), cotton (CT1), lumber
(LB1), and orange juice (JO1). Finally, livestock consists of lean hogs (LH1), live cattle (LC),
and feeder cattle (FC1). More information on the assets is provided in Table 7 in the Appendix.
The sample period ranges from 25th August 1998 to 1st of April 2024 including several global
events and crises such as the GFC, ESDC, OIL, COVID, and WAR.

The daily 1st generic future prices are obtained from Bloomberg. We choose commodity fu-
tures” due to the empirical evidence demonstrating their effectiveness in offering essential price
signals guiding the commodity demand and spot prices (Yang et al. [2005]). In addition, fu-
tures are much more liquid than spot markets. Price volatilities are computed using the squared
of returns methodology, (In(P;,) — ln(Pi,_l))z, consistent with Triacca [2007], Giles [2008], and
Guhathakurta et al. [2020]. The daily volatilities of each of the 33 commodity futures are plotted

in Figure 9 in the Appendix.

The descriptive statistics are presented in Table 8 in the Appendix. Natural gas has the
highest mean, followed by gasoline and lumber, while feeder cattle, followed by gold and live
cattle, have the lowest mean. Tin has the highest standard deviation, followed by silver, con-
versely Chicago wheat, Kansas (read) wheat, corn, and oats report the lowest. The stationarity
of the data is tested using the augmented Dickey and Fuller (ADF) test, and the results show

that all 33 time series are stationary at the 1% level of significance.

2The use of future data is widely employed in related literature (Wu et al. [2023]), Cui and Maghyereh [2024].

8



II1.2 Data of fundamental and non-fundamental determinants

In this study, three dimensions of determining factors’ significance are assessed in explaining
the net connectedness between the six aggregated groups of commodity futures and the total
connectedness measures, as seen in Table 1. These dimensions encompass macroeconomic, fi-
nancial, and geopolitical factors. The macroeconomic factors include the U.S. Economic Policy
Factor (EPU), the Baltic Exchange Dry Index (BDIY), and the Spread. The financial factors are
the Volatility Index (VIX), and the S&P500 index. Finally, the geopolitical factors include the
Geopolitical Risk Index (GPR), the Geopolitical Act Index (GPA), and the Geopolitical Threats

Index.

The economic factors consist of the U.S. economic Policy Uncertainty (EPU)* Index pro-
posed by Baker et al. [2016], which is based on the frequency of newspaper reports (Hu et al.
[2020]. The Baltic Dry Index (BDI) is a shipping and trade index created by the London-based
Baltic Exchange (Ma et al. [2021], Kilian [2009], Fan and Xu [2011]). The Spread (Man-
daci et al. [2023]) is the difference between the 10-year U.S. bonds and 3-month U.S. bills. It
provides information about future short-term interest rates and also inflation rates (Bakas and

Triantafyllou [2018]). The data for BDI and the Spread is obtained from Bloomberg.

The Chicago Board Options Exchange (CBOE) Volatility Index, the VIX index, is a well-
established measure of investors’ expectations of implied volatility for S&P 500 options (Hu
et al. [2020], Al-Yahyaee et al. [2020], Mandaci et al. [2023]). It is widely referred to as the
investor fear index, therefore it can serve as a proxy for market sentiment. The S&P 500 stock
index tracks the 500 large-cap US companies’ stocks, and therefore represents overall stock
market performance. It is used to represent risk in the financial market (Ma et al. [2019]). The

data for the two financial factors are from Bloomberg.

Finally, we use the Geopolitical Risk Index* of Caldara and Iacoviello [2022] to proxy
geopolitical uncertainty (Cui and Maghyereh [2024], Lu et al. [2023], Wang et al. [2022]). Two
other indices proposed to further separate geopolitical events from geopolitical risks: Geopolit-

ical Threats (GPT) and Geopolitical Act (GPA) (Gong and Xu [2022]).

3The data is obtained from: https://www.policyuncertainty.comy/.
“The data is sourced from: https://www.matteoiacoviello.com/gpr.htm.
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Table 1 Fundamental and non-fundamental determinants

Dimension Acronym Factor
EPU U.S. Economic Policy Uncer-
Economic tainty
BDIY Baltic Exchange Dry Index
difference between
SPREAD the 10-year U.S. bonds
and 3-month U.S. bills
VIX Volatility Index
Financial
Standard and Poor’s 500
SP500
stock market index
GPR Geopolitical Risk Index
Geopolitical GPT Geopolitical Threats
GPA Geopolitical Act

Notes: The three dimensions of fundamental and non-fundamental determinants (economic, financial,
geopolitical) and their acronyms are presented. Their impact on the net aggregated group and the TCI

with and without aggregation is tested.
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IV  Methodology

IV.1 The Diebold and Yilmaz framework

Diebold and Yilmaz ([2009],[2012], [2014]) introduce the connectedness measure derived from
vector-autoregressive models (VAR; Sims [1980]) and the forecast error variance decomposi-
tions (FEVD). This method provides a relatively simple and intuitive way of measuring the
contribution of own and other variable’s shocks to the total forecasted variance. Compared to
other approaches, it provides both the direction and the intensity of the spillover and enables
static and dynamic analysis. In the final stage of the process, the breakdown of forecast er-
ror variances can be condensed into a spillover table, known as the DY spillover table. In the

following, the approach is presented in detail.

First, the estimation process requires to specify an approximation VAR(p) model:

P
V=g Y Ay i+, (1)

=1

Where y, is the K X 1 vector containing assets volatility series that are assumed to be en-
dogenously related to each other. The k X 1 vector of constants is u, A; denotes the K X K
autoregressive coeflicient matrix to be estimated and &, ~ (0, %) is the vector of independently
and identically distributed disturbances. The time series of VAR(p) model are then transformed

into their moving average (MA) representation, which can be written as y, = ¢ + X2 Bj&r—;-

After estimating the VAR(p) model the next step in the Diebold and Yilmaz [2012] frame-
work is identification. Considering the Cholesky-factor ordering problem, this study employs
the generalized forecast error variance (GVFED) proposed by Pesaran and Shin [1998] and
Koop et al. [1996], which effectively overcomes the influence of the order of variables. Eq.
(2) calculates variable j’s contribution to variable i’s H-step ahead generalized forecast error

variance, Hl.gj(H) as:

o] Iy (el’.Bh > ej)2
io (¢/Bi T Biej)

ij(H) = H=1,2,.., 2)
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where the error term’s covariance matrix is )., the H-step moving average coefficient matrix
is By, the standard deviation of the error term for the jth equation is o j;, and e; is a selection

vector, with unity at the ith position, zeros otherwise.

Since the sum of the contributions of own variables and the cross-variable variance is not
unity under the generalized decomposition in general, each entry of the variance decomposition
matrix is normalized by the sum of its rows, as seen in eq. (3). This step allows for various

spillover indices to be interpreted as a percentage.

g
S 65 (H)

6 (H) (3)

making Zfil él.gj(H) =1land }X_ 6

iL,j=1"ij=1

(H) = K.

Diebold and Yilmaz (2012, 2014) introduce pairwise directional connectedness measures.

First, the shocks received by variable i from all other variables is defined as:

zgl, 0 (H) z{;_ 0% (H)
8 - - .
S (H)= S 00 e 100 4)

Second, the directional connectedness transmitted by variable i to all other variables is mea-

sured as:

i, O (H) ic, O5,(H)
S8 (H)y=—2 . 100= 22— . 100 5
u—z( ) Zl.l’(jzl Hfl(H) K ( )

Third, net spillover is defined as the difference between eq. (4) and eq. (5), and measures

each asset’s net contribution to the volatility in other assets:

SE(H) = S{_(H) - Si_,(H) (6)

o i—e

Finally, the total connectedness of the system measures the average influence of one variable

on others, regardless of the direction in the following way:

Sk O(H) Xijo1 O (H)
S8H) = —2—— 100 = —L—— 100 (7)
2o 05 (H) K
i#j
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IV.2 Group Aggregation

This study aims to measure the connectedness between the six commodities groups: energy,
precious metals, industrial metals, grains, soft, and livestock. In order to achieve that, a group
aggregation method is employed, by Greenwood-Nimmo et al. [2016]. This approach enables
the measurement of connectedness not only in standard pairwise and total dimensions but also
at the group level, providing a deeper understanding of the system-wide dynamics of a net-
work. The connectedness matrix S ¢(H) consisting M markets may be expressed in M? blocks

as follows:

[ () () ()
Bl 1 Bl<—2 Bl<—M
B, BY, ... B
S g(H) — 2.<—1 2.<—2 2<.—M (8)
(h) () ()
1By By, -+ By ul

Where block BYZ ; represent the total within-market effects for market i, while Bgfz_)j encapsu-
lates the total between-market effects from market j to i. The total within-market contributions

are computed as:

WP = e B e ©)

i—i i el i

where e, is an m; X 1 vector of ones and m; is the number of variables in group i, indicating
that the within-market effect for market i is simply the sum of its individual values. The total

between-market effects are defined as:

FW — o B o (10)

Jjei mj je—i M

with the notations directly derived from eq. (9)

IV.3 LASSO regression

The traditional ordinary least squares (OLS) regression encounters challenges in statistical mod-

elling with high-dimensional data. To overcome this problem when estimating eq. (1), regular-
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ization or penalized methods are employed. One such method, introduced by Tibshirani [1996],
is the LASSO regression. It incorporates an L1 penalty term to the least squares objective

function. The LASSO estimator minimizes the value of:

T K
B = arg min D o= D B+ ) i, (11)
t=1 i i=1

where A is the parameter of the penalty. As opposed to classical variable selections, the
LASSO process is more stable and suitable for high-dimensional data. Next, we employ the
Adaptive LASSO method, an extension of LASSO introduced by Zou [2006]. The adaptive

LASSO estimator minimizes the value of:
pn ~
L,B) = lly — XBII” + 24, Z w8l where w,; = B,,I"",  j=1,...,pn. (12)
=1

This approach allows a relatively high penalty for zero coeflicient, thereby enhancing accu-
racy in variable selection and reducing estimation bias. One of the outstanding features of the
adaptive LASSO method introduced by Fan and Li [2001] is called the *oracles property’. It en-
sures the correct identification of zero coeflicients with a high probability close to 1, and it also
aligns the distribution of non-zero coefficients with that of the OLS estimator, as demonstrated

by Zou [2006].

IV.4 Bootstrapping

To identify and distinguish significant changes in the spillover effects from non-significant
changes, this study employs bootstrap confidence intervals for spillover measures on the total
connectedness index and the net pairwise connectedness indices (Buse et al. [2022], Greenwood-
Nimmo and Tarassow [2022]). The approach aims to analyze the uncertainty of the estimated
spillover measures. Several bootstrapping methods have emerged in recent years, this study

utilizes the residual-based moving-block bootstrap method by Briiggemann et al. [2016].

The residual-based moving-block bootstrap approach involves simulating s = 1,2,...,S
bootstrap samples of the residuals from the estimated VAR model and then re-estimating the
model on each bootstrap sample (MBB-VAR). Next, the DY spillover indices (SUM, FROM,
TO, and NET) are calculated. More information is provided on the computation process in the

thesis of Badics [2023].
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V Empirical results

V.1 The static and dynamic analysis of the connectedness

This section explores the static full-sample average connectedness across the six aggregated
groups of commodity volatilities. Next the dynamic evolution of the relationship between the

commodities is examined both on macro (total connectedness) and micro (net spillover) levels.

Table 2 Connectedness table

energy industrial precious grains softs livestock FROM
metals metals

energy 88.79 2.98 2.05 2.94 2.04 1.20 11.21
industrial 3.70 86.43 3.07 3.33 2.38 1.09 13.57
metals
precious 3.71 442 85.13 3.33 227 1.09 14.87
metals
grains 2.64 2.33 1.60 90.14 2.22 1.07 9.86
softs 2.90 2.72 1.81 3.64 87.70 1.23 12.30
livestock 3.41 2.37 1.67 3.36 2.40 86.79 13.21
TO 16.42 14.82 10.20 16.59 11.32 5.68 12.51
NET 5.21 1.25 -4.67 6.73 -0.98 -7.53

Notes: The connectedness table presents the static full-sample average connectedness of 33 commodity assets
aggregated into the six categories of energy, industrial metals, precious metals, grains, softs, and livestock. The
various measures were computed using LASSO regularization, a rolling window size of 250 days and a forecasting

horizon of 10 days.

Table 2 presents the full-sample connectedness table gained by aggregating the original
33%33 connectedness table of the individual commodities from all six groups (energy, industrial
metals, precious metals, grains, softs, livestock) after Diebold et al. [2017]. The off-diagonal
elements of the upper-left 6x6 matrix are the pairwise directional connectedness measures, with
the highest value 3.77% from precious metals to energy. The FROM column is the row sum
of the pairwise connectedness measures, called the total directional connectedness from others
to each of the six commodity categories, with precious metal emerging as the highest value
of 14,78% again. Conversely, the TO row is the column sum of the pairwise connectedness
measures, measuring each group’s contribution to others’ forecast error variances, with grains
showing the highest value of 16.59%. The net connectedness is the difference between each

group’s TO and FROM value, with livestock emerging as the largest information receiver, and
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grains as the largest contributor. Finally, the total connectedness is 12.51%, which indicates a

somewhat lower level of overall connectedness than the findings of Diebold et al. [2017].

The static analysis approach provides information about the average relationship between
the groups, but the connectedness measures show great variation across time, therefore exam-
ining the dynamics presents a more detailed picture. The dynamic TCI is calculated employing
LASSO regression with a rolling window size of 250 days, and H = 10 days forecast horizon”.
The evolution of total connectedness among 33 individual commodity assets, without aggre-

gation is displayed in Figure 1, while the total connectedness among six aggregated groups of

commodities is shown in Figure 2.

Figure 1: Dyanamic total connectedness without aggregation

50

2000 2005 2010 2015 2020

Notes: The figure shows the evolution of the dynamic total connectedness among the 33 individual commodity
assets without employing aggregation. The TCI was calculated using LASSO regularization, a rolling window size

of 250 days, and 10-day forecast horizon.

>The forecast horizon was selected based on Diebold et al. [2017], Guhathakurta et al. [2020], and Farid et al.
[2022]. The rolling window size is exactly one year (250 days) and was chosen based on the average size of the
window used in related literature (e.g. Barbaglia et al. [2020], Naeem et al. [2022]). LASSO regression is implied
based on Diebold et al. [2017].
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Figure 2: Total connectedness among the six aggregated groups of commodities
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Notes: The figure presents the total dynamic spillover index among the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, soft, and livestock) consisting of 33 individual assets. The
index was computed by employing LASSO regularization, a rolling window size of 250 days, and a forecast

horizon of 10 days.

The figures provide strong evidence that the evolution of the average value of the total con-
nectedness is greater between the 33 individual assets with and without aggregation. The results
imply that the spillover of shocks between each individual asset is strong, varying between ap-
proximately 20% to 45%. On the other hand, the information spillover between the six groups
of aggregated commodities presents a much weaker average relationship, which varies between
10% and 30%. High intra-group connectedness and rather weak inter-group connectedness are
in line with the findings of Diebold et al. [2017], Caporin et al. [2021], Naeem et al. [2022] and
Farid et al. [2022]. In addition, the TCI is heterogenous and shows great fluctuation over time,
presenting a higher level of connectedness in crisis periods of The Global Financial Crises,
The European Sovereign Debt Crisis, The Crude Oil Collapse, The COVID-19 Pandemic, and
The Russo-Ukrainian war also found in previous literature (Dahl et al. [2020], Jiang and Chen

[2022], Furuoka et al. [2023]).
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Finally, to provide a deeper understanding of the evolution of the net connectedness among
the six categories, the aggregated net dynamic connectedness results are displayed in Figure 3.
The categories of grains and energy arise as the largest consecutive information spillover con-
tributors to others, followed by industrial metals, which is mainly a contributor, but sometimes
serve as a receiver of shocks. Conversely, livestock and precious metals are the most dom-
inant consecutive receivers of information, followed by the group of softs, which sometimes
is a contributor of shocks. Farid et al. [2022] and Caporin et al. [2021] also suggest that en-
ergy is a dominant information contributor. However Farid et al. [2022] find that from 2006 to
2020 livestock has to lowest time-varying net connectedness in the network of energy, metals,
grains, livestock and soft underlining the significance of the asset and sample period choice. In
addition, it can be noted that the net connectedness measures typically increase during crisis

periods.

Figure 3: Net connectedness among the six aggregated categories
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Notes: The figure consists of six sub-figures presenting each group’s net connectedness measure with employing
aggregation. Positive values mean that the given category acts as a net shock transmitter to other categories.
Conversely, negative net connectedness measure implies the role of a net information receiver in the network of

the six commodity groups.
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V.2 The effects of global events and crisis on the network of commodities

This section aims to examine the effects of the five main global crises in the sample period
(GFC, ESDC, OIL, COVID, WAR) by computing the network graph of six aggregated groups
of commodities before and after the shock and assessing the significance of the changes in them
(Badics et al. [2023]) by employing the moving-block bootstrap approach by Briiggemann et al.
[2016].

Before presenting the result, it is crucial to clarify the interpretation of the network graphs.
Each snapshot graph consists of three networks: two plots on the top, and one on the bottom.
The top two networks are obtained from the VAR estimation. The top left network presents the
connectedness of the six aggregated groups before the given crisis (represented by a window
size of 250 days spanning until the day before the outbreak), while the top right network presents
the connectedness after the outbreak (represented by a window size of 250 days from the day
of the outbreak). Each node represents a group of commodities, with the pie chart around them
displaying the proportion of shocks transmitted (red) and received (green). The size of the node
indicates the sum value. The top 10% of all possible net pairwise connections are represented
by the edges, displaying both the direction (arrow) of net information flow and the magnitude
(thickness). Nodes with red (green) letters represent time series where the to/sum (from/sum)

ratio is greater than 60%.

The network on the bottom, obtained from the moving-block bootstrap method, displays
only the significant changes between the upper graphs’ connectedness measures (sum, from,
to, and net) between the two periods at 32% levels® The border color is red (green) if the net
connectedness increased (decreased), the size of the node indicates if there was a significant
change in the sum value. If the size of the node is below (above) the average size, it implies
a significant decrease (increase) in the sum measure. Finally, the red (green) title of the node

represents the groups where the to/sum (from/sum) ratio increased by more than 5%.

The use of 32% significance level is the common choice in VAR bootstrap estimation.
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Figure 4: The network graph of six commodities before and after the GFC

2008-09-12 — 2009-08-28

p <0.32 .

Notes: The three plots present the change in the network dynamics of the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, softs, and livestock) due to the Global Financial Crisis. The top
left graph shows the dynamics of the network before the crisis, while the top right graph presents the connectedness
after the outbreak of the crisis. The bottom graph only reports the significant changes in the network caused by
the crisis. Each node represents a commodity group and each edge shows the net spillover. Red (green) letters
represent time series where the to/sum (from/sum) ratio is greater than 60% and the pie chart displays the proportion

of shocks transmitted (red) and received (green).
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Figure 5: The network graph of six commodities before and after the ESDC

2010-11-19 2011-11-04

Notes: The three plots present the change in the network dynamics of the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, softs, and livestock) due to the European Sovereign Debt Crisis.
The top left graph shows the dynamics of the network before the crisis, while the top right graph presents the
connectedness after the outbreak of the crisis. The bottom graph only reports the significant changes in the network
caused by the crisis. Each node represents a commodity group and each edge shows the net spillover. Red (green)
letters on the top two graphs represent time series where the to/sum (from/sum) ratio is greater than 60% and the

pie chart displays the proportion of shocks transmitted (red) and received (green).
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Figure 6: The network graph of six commodities before and after the Crude Qil Collapse

2014-07-30 2015-07-15

p <0.32

Notes: The three plots present the change in the network dynamics of the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, softs, and livestock) due to the Crude Oil Collapse. The top left
graph shows the dynamics of the network before the crisis, while the top right graph presents the connectedness
after the outbreak of the crisis. The bottom graph only reports the significant changes in the network caused by
the crisis. Each node represents a commodity group and each edge shows the net spillover. Red (green) letters on
the top two graphs represent time series where the to/sum (from/sum) ratio is greater than 60% and the pie chart

displays the proportion of shocks transmitted (red) and received (green).
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Figure 7: The network graph of six commodities before and after the COVID-19

2020-01-17 2021-01-01

p <0.32 ‘

Notes: The three plots present the change in the network dynamics of the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, softs, and livestock) due to the COVID-19 Pandemic. The top
left graph shows the dynamics of the network before the crisis, while the top right graph presents the connectedness
after the outbreak of the crisis. The bottom graph only reports the significant changes in the network caused by
the crisis. Each node represents a commodity group and each edge shows the net spillover. Red (green) letters on
the top two graphs represent time series where the to/sum (from/sum) ratio is greater than 60% and the pie chart

displays the proportion of shocks transmitted (red) and received (green).
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Figure 8: The network graph of six commodities before and after the Russo-Ukrainian war

2022-02-23 2023-02-28

Notes: The three plots present the change in the network dynamics of the six aggregated groups of commodities
(energy, industrial metals, precious metals, grains, softs, and livestock) due to the Russo-Ukrainian War. The top
left graph shows the dynamics of the network before the crisis, while the top right graph presents the connectedness
after the outbreak of the crisis. The bottom graph only reports the significant changes in the network caused by
the crisis. Each node represents a commodity group and each edge shows the net spillover. Red (green) letters on
the top two graphs represent time series where the to/sum (from/sum) ratio is greater than 60% and the pie chart

displays the proportion of shocks transmitted (red) and received (green).
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As opposed to previous literature’s findings the effects of the five cries have a relatively
weaker impact on the network of commodity groups examined. This is because previous litera-
ture only focused on the before and after network graphs, and have not evaluated the significance
of the changes induced by the crises (Guhathakurta et al. [2020]). In addition, previous studies
have not employed aggregation methods. This means that in most cases even though the edges
changed in the network graphs, the change was not statistically significant. Figure 4-8 present

the results of the changes cased by the five crises.

For example, the network constructed after the outbreak of the Global Financial Crisis (Fig-
ure 4) is mostly in line with the findings of Naeem et al. [2022]. They found that during the
crisis grains showed mild connectedness with the other groups, livestock presented strong bi-
directional connectedness with other agricultural groups, and softs were rather disconnected.
However, after examining the significance of these changes, only the increase in net spillover

between grains and energy appears to be statistically significant.

Another similar example is the COVID-19 Pandemic (Figure 7), where similar results were
found as well when examining the network after the outbreak. Naeem et al. [2022] noted that
oil shocks and agriculture commodities have a high level of connectedness, softs are net infor-
mation transmitters, while grains are receivers. Moreover, Farid et al. [2022] found that the
Pandemic notably increased spillover between commodities: grains became the largest shock
transmitter, while metals were the receiver of information. However, when examining the sig-

nificance of these changes, none of them are considered statistically significant.
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V.3 Net connectedness of six commodity groups and the determining fac-

tors

Three economic factors’, two financial factors’, three geopolitical factors’ and five crises’ im-
pacts are tested on the aggregated net connectedness of the six categories of commodities, and
the TCI with and without aggregation of the 33 assets’. Information on the starting and end
dates of the five crises is provided in Table 9 in the Appendix. The analysis is based on the
works of Ugolini et al. [2023], where several determining factors impact was tested on the net

connectedness of five asset classes of DeFi, cryptocurrency, stock, and safe-haven.

(13)

Table 3 presents the result of the OLS regression for the fundamental and non-fundamental
factors. The Baltic Exchange Dry Index (BDIY) is found to have a significant negative effect
on the aggregated net connectedness of energy, precious metals, and the TCI with and without
aggregation, while it positively impacts livestock. Ma et al. [2021] found that BDIY plays
the most dominant role in the metal market. The Spread is only significant in the case of
grains, demonstrating a positive impact on the category’s net connectedness, while Mandaci
et al. [2023] found a rather weak impact on the TCI. The Volatility Index (VIX) is found to
be one of the top factors in terms of explanatory power, with almost being significant for each
connectedness measure, except for industrial metals and grains. The findings are in line with the
findings of Hu et al. [2020], Al-Yahyaee et al. [2020], and Ma et al. [2021]. VIX demonstrates
a positive impact on energy and the TCI with and without aggregation (Mandaci et al. [2023]),
and a negative effect on precious metals, soft, and livestock. The Standard and Poor’s 500 stock
market index is also a top determining factor. It plays a role in the evolution of the agricultural
market (Ma et al. [2021]), except for the group of grains. The U.S. Economic Policy Uncertainty
(EPU) Index has also a large explanatory power (Hu et al. [2020], Al-Yahyaee et al. [2020]),
being significant across half of the commodity categories, and also in explaining the TCI with
and without aggregation. It positively affects energy and the two TCI measures, while having a

negative impact on industrial metals and livestock. Finally, the Geopolitical Risk Index (GPR)

"Eq. (13) presents the OLS regression. The left-hand side variable (C) presents the various connectedness

measures.
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is found to be statistically insignificant in all cases as opposed to previous findings (Wang et al.

[2022], Mandaci et al. [2023]).

Table 3 The impact of economic, financial, and geopolitical factors on the connectedness

energy ind. metals  prec. metals  grains softs livestock TCI(without)  TCI(with)
B -6.4e-02%**  1.0e-03 2.2e-02%** -4.4e-04 7.4e-03 3.4e-02%** -5.0e-02%%* -3.9e-02%**
(-6.1e+00) (2.1e-01) (4.2e+00) (-6.1e-02)  ( 1.5e+00) (3.0e+00) (-7.4e+00) (-6.6e+00)
BDIY  -5.9e-05***  -2.1e-05 -1.1e-05%**  -1.9e-05 3.3e-05 7.7e-05%** -3.8e-05%#* -2.4e-05%#*
(-1.1e+00) (-8.3e-01) (-4.0e-01) (-5.1e-01)  (1.3e+00) (1.3e+00) (-1.1e+00) (-7.7e-01)
Spread  1.1e-02 5.6e-03 -3.1e-02 8.0e-02%*  -2.3e-02 -4.2e-02 1.6e-02 4.5e-02
(2.2e-01) (2.5e-01) (-1.2e+00) (2.4e+00)  (-9.9e-01) (-8.1e-01) (4.9¢e-01) (1.6e+00)
VIX  2.5e-03%** 2.1e-04 -9.9e-04***  4.2e-04 -5.8e-04%**  _1.6e-03***  2.4e-03*** 2.0e-03%**
(5.2e+00) (9.8e-01) (-4.1e+00) (1.3e+00)  (-2.6e+00) (-3.0e+00) (7.6e+00) (7.4e+00)
SP500  -7.0e-04***  9.2e-05 1.2e-04* -1.2e-04 1.2e-04* 4.9e-04%%* -2.1e-04%* -1.5e-04%**
(-5.3e+00) (1.5e+00)  ( 1.8e+00) (-1.3e+00)  ( 1.9e+00) (3.5e+00) (-2.5e+00) (-2.1e+00)
EPU  1.7e-04%#* -4.1e-05* -1.2e-05 -3.3e-05 2.3e-05 -1.1e-04%* 7.7e-05%* 6.3e-05%*
(3.5e+00) (-1.8e+00)  (-4.9e-01) (-9.9e-01)  (9.9e-01) (-2.0e+00) (2.4e+00) (2.3e+00)
GPR  5.5¢-04 -1.6e-05 -3.1e-04 -3.8e-04 3.7e-05 1.1e-04 3.4e-04 1.5e-04
(1.3e+00) (-8.3e-02) (-1.5e+00) (-1.3e+00)  (1.9e-01) (2.6e-01) (1.3e+00) (6.5e-01)
GPA  -2.9e-04 3.2e-05 1.4e-04 1.4e-04 -1.0e-05 -7.4e-06 -1.5e-04 -9.4e-05
(-1.6e+00) (3.9¢-01) (1.5e+00) (1.1e+00)  (-1.2e-01) (-3.9¢-02) (-1.3e+00) (-9.5¢-01)
GPT  -2.2¢-04 -3.4e-05 1.3e-04 2.2e-04**  -1.6e-05 -8.0e-05 -1.8e-04 -7.2e-05

(-1.0e+00)  (-3.3e-01)  (1.1e+00)  (1.5e+00) (-1.5e-01) (-3.4e-01) (-1.3e+00) (-5.7¢-01)

Notes: The impact of three economic, two financial, and three geopolitical factors are tested on the net connected-
ness of each aggregated net connectedness measure of energy, industrial metals, precious metals, grains, soft, and
livestock. In addition, each factor’s significance is tested on the total connectedness with and without employing
aggregation. T-statistics are reported in round brackets. *, ** and *** indicate significance at the 10%, 5%, and

1% levels, respectively.

Next we examine the impact of crises on the connectedness measures, represented as dummy
variables, taking the value of one during the given crisis, and zero otherwise. Table 9 in the Ap-
pendix presents the starting and end dates of the five crises®: GFC, ESDC, OIL, COVID, and
WAR. Table 4 presents the regression results. The GFC is found to have the largest impact,
having a negative effect on energy and the two TCI measures, and a positive effect on the net
aggregated connectedness of the category of precious metals. The ESDC is only significant
in the case of energy and the TCI measure without aggregation, and has a negative impact in

each case. The decline in crude oil has a positive significant impact on the net connectedness

8The dates for the Global Financial Crises, the European Sovereign Debt Crisis, and the COVID-19 Pandemic
are based on Badics et al. [2023]. Crude Oil Collapse dates are sourced from Cornell [2015], while the Russo-

Ukrainian war dates are from Wu et al. [2023].
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of energy, however, it does not affect the other categories nor the TCI measures. This could
imply that energy-related shocks only affect the commodities from the group of energy and do
not spill over to others. COVID has a weak impact on the connectedness measures (Wang et al.
[2022]). The results show a negative impact on the group of energy and the two TCI measures

and a positive effect on livestock. Finally, the WAR is found to be statistically insignificant.

Table 4 The impact of five global crises on the connectedness

energy ind. metals  prec. metals  grains softs livestock TCI(without)  TCI(with)
B -6.4e-02%**  1.0e-03 2.2e-02%%%* -4.4e-04 7.4e-03 3.4e-02%%*  -5.0e-02%** -3.9e-02%**
(-6.1e+00) (2.1e-01) (4.2e+00) (-6.1e-02)  (1.5e+00)  (3.0e+00)  (-7.4e+00) (-6.6e+00)
GFC  -4.1e-02***  6.7e-03 2.0e-027%#* -2.0e-02 6.4e-03 2.8e-02%* -4.2e-02%%* -3.6e-02%**
(-3.0e+00) (1.0e+00)  (2.9e+00) (-2.0e+00)  (9.6e-01)  (1.8e+00)  (-4.6e+00) (-4.5e+00)
ESDC  -2.1e-02* -1.7¢-03 8.7e-03 4.6e-03 7.5e-04 9.1e-03 -1.7e-02%* -1.0e-02
(-1.9e+00) (-3.3e-01) ( 1.5e+00) (5.8e-01) (1l.4e-01)  (7.4e-01) (-2.3e+00) (-1.5e+00)
OIL  5.4e-02%** -1.4e-02 -1.1e-02 -1.4e-02 -2.0e-03 -1.4e-02 2.1e-02 1.1e-02
(2.7e+00) (-1.5e+00)  (-1.0e+00) (-9.8e-01)  (-2.1e-01)  (-6.4e-01) (1.6e+00) (9.9¢e-01)
COVID  -3.8e-02***  9.1e-03 9.2e-03 -6.4e-03 -1.5e-03 2.7e-02%* -2.2e-02%%* -2.4e-02%%*
(-2.8e+00) (1.5e+00)  ( 1.3e+00) (-6.9¢-01)  (-2.4e-01)  (1.9e+00)  (-2.5e+00) (-3.1e+00)
WAR  -1.6e-02 5.4e-03 2.1e-03 1.6e-03 -6.4e-04 7.8e-03 -1.2e-02 -3.2e-03

(-1.3e+00)  (9.7e-01)  (3.3e-01) (1.9e-01)  (-1.1e-01)  (6.0e-01)  (-1.5e+00) (-4.7¢-01)

Notes: The impact of five global crises (the Global Financial Crisis, the European Sovereign Debt Crisis, the Crude
Oil Collapse, the COVID-19 Pandemic, and the Russo-Ukrainian war) are tested on the net connectedness of each
aggregated net connectedness measure of energy, industrial metals, precious metals, grains, softs, and livestock. In
addition, each factor’s significance is tested on the total connectedness with and without employing aggregation.
T-statistics are reported in round brackets. *, ** and *** indicate significance at the 10%, 5%, and 1% levels,

respectively.
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VI Robustness test

In this section, the robustness of the results are tested. First, the connectedness measure’s
robustness is assessed with a window size of 200 and 300. Second, the robustness of the OLS

regression is tested by defining energy and non-energy-related crises.

First, to test the robustness of the connectedness results, in addition to the 250 day rolling
window size, the dynamics of the total spillover index with and without aggregation are con-
structed with rolling windows of 280 (Figure 11) and 300 (Figure 13) days (Guhathakurta et al.
[2020], Hu et al. [2020]). The figures show that the total connectedness indices with and without

aggregation do not change, therefore the results are robust with respect to the window size.

Second, the robustness of the OLS regression model is checked by constructing two dummy
variables instead of the original five: energy-related shocks (the Crude Oil Collapse and the
Russo-Ukrainian War) and non-energy-related shocks (the Global Financial Crisis, the Euro-
pean Sovereign Debt Crisis, and the COVID-19 Pandemic). Table 10 presents the model output

and shows that the results do not significantly differ from previous findings.
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VII Conclusion

In this study, the static and dynamic connectedness of commodity volatilities was analyzed
among 33 assets from all six groups of energy, industrial metals, precious metals, soft, grains,
and livestock from 25th August 1998 to 1st of April 2024. In addition, the impact of several
influential global events and crises and other fundamental and non-fundamental factors on the

connectedness measures were examined.

The results show a relatively weaker level of inter-group connectedness and a strong level of
intra-group connectedness. The aggregated categories of grains and energy turned out to be the
main shock transmitters, while livestock, followed by precious metals are the main receivers.
The connectedness measures are shown to have time-varying features, with an increased level
of connectedness during times of crisis. The BDIY, the VIX, and the S&P 500 are all proven to
have a significant impact on the net aggregated group connectedness measures as well as on the
total connectedness measures. Finally, the GFC and the COVID-19 Pandemic are found to be
key factors in explaining the connectedness measures. However, after testing the significance of
several previously identified changes in the connectedness network graph due to crisis events, -

employing the moving-block bootstrap method - the results show only a few key differences.

Furthermore, the findings have important implications for market regulators. First, acknowl-
edging that all assets are connected both on the micro and macro levels, allows policymakers to
assess systematic risk and potential risk spillovers during financial downturns. Second, identi-
fying the key information transmitters and receivers in the commodity network provides great

insight into the dynamics of commodities.

30



References

Al-Yahyaee, K. H., Rehman, M. U., Al-Jarrah, I. M. W., Mensi, W., and Vo, X. V. (2020).
Co-movements and spillovers between prices of precious metals and non-ferrous metals: a

multiscale analysis. Resources Policy, 67:101680.

Andreasson, P., Bekiros, S., Nguyen, D. K., and Uddin, G. S. (2016). Impact of speculation
and economic uncertainty on commodity markets. International review of financial analysis,

43:115-127.

Ang, A. and Bekaert, G. (2002). International asset allocation with regime shifts. The review of
financial studies, 15(4):1137-1187.

Badics, M. C. (2023). Network Analysis of the Financial Sector: A Comprehensive Perspective
with Adaptive Joint LASSO Method. PhD thesis, Budapesti Corvinus Egyetem, Budapest.

Badics, M. C., Huszar, Z. R., and Kotro, B. B. (2023). The impact of crisis periods and monetary
decisions of the fed and the ecb on the sovereign yield curve network. Journal of International

Financial Markets, Institutions and Money, page 101837.

Badshah, I., Demirer, R., and Suleman, M. T. (2019). The effect of economic policy uncer-
tainty on stock-commodity correlations and its implications on optimal hedging. Energy

Economics, 84:104553.

Bai, J. and Perron, P. (2003). Computation and analysis of multiple structural change models.

Journal of applied econometrics, 18(1):1-22.

Bakas, D. and Triantafyllou, A. (2018). The impact of uncertainty shocks on the volatility of

commodity prices. Journal of International Money and Finance, 87:96-111.

Baker, S. R., Bloom, N., and Davis, S. J. (2016). Measuring economic policy uncertainty. The
quarterly journal of economics, 131(4):1593-1636.

Balcilar, M., Gabauer, D., and Umar, Z. (2021). Crude oil futures contracts and commodity
markets: New evidence from a tvp-var extended joint connectedness approach. Resources

Policy, 73:102219.

31



Barbaglia, L., Croux, C., and Wilms, 1. (2020). Volatility spillovers in commodity markets: A

large t-vector autoregressive approach. Energy Economics, 85:104555.

Barunik, J. and Kiehlik, T. (2018). Measuring the frequency dynamics of financial connected-

ness and systemic risk. Journal of Financial Econometrics, 16(2):271-296.

Barunk, J., Kocendah, E., and Vachaa, L. (2015). Volatility spillovers across petroleum markets.
The Energy Journal, 36(3):309-330.

Basak, S. and Pavlova, A. (2016). A model of financialization of commodities. The Journal of

Finance, 71(4):1511-1556.

Batten, J. A., Ciner, C., and Lucey, B. M. (2015). Which precious metals spill over on which,
when and why? some evidence. Applied Economics Letters, 22(6):466—473.

Bekaert, G., Hodrick, R. J., and Zhang, X. (2009). International stock return comovements. The
Journal of Finance, 64(6):2591-2626.

Belousova, J. and Dorfleitner, G. (2012). On the diversification benefits of commodities from

the perspective of euro investors. Journal of Banking & Finance, 36(9):2455-2472.

Billio, M., Getmansky, M., Lo, A. W., and Pelizzon, L. (2012). Econometric measures of
connectedness and systemic risk in the finance and insurance sectors. Journal of financial

economics, 104(3):535-559.

Briiggemann, R., Jentsch, C., and Trenkler, C. (2016). Inference in vars with conditional het-

eroskedasticity of unknown form. Journal of econometrics, 191(1):69-85.

Buse, R., Schienle, M., and Urban, J. (2022). Assessing the impact of policy and regulation
interventions in european sovereign credit risk networks: What worked best? Journal of

International Economics, 139:103673.

Biiyiiksahin, B. and Robe, M. A. (2014). Speculators, commodities and cross-market linkages.

Journal of International Money and Finance, 42:38-70.

Caldara, D. and lacoviello, M. (2022). Measuring geopolitical risk. American Economic Re-

view, 112(4):1194-1225.

32



Campbell, R., Koedijk, K., and Kofman, P. (2002). Increased correlation in bear markets.
Financial Analysts Journal, 58(1):87-94.

Caporin, M., Naeem, M. A., Arif, M., Hasan, M., Vo, X. V., and Shahzad, S. J. H. (2021).
Asymmetric and time-frequency spillovers among commodities using high-frequency data.

Resources Policy, 70:101958.

Cheng, I.-H. and Xiong, W. (2014). Financialization of commodity markets. Annu. Rev. Financ.
Econ., 6(1):419-441.

Cornell, B. (2015). Information and the oil price collapse. Available at SSRN 2584796.

Cui, J. and Maghyereh, A. (2024). Unveiling interconnectedness: Exploring higher-order mo-
ments among energy, precious metals, industrial metals, and agricultural commodities in the

context of geopolitical risks and systemic stress. Journal of Commodity Markets, 33:100380.

Da, Z., Tang, K., Tao, Y., and Yang, L. (2023). Financialization and commodity markets serial

dependence. Management Science.

Dahl, R. E., Oglend, A., and Yahya, M. (2020). Dynamics of volatility spillover in commodity

markets: Linking crude oil to agriculture. Journal of Commodity Markets, 20:100111.

Demirer, R., Omay, T., Yuksel, A., and Yuksel, A. (2018). Global risk aversion and emerging

market return comovements. Economics Letters, 173:118-121.

Diebold, F. X., Liu, L., and Yilmaz, K. (2017). Commodity connectedness. Technical report,

National Bureau of Economic Research.

Diebold, F. X. and Yilmaz, K. (2009). Measuring financial asset return and volatility spillovers,

with application to global equity markets. The Economic Journal, 119(534):158-171.

Diebold, F. X. and Yilmaz, K. (2012). Better to give than to receive: Predictive directional

measurement of volatility spillovers. International Journal of forecasting, 28(1):57-66.

Diebold, F. X. and Yilmaz, K. (2014). On the network topology of variance decompositions:

Measuring the connectedness of financial firms. Journal of econometrics, 182(1):119-134.

Diebold, F. X. and Yilmaz, K. (2015). Financial and macroeconomic connectedness: A network

approach to measurement and monitoring. Oxford University Press, USA.

33



Engle, R. (2001). Garch 101: The use of arch/garch models in applied econometrics. Journal
of economic perspectives, 15(4):157-168.

Fan, J. and Li, R. (2001). Variable selection via nonconcave penalized likelihood and its oracle

properties. Journal of the American statistical Association, 96(456):1348-1360.

Fan, Y. and Xu, J.-H. (2011). What has driven oil prices since 2000? a structural change
perspective. Energy Economics, 33(6):1082-1094.

Farid, S., Naeem, M. A., Paltrinieri, A., and Nepal, R. (2022). Impact of covid-19 on the quan-
tile connectedness between energy, metals and agriculture commodities. Energy economics,

109:105962.

Furuoka, F., Yaya, O. S., Ling, P. K., Al-Faryan, M. A. S., and Islam, M. N. (2023). Trans-
mission of risks between energy and agricultural commodities: Frequency time-varying var,

asymmetry and portfolio management. Resources Policy, 81:103339.

Gardebroek, C., Hernandez, M. A., and Robles, M. (2016). Market interdependence and volatil-

ity transmission among major crops. Agricultural Economics, 47(2):141-155.

Ghosh, B., Pham, L., Teplova, T., and Umar, Z. (2023). Covid-19 and the quantile connected-

ness between energy and metal markets. Energy Economics, 117:106420.

Giles, D. E. (2008). Some properties of absolute returns as a proxy for volatility. Applied
Financial Economics Letters, 4(5):347-350.

Goetzmann, W. N., Li, L., and Rouwenhorst, K. G. (2001). Long-term global market correla-

tions.

Gong, X., Liu, Y., and Wang, X. (2021). Dynamic volatility spillovers across oil and natural gas
futures markets based on a time-varying spillover method. International Review of Financial

Analysis, 76:101790.

Gong, X. and Xu, J. (2022). Geopolitical risk and dynamic connectedness between commodity

markets. Energy Economics, 110:106028.

Gong, X., Xu, J., Liu, T., and Zhou, Z. (2022). Dynamic volatility connectedness between in-

dustrial metal markets. The North American Journal of Economics and Finance, 63:101814.

34



Greenwood-Nimmo, M., Nguyen, V. H., and Rafferty, B. (2016). Risk and return spillovers

among the g10 currencies. Journal of Financial Markets, 31:43—-62.

Greenwood-Nimmo, M. and Tarassow, A. (2022). Bootstrap-based probabilistic analysis of
spillover scenarios in economic and financial networks. Journal of Financial Markets,

59:100661.

Guhathakurta, K., Dash, S. R., and Maitra, D. (2020). Period specific volatility spillover based
connectedness between oil and other commodity prices and their portfolio implications. En-

ergy Economics, 85:104566.

Hamilton, J. D. (1990). Analysis of time series subject to changes in regime. Journal of

econometrics, 45(1-2):39-70.

Henderson, B. J., Pearson, N. D., and Wang, L. (2015). New evidence on the financialization

of commodity markets. The Review of Financial Studies, 28(5):1285-1311.

Hu, M., Zhang, D., Ji, Q., and Wei, L. (2020). Macro factors and the realized volatility of

commodities: a dynamic network analysis. Resources Policy, 68:101813.

Hu, Y., Lang, C., Corbet, S., Hou, Y. G., and Oxley, L. (2023). Exploring the dynamic behaviour
of commodity market tail risk connectedness during the negative wti pricing event. Energy

Economics, 125:106829.

Hung, N. T. (2021). Oil prices and agricultural commodity markets: Evidence from pre and

during covid-19 outbreak. Resources policy, 73:102236.

Ji, Q., Geng, J.-B., and Tiwari, A. K. (2018). Information spillovers and connectedness net-

works in the oil and gas markets. Energy Economics, 75:71-84.

Jiang, W. and Chen, Y. (2022). The time-frequency connectedness among metal, energy and

carbon markets pre and during covid-19 outbreak. Resources Policy, 77:102763.

Jiang, W. and Chen, Y. (2024). Impact of russia-ukraine conflict on the time-frequency and
quantile connectedness between energy, metal and agricultural markets. Resources Policy,

88:104376.

Just, M. and Echaust, K. (2022). Dynamic spillover transmission in agricultural commodity

markets: what has changed after the covid-19 threat? Economics Letters, 217:110671.

35



Kang, S. H., Mclver, R., and Yoon, S.-M. (2017). Dynamic spillover effects among crude oil,

precious metal, and agricultural commodity futures markets. Energy Economics, 62:19-32.

Kang, S. H., Tiwari, A. K., Albulescu, C. T., and Yoon, S.-M. (2019). Exploring the time-
frequency connectedness and network among crude oil and agriculture commodities v1. En-

ergy Economics, 84:104543.

Karyotis, C. and Alijani, S. (2016). Soft commodities and the global financial crisis: Impli-
cations for the economy, resources and institutions. Research in International Business and

Finance, 37:350-359.

Kilian, L. (2009). Not all oil price shocks are alike: Disentangling demand and supply shocks

in the crude oil market. American economic review, 99(3):1053—-1069.

Koop, G., Pesaran, M. H., and Potter, S. M. (1996). Impulse response analysis in nonlinear

multivariate models. Journal of econometrics, 74(1):119-147.

Longin, F. and Solnik, B. (1995). Is the correlation in international equity returns constant:

1960-1990? Journal of international money and finance, 14(1):3-26.

Longin, F. and Solnik, B. (2001). Extreme correlation of international equity markets. The

Journal of finance, 56(2):649—-676.

Lu, C., Zafar, M. W, Cevik, E. L., Destek, M. A., and Bugan, M. F. (2023). Time and quantile
domain connectedness between the geopolitical risk of china and precious metals markets.

Resources Policy, 85:103721.

Ma, Y.-r., Ji, Q., and Pan, J. (2019). Oil financialization and volatility forecast: Evidence from

multidimensional predictors. Journal of Forecasting, 38(6):564-581.

Ma, Y.-R., Ji, Q., Wu, F, and Pan, J. (2021). Financialization, idiosyncratic information and

commodity co-movements. Energy Economics, 94:105083.

Maitra, D., Guhathakurta, K., and Kang, S. H. (2021). The good, the bad and the ugly rela-
tion between oil and commodities: An analysis of asymmetric volatility connectedness and

portfolio implications. Energy Economics, 94:105061.

36



Mandaci, P. E., Azimli, A., and Mandaci, N. (2023). The impact of geopolitical risks on con-
nectedness among natural resource commodities: A quantile vector autoregressive approach.

Resources Policy, 85:103957.

Naeem, M. A., Karim, S., Hasan, M., Lucey, B. M., and Kang, S. H. (2022). Nexus between
oil shocks and agriculture commodities: Evidence from time and frequency domain. Energy

Economics, 112:106148.

Nazlioglu, S., Erdem, C., and Soytas, U. (2013). Volatility spillover between oil and agricultural

commodity markets. Energy economics, 36:658—665.

Pesaran, H. H. and Shin, Y. (1998). Generalized impulse response analysis in linear multivariate

models. Economics letters, 58(1):17-29.

Sensoy, A. (2013). Dynamic relationship between precious metals. Resources Policy,

38(4):504-511.

Silvennoinen, A. and Thorp, S. (2013). Financialization, crisis and commodity correlation

dynamics. Journal of International Financial Markets, Institutions and Money, 24:42—-65.

Sims, C. A. (1980). Macroeconomics and reality. Econometrica: journal of the Econometric

Society, pages 1-48.

Skiadopoulos, G. (2012). Investing in commodities: Popular beliefs and misconceptions. Jour-

nal of Asset Management, 13:77-83.

Tang, K. and Xiong, W. (2012). Index investment and the financialization of commodities.

Financial Analysts Journal, 68(6):54-74.

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal

Statistical Society Series B: Statistical Methodology, 58(1):267-288.

Tiwari, A. K., Abakah, E. J. A., Adewuyi, A. O., and Lee, C.-C. (2022). Quantile risk spillovers
between energy and agricultural commodity markets: Evidence from pre and during covid-19

outbreak. Energy Economics, 113:106235.

Triacca, U. (2007). On the variance of the error associated to the squared return as proxy of

volatility. Applied Financial Economics Letters, 3(4):255-257.

37



Uddin, G. S., Shahzad, S. J. H., Boako, G., Hernandez, J. A., and Lucey, B. M. (2019).
Heterogeneous interconnections between precious metals: Evidence from asymmetric and

frequency-domain spillover analysis. Resources Policy, 64:1015009.

Ugolini, A., Reboredo, J. C., and Mensi, W. (2023). Connectedness between defi, cryptocur-

rency, stock, and safe-haven assets. Finance Research Letters, 53:103692.

Umar, Z., Jarefio, F., and Escribano, A. (2021). Oil price shocks and the return and volatility

spillover between industrial and precious metals. Energy Economics, 99:105291.

Vivian, A. and Wohar, M. E. (2012). Commodity volatility breaks. Journal of International
Financial Markets, Institutions and Money, 22(2):395-422.

Wang, Y., Bouri, E., Fareed, Z., and Dai, Y. (2022). Geopolitical risk and the systemic risk in

the commodity markets under the war in ukraine. Finance Research Letters, 49:103066.

Wu, Y., Ren, W,, Wan, J., and Liu, X. (2023). Time-frequency volatility connectedness be-
tween fossil energy and agricultural commodities: Comparing the covid-19 pandemic with

the russia-ukraine conflict. Finance Research Letters, 55:103866.

Yang, J., Balyeat, R. B., and Leatham, D. J. (2005). Futures trading activity and commodity
cash price volatility. Journal of Business Finance & Accounting, 32(1-2):297-323.

Yip, P. S., Brooks, R., Do, H. X., and Nguyen, D. K. (2020). Dynamic volatility spillover
effects between oil and agricultural products. International Review of Financial Analysis,

69:101465.

Zhang, D. and Broadstock, D. C. (2020). Global financial crisis and rising connectedness in the

international commodity markets. International Review of Financial Analysis, 68:101239.

Zhou, Y., Wu, S., and Zhang, Z. (2022). Multidimensional risk spillovers among carbon, energy
and nonferrous metals markets: Evidence from the quantile var network. Energy Economics,

114:106319.

Zou, H. (2006). The adaptive lasso and its oracle properties. Journal of the American statistical

association, 101(476):1418-1429.

38



Appendix

Table 5 Summary of the literature review

Author(s) Time series Regularization Crisis Aggregation Determinants Number
of assets
Batten et al. [2015] return + volatility no no no no 4
Barunk et al. [2015] volatility no no no no 3
Kang et al. [2017] return + volatility no no no no 6
Diebold et al. [2017] volatility yes no yes no 19
Jietal. [2018] return no no no no 5
Kang et al. [2019] return no no no no 6
Uddin et al. [2019] return + volatility no no no no 4
Zhang and Broadstock [2020] | return no GFC no no 7
Yip et al. [2020] volatility no no no no 4
Dahl et al. [2020] return + volatility no oil regimes no no 11
Barbaglia et al. [2020] volatility yes no no no 10
Hu et al. [2020] volatility no no no EPU. ESL DEE 3
SI, VIX, GPR
5 structural
Guhathakurta et al. [2020] volatility no breaks in oil yes no 17
prices
Al-Yahyaee et al. [2020] volatility no no no EPU, VIX 6
Hung [2021] return no COVID-19 no no 7
Gong et al. [2021] volatility no no no no 4
Balcilar et al. [2021] return no no no no 12
Umar et al. [2021] return + volatility no no no no 11
Caporin et al. [2021] volatility no no yes no 12
Maitra et al. [2021] volatility no no no no 23
Financialization, US
Ma et al. [2021] return no GFC yes Dollar Index, VIX, 21
BDI, DEF, S&P500
GFC, Shale Oil
Naeem et al. [2022] return + frequency no Revolution, yes no 20
COVID-19
Tiwari et al. [2022] volatility no COVID-19 no no 10
Zhou et al. [2022] return + volatility + no no no no 9
skweness + kurtosis
Farid et al. [2022] return no COVID-19 yes no 37
Just and Echaust [2022] return no no no no 5
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Number

Author(s) Time series Regularization Crisis Aggregation Determinants
of assets
Gong and Xu [2022] volatility no no no GPR, GPA, GPT 5
Jiang and Chen [2022] frequency no COVID-19 no no 7
volatility + skweness
Gong et al. [2022] no no no no 6
+ kurtosis

Wang et al. [2022] return + volatility no no no GPR, COVID-19 | 16

Ghosh et al. [2023] return no no no no 3
COVID-19,

Wu et al. [2023] volatility no Russo-Ukrainian | no no 7
war

Mandaci et al. [2023] return no no no GPR 12

Furuoka et al. [2023] frequency no no no no 7

Lu et al. [2023] return no no no GPR 4

Hu et al. [2023] return no no no no 6
Russo-Ukrainian

Jiang and Chen [2024] return no no no 7
war

Cui and Maghyereh [2024] skweness, kurtosis no no no GPR, FSI 17

Notes: The contents of the Literature review section are summarized in this table. The author, the type of the time

series used for modelling (return, volatility, skewness, kurtosis, and frequency), whether regularization methods

were employed (yes, no), crises were examined utilizing connectedness tables or graphs before and after the crisis

event, aggregation methods were employed (yes, no), and the impact of various determinants were tested on the

connectedness. Finally, it states the number of assets included in the study.
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Table 7 Commodity assets’ description

Group Commodity Exchange Bloomberg Ticker | First Date | Last Date
WTI NYMEX CL 1993.01.04
Heating oil NYMEX HO 1993.01.04
Gasoline NYMEX HU 1993.01.04 | 2006.05.10
Energy RBOB Gasoline NYMEX XB 2005.10.03
Brent Crude oil ICE-Europe | CO 1993.01.04
Gasoil ICE-Europe | QS 1993.01.04
Natural gas NYMEX NG 1993.01.04
Aluminium LME LA 1997.07.23
Copper Comex HG 1993.01.04
Nickel LME LN 1997.07.23
Industrial Metal
Lead LME LL 1997.07.23
Zinc LME LX 1997.07.23
Tin LME LT 1997.07.23
Gold Comex GC 1993.01.04
Silver Comex SI 1993.01.04
Precious Metal
Platinum NYMEX PL 1993.01.04
Palladium NYMEX PA 1993.01.04
Chicago wheat CBoT W- 1993.01.04
Kansas (red) wheat | CBoT KW 1993.01.04
Corn CBoT C- 1993.01.04
Grains Soybeans CBoT S- 1993.01.04
Soymeal CBoT SM 1993.01.04
Soyoil CBoT BO 1993.01.04
Oats CBoT O- 1993.01.04
Rough Rice CBoT RR 1993.01.04
Coffee ICE-US KC 1993.01.04
Sugar ICE-US SB 1993.01.04
Cocoa ICE-US CcC 1993.01.04
Softs
Cotton ICE-US CT 1993.01.04
Lumber CME LB 1993.01.04
Orange Juice ICE JO 1993.01.04
Lean hogs CME LH 1993.01.04
Livestock Live Cattle CME LC 1993.01.04
Feeder cattle CME FC 1993.01.04

Notes: This table reports the 33 commodity assets from each of the six categories, lists the exchange, the

Bloomberg ticker and the first and last date of the prices that were obtained.




Figure 9: Volatilities of 33 commodity futures
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Notes: Each of the 33 subplots reports the daily volatilities of the individual assets, computed using the squared of

returns methodology from 25th August 1998 to 1st of April 2024.
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Table 8 Descriptive statistics of the 33 commodities

Commodity Minimum Maximum Mean Std. dev. Skewness Kurtosis ADF
CL1 Comdty -0.85 279 133 0.49 -0.93 4.37  -10.57%%*
HO1 Comdty -1.25 267 1.29 0.50 -1.05 4.80 -11.99%**
HU1 Comdty -1.20 287 134 0.50 -1.07 490 -12.96%**
CO1 Comdty -0.77 2.73 1.28 0.49 -0.89 413 -11.48%%*
QS1 Comdty -0.35 2.89  1.29 0.48 -0.74 3.52  -10.82%**
NG1 Comdty -0.75 286 149 0.49 -0.95 433 -11.64%**
LA1 Comdty -1.03 234 1.10 0.47 -0.97 433 -13.23%**
HG1 Comdty -0.70 2.35 1.15 0.48 -0.76 3.66 -12.25%%*
LN1 Comdty -1.37 297 130 0.51 -1.06 524  -13.59%**
LL1 Comdty -0.71 255 122 0.48 -0.79 3.80 -11.32%%*
LX1 Comdty -2.14 278  1.20 0.49 -0.92 4.66 -10.48%**
LT1 Comdty -1.32 252 1.10 0.52 -0.79 4.06 -11.75%%%*
GC1 Comdty -1.02 227 094 0.50 -0.75 3.65 -12.21%%*

SI1 Comdty -1.27 257 117 0.52 -0.87 427 -11.45%**
PL1 Comdty -0.95 272 1.14 0.48 -0.96 441  -12.11%%*
PA1 Comdty -0.91 2.65 1.27 0.48 -0.89 422 -12.54%%*

W1 Comdty -0.35 2.58 1.29 0.44 -0.80 3.66 -13.46%**

KW1 Comdty -0.31 2.33 1.26 0.44 -0.76 342 -14.04%**

C1 Comdty -0.21 2.71 1.21 0.44 -0.53 3.09 -11.91%**

S1 Comdty -0.53 242 1.13 0.46 -0.70 3.50  -12.78%%*
SM1 Comdty -0.42 259  1.20 0.45 -0.65 3.46  -13.46%**
BO1 Comdty -0.54 226  1.17 0.45 -0.85 379  -12.36%**

O1 Comdty -0.17 282 131 0.44 -0.43 299 -14.16%**
RR1 Comdty -0.27 276  1.16 0.45 -0.56 325 -13.86%**
KC1 Comdty -0.40 2.61 1.30 0.46 -0.74 3.50  -15.19%**
SB1 Comdty -0.25 2.51 1.29 0.45 -0.63 312 -13.21%**
CC1 Comdty -0.24 234 125 0.46 -0.77 3.47  -13.28%%*
CT1 Comdty -0.91 272 1.19 0.50 -0.87 3.93  -13.35%**
LB1 Comdty -0.42 2.89 133 0.46 -0.84 392 -12.61%**
JO1 Comdty -0.55 264 1.26 0.47 -0.71 3.40 -15.03%%*
LHI1 Comdty -0.38 274 1.17 0.50 -0.43 338 -12.93%**
LC1 Comdty -0.58 248 097 0.47 -0.61 337  -13.18%**
FC1 Comdty -0.72 233  0.88 0.49 -0.46 3.15  -13.64%**

Notes: The descriptive statistics of asset volatilities are presented. The minimum, maximum, mean, standard
deviation, skewness, and kurtosis are stated. T-statistics for the Augmented Dickey and Fuller stationary test are

reported in round brackets. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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Table 9 Crisis starting and end dates

Crisis Start date End date
Global Financial Crisis (GFC) 09-15-2008 07-21-2010
European Sovereign Debt Crisis (ESDC) 11-21-2010 03-13-2013
The Decline in Crude Oil (OIL) 07-31-2014 03-16-2015
The COVID-19 Pandemic (COVID) 01-20-2020 12-31-2021
The Russo-Ukrainian War (WAR) 02-24-2022 04-01-2024

Notes: This table presents the starting and end dates for each of the five crises examined (the Global Financial
Crisis, the European Sovereign Debt Crisis, the Crude Oil Decline, the COVID-19 Pandemic, and the Russo-

Ukrainian War). The five crises’ impact was tested on various connectedness measures employing OLS regression.
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Figure 11: Robustness test: connectedness measure (A)

50

2000 2005 2010 2015 2020

Notes: The two figures serve as a robustness test for the computation of the connectedness measures. The figure
on the top is the total connectedness without aggregation. In contrast, the figure on the bottom is the total connect-
edness with aggregation using a rolling window size of 280 days, LASSO regression and a forecast horizon of 10

days.
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Figure 13: Robustness test: connectedness measure (B)

50

2000 2005 2010 2015 2020

Notes: The two figures serve as a robustness test for the computation of the connectedness measures. The figure
on the top is the total connectedness without aggregation. In contrast, the figure on the bottom is the total connect-
edness with aggregation using a rolling window size of 300 days, LASSO regression and a forecast horizon of 10

days.
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Table 10 Robustness test: the impact of crises, fundamental and non-fundamental factors on the

connectedness
energy industrial metals ~ precious metals  grains softs livestock TCI(without)  TCI(with)
B -5.8e-02%**  -1.1e-03 2.0e-02%** 2.4e-03 6.6e-03 3.0e-02 -4.5e-02%** -3.5e-02%**
(-5.7e+00) (-2.5e-01) (3.9¢+00) (3.5e-01) (1.4e+00)  (2.8e+00)  (-6.9e+00) (-6.1e+00)
BDIY  -6.0e-05 -2.0e-05 -1.2e-05 -1.8e-05 3.2e-05 7.8e-05 -3.6e-05 -2.3e-05
(-1.1e+00) (-8.0e-01) (-4.4e-01) (-4.8e-01) (1.3e+00)  (1.3e+00)  (-1.0e+00) (-7.6e-01)
Spread  1.1e-02 5.6e-03 -3.1e-02 7.9e-02%* -2.3e-02 -4.2e-02 1.6e-02 4.4e-02
(2.3e-01) (2.5e-01) (-1.3e+00) (2.4e+00)  (-9.9e-01) (-8.0e-01) (5.0e-01) ( 1.6e+00)
VIX  2.3e-03%** 2.9e-04 -8.4e-04+** 1.7e-04 -5.1e-04**  -1.4e-03 2.1e-03%*** 1.7e-03%:#*
(5.1e+00) ( 1.4e+00) (-3.8e+00) (5.7e-01) (-2.4e+00)  (-2.9e+00)  ( 7.2e+00) (6.9e+00)
SP500  -7.1e-04***  9.6e-05 1.2e-04* -1.3e-04 1.2e-04** 5.0e-04 -2.2e-04%%* -1.6e-04**
(-5.4e+00) ( 1.6e+00) (1.9e+00) (-1.4e+00)  (2.0e+00)  (3.5¢+00)  (-2.6e+00) (-2.2e+00)
EPU  1.6e-04 -3.5e-05 -1.8e-05 -2.0e-05 1.7e-05 -1.0e-04 8.5e-05%** 6.8e-05%***
(3.4e+00) (-1.6e+00) (-7.6e-01) (-6.3e-01) (7.7e-01) (-2.0e+00)  (2.8e+00) (2.6e+00)
GPR  6.2e-04 -3.4e-05 -3.1e-04 -4.2e-04 4.2e-05 1.0e-04 3.6e-04 1.5e-04
( 1.5e+00) (-1.8e-01) (-1.5e+00) (-1.5e+00)  (2.2e-01) (2.3e-01) ( 1.3e+00) (6.4e-01)
GPA  -3.1e-04* 3.5e-05 1.4e-04 1.5e-04 -1.1e-05 -8.4e-06 -1.5e-04 -8.8e-05
(-1.8e+00) (4.4e-01) (1.6e+00) (1.3e+00)  (-1.3e-01) (-4.4e-02) (-1.3e+00) (-8.9e-01)
GPT  -2.8e-04 -1.6e-05 1.3e-04 2.5e-04 -2.0e-05 -6.4e-05 -2.0e-04 -7.5e-05
(-1.3e+00) (-1.6e-01) ( 1.2e+00) (1.6e+00)  (-1.9e-01) (-2.7e-01) (-1.4e+00) (-6.0e-01)
energy_shock  1.6e-03 2.8e-04 -9.1e-04 -2.2e-03 -8.0e-04 2.1e-03 -4.0e-03 4.2e-04
(1.5e-01) (5.7e-02) (-1.7e-01) (-3.1e-01) (-1.6e-01) (1.8e-01) (-5.8e-01) (7.0e-02)
non_energy_shock  -3.0e-02***  3.1e-03 1.2e-02%*% -5.3e-03 1.7e-03 1.9¢-02 -2.4e-02%%* -2.1e-02%%*
(-3.4e+00) (7.8e-01) (2.7e+00) (-8.9¢e-01) (4.0e-01) (2.0e+00)  (-4.3e+00) (-4.2e+00)

Notes: The results for the robustness test are presented. The impact of three economic, two financial, and three

geopolitical factors are tested on the net connectedness of each aggregated net connectedness measure of energy,

industrial metals, precious metals, grains, soft, and livestock and the TCI with and without aggregation. In addi-

tion, the effect of energy-related (Crude Oil Decline, Russo-Ukrainian War) and non-energy-related (the Global

Financial Crisis, the European Sovereign Debt Crisis, and the COVID-19 Pandemic) crises. T-statistics are re-

ported in round brackets. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.
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