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This study examines the time-frequency volatility connectedness between supply chain
tokens and crude oil. Utilizing an advanced static and dynamic wavelet-based, model-free
connectedness methodology, we identify a time-varying pattern in the degree of
interconnectedness, characterized by limited spillovers during normal and short-term
periods and significant interdependence over the long term. Additionally, our analysis
demonstrates that uncertainty factors impact spillovers across various frequencies. These
results provide valuable insights for investors and policymakers concerning portfolio

diversification and market stability.

I. Introduction

In recent years, blockchain technology has become in-
creasingly integrated into global logistics, leading to the
rise of supply chain tokens (SCTs). Unlike traditional cryp-
tocurrencies, these tokens are linked to real-world indus-
tries such as logistics, manufacturing, and global supply
networks. Since 2017, SCTs like Morpheus-Network, Trac-
TRAIL, CargoX, and VeChain have emerged to provide al-
ternative solutions within the Web3 ecosystem for supply
chain operations. These tokens help organizations and
clients reduce transaction costs, enhance transparency and
data security, manage risk, and lessen environmental im-
pact (Abdullah et al., 2024).

SCTs have drawn significant attention in decentralized
finance and logistics management, especially in response
to global supply chain disruptions caused by events and
uncertainties related to economic policy, geopolitics, fi-
nancial stability, and crude oil (CO) market volatility. Un-
derstanding the interactions between SCTs and CO is in-
creasingly essential, as crude oil remains a cornerstone of
global trade and economic activity. Both markets are sensi-
tive to global macroeconomic conditions, but their dynamic
volatility spillovers have received limited attention in the
literature.

Theoretically, volatility spillovers between SCTs and CO
can be explained by interconnected economic, geopolitical,
and financial factors. Crude oil is a fundamental input in
global supply chains, so volatility shocks in oil can directly

affect the operational costs of logistics and manufacturing
(Hamilton, 2009), which in turn influences the pricing of
supply chain tokens. Conversely, these tokens are often tied
to blockchain platforms and respond to macroeconomic un-
certainty, geopolitical risks, and commodity price fluctu-
ations. Both markets may also react to shared external
shocks—such as geopolitical tensions, oil price swings, or
changes in trade policy—resulting in synchronized volatil-
ity patterns. Financialization amplifies this connectedness,
as investors may treat both asset classes as components of
broader commodity or risk portfolios, transmitting volatil-
ity through cross-market hedging or speculation. Addition-
ally, technological integration and the development of al-
gorithmic trading can accelerate volatility spillovers across
seemingly unrelated assets (Katsiampa et al., 2019),
strengthening short-term co-movements between SCTs and
CO prices.

A growing body of research has explored the relation-
ships between specific utility tokens and oil, including en-
ergy tokens (e.g., Abakah et al., 2024), renewable energy to-
kens (e.g., Ali et al., 2024), transport tokens (e.g., Ustaoglu,
2025), and Al tokens (e.g., Yousaf et al., 2024). However,
there remains a gap in the literature on volatility spillovers
between SCTs and the CO market, particularly under con-
ditions of global uncertainty. The only related study by
Mbarek and Msolli (2025) examined the connectedness be-
tween SCTs and traditional assets using a QVAR frame-
work but did not focus on the CO market or the influence
of global risk factors on these relationships. In the post-
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COVID era, understanding these spillovers is increasingly
vital, as supply chain disruptions, energy market volatility,
and rising geopolitical tensions have reshaped the inter-
connectedness of global trade and asset markets (Chowd-
hury et al., 2025). Insights into how SCTs and oil markets
interact under such uncertainty can inform risk manage-
ment, portfolio diversification, and policy decisions in an
increasingly volatile economic environment.

This study addresses a key gap by asking: To what extent
does CO volatility spill over to SCTs, and how do global risk
factors shape their dynamic connectedness? We examine a
broad set of risks, including CO market fears, geopolitical
tensions, economic policy uncertainty, the US shadow rate,
financial stress, and investor risk aversion. By delving into
this underexplored area, we aim to provide practical in-
sights for investors and contribute to the ongoing dialogue
on the integration of energy and crypto markets.

I1. Data and Methodology
A. Methods

We adopt a model-free time-frequency connectedness
approach based on the R? goodness-of-fit measure, as in-
troduced by Gabauer et al. (2023)1. This method addresses
convergence issues found in traditional frameworks such as
the spillover index (Diebold & Yilmaz, 2014) or quantile
VAR models (Chatziantoniou et al., 2022) by providing a
robust upper bound for total connectedness. It captures
time-varying relationships without imposing strict model
assumptions and allows for analysis across different in-
vestment horizons. Using the Maximal Overlap Discrete
Wavelet Transform by Percival and Walden (2000), we de-
compose return series into six frequency bands, focusing on
short-term (2-8 days) and long-term (64-128 days) com-
ponentsz. This decomposition enables us to detect distinct
spillover patterns and better understand how macroeco-
nomic and geopolitical shocks influence volatility transmis-
sion across different time scales to the SCT and oil.

B. Data

We use daily data for the five highest-capitalized SCTs:
XYO token (XYO), CargoX (CXO), Morpheus Network
(MNW), VeChain (VET), and OriginTrail (TRAIL). Data were
extracted from the CoinMarketCap database (https://coin-
marketcap.com). As for the CO (OIL), we refer to S&P global
oil price and collected from the S&P Global database
(https://www.spglobal.com/spdji). The time series covers
the period from 27 July 2018 to 05 March 2025. The sample
period’s inception is contingent on the SCTs’ price avail-

ability and their launch dates. We define daily returns as:
rit = (Pt — Pit—1)/Pis—1 x 100. Using the return series3,
we estimate daily volatility using DCC-GARCH model (En-
gle, 2002)4 and calculate changes in volatility in a similar
manner. For our connectedness analysis, we decompose the
volatility series into short-term (D2) and long-term (D6)
components. Fig. A.1 illustrates the overall, short-term,
and long-term changes in volatility.

II1. Results
Static connectedness results

We begin with the static analysis presented in Table
1. All values reflect overall connectedness measures, with
short- and long-term connectedness reported in parenthe-
ses. For example, in the context of overall market volatility
connectedness, CO displays the highest own variance shock
(95.80%), meaning that only 4.20% of its forecast error vari-
ance is influenced by other variables. In contrast, TRAC
records the lowest own variance shock (78.90%), indicating
a greater sensitivity to external shocks. The row labeled TO
represents the impact each variable has on others, where
TRAC stands out as the strongest transmitter of shocks,
contributing 22.26% to the system. Conversely, the column
labeled FROM shows the influence each variable receives
from the network, and here TRAC again leads, receiving
21.10% of its shocks from other variables.

The NET row reflects net directional connectedness,
where negative values indicate net receivers of shocks and
positive values denote net transmitters. MNW records the
lowest NET value (-0.60%), making it a primary net receiver
of risk under normal market conditions. In contrast, TRAC,
with the highest NET value (1.16%), emerges as the main
net transmitter of return shocks. This trend is consistent
across both short- and long-term frequencies. The total
connectedness index (TCI) stands at 15.20%, indicating
that, on average, 15.20% of forecast error variance in each
variable results from interactions within the network.

The short-term and long-term TCI values are 17.94% and
53.49%, respectively, indicating limited risk transmission in
the short term and under normal conditions, but substan-
tial spillover over the long term. The relatively low over-
all and short-term connectedness suggests there is poten-
tial for portfolio diversification between CO and SCTs. This
finding aligns with previous research on utility tokens (Ab-
dullah et al., 2024). To further investigate these dynamics,
we assess network transmission using connectivity analy-
sis, as illustrated in Figure 1.

1 Refer to Gabauer et al. (2023) for detailed description.

2 This technique is particularly well-suited for financial data due to its ability to capture complex, time-varying relationships across multi-
ple investment horizons without relying on restrictive model assumptions.

3 The descriptive statistics are not reported but are available upon request to the corresponding author.

4 Refer to Engle (2002) for detailed description.
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Table 1. Static connectedness results of overall, short-term, and long-term
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VET MNW XYO TRAC CXO OIL FROM
VET 79.88 5.13 4.47 7.12 2.84 0.56 20.12
(77.98,44.70) (4.72,12.88) (5.50,10.67) (7.54,12.05) (2.85,11.63) (1.41,8.07) (22.02,55.30)
MNW 542 83.05 3.68 5.18 1.94 0.74 16.95
(5.10,12.53) (81.63,43.42) (3.48,10.69) (5.46,12.56) (3.21,12.43) (1.12,8.37) (18.37,56.58)
XYO 4.72 3.59 83.18 5.34 229 0.89 16.82
(5.81,11.59) (3.40,11.09) (80.72,46.17) (5.65,12.66) (2.94,9.38) (1.47,9.10) (19.28,53.83)
TRAC 7.02 4.82 513 78.9 3.45 0.69 211
(7.22,12.41) (4.98,13.19) (5.30,12.59) (75.88,42.33) (5.64,9.87) (0.97,9.61) (24.12,57.67)
CXO 3.04 1.95 246 3.8 87.96 0.79 12.04
(2.93,13.10) (3.09,13.54) (3.04,9.96) (6.21,10.20) (83.40,47.37) (1.34,5.83) (16.60,52.63)
OlL 0.7 0.87 0.98 0.83 0.83 95.8 4.2
(1.66,8.29) (1.37,9.14) (1.64,10.02) (1.15,11.00) (1.40, 6.45) (92.77,55.10) (7.23,44.90)
TO 20.9 16.35 16.72 22.26 11.33 3.66 91.23
(22.72,57.92) (17.55,59.84) (18.96,53.94) (26.02,58.46) (16.04,49.76) (6.32,40.98) (107.61,320.91)
Inc.Own 100.78 99.4 99.9 101.16 99.3 99.46 TCI
(100.70, 102.62) (99.19,103.26) (99.69,100.11) (101.90, 100.79) (99.43,97.13) (99.09, 96.08)
NET 0.78 -0.6 -0.1 1.16 -0.7 -0.54 15.2
(0.70,2.62) (-0.81,3.26) (-0.31,0.11) (1.90,0.79) (-0.57,-2.87) (-0.91,-3.92) (17.94,53.4)

Notes: Results are based on R? model. FROM = spillover from other asset, TO = spillover to other asset, NET = net directional spillover, TCI= total connectedness index. All other values are overall connectedness measure and the first and second values in parentheses () re-
flect short-term and long-term connectedness measures, respectively.
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Overall

Figure 1. Connectedness network plots

Short-term

Long-term

Notes: CO is referred to as OIL. Blue indicates net transmitters of shocks, while yellow represents net receivers.

The findings confirm that, under overall conditions,
TRAC is the primary transmitter of shocks, while MNW is
the main receiver. In the positive market transmission net-
work, VET and TRAC act as shock transmitters, whereas the
remaining assets are primarily receivers. Notably, CO re-
ceives shocks from all assets except CXO. This transmission
pattern remains largely consistent across both short-term
and long-term frequencies. The spillover from SCTs and CO
can be attributed to their shared exposure to global risk fac-
tors. This interconnection reflects the pivotal role of CO in
logistics and manufacturing costs, which directly influences
the value and volatility of SCTs.

Dynamic connectedness results

Now we shift our focus to dynamic connectedness. Fig-
ure 2 presents the results of the dynamic TCI, revealing a
time-varying pattern that is strongly influenced by major
global events. Specifically, TCI values range between 15%
and 65% across different frequencies. Notable peaks are ob-
served during the initial phase of the COVID-19 pandemic
in 2020 and the Russia-Ukraine war in 2022, particularly in
the overall and long-term frequency domains. The TCI in
the long-term frequency is significantly higher and more
volatile. This can be attributed to global lockdowns and
production halts during COVID-19, as well as rising crude
oil prices and inflation driven by reliance on Russian com-
modities. These factors intensified shocks across financial
markets and supply chains.

Next, we examine the dynamic net directional connect-
edness, with the results shown in Figure 3. This figure illus-
trates the direction of connectedness, where negative val-
ues indicate net receivers and positive values indicate net
transmitters of shocks within the network. The findings re-

veal that most assets shifted their transmission roles over
time, with long-term connectedness exhibiting high
volatility and frequent reversals in role. Based on the TCI
and dynamic net connectedness results, portfolio strategies
should prioritize short-term conditions, as CO and SCTs ex-
hibit limited stability for long-term investment.

Impact of uncertainty factors results

We now present the results regarding the impact of un-
certainty factors on the connectedness between SCTs and
CO. Following earlier studies (Abdullah et al., 2023, 2024),
several indicators are used: the Chicago Board Options Ex-
change Crude Oil Volatility Index (OVX) to measure oil
market stress, the Geopolitical Risk Index (GPR), the U.S.
Economic Policy Uncertainty Index (EPU), the U.S. Shadow
Short Rate (USSSR) as a proxy for monetary policy, the Fi-
nancial Stress Index (FSI) to represent global financial con-
ditions, and the Risk Aversion Index (RAI) to capture in-
vestor sentiment.’

Table 2 illustrates that most uncertainty factors exert
frequency-dependent effects on the connectedness be-
tween SCTs and the CO market. Both OVX and RAI display
negative coefficients, particularly in the short term, indi-
cating that heightened market fear or stress can dampen
volatility spillovers—likely because investors tend to with-
draw from riskier assets. Similarly, the U.S. Shadow Short
Rate exerts a negative influence, suggesting that tighter
monetary policy weakens cross-market interactions. In
contrast, the FSI consistently shows a positive and signif-
icant effect, emphasizing that broader financial stress en-
hances interconnectedness between these assets. The EPU
has mixed effects: it increases spillovers in the short term,

5 Data source: OVX= Datastream, EPU = https://www.policyuncertainty.com/, USSR= RAI = https://www.ljkmfa.com/, FSI= https:/www.fi-

nancialresearch.gov/financial-stress-index/, https://www.nancyxu.net/risk-aversion-index, and GPRI= https://www.matteoia-

coviello.com/gpr.htm.
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Note: This figure illustrates the evolution of net total directional connectedness among the studied assets over time.

as markets respond to sudden policy shifts, but its impact
fades or turns negative over the long term as markets adapt.

These findings imply that investors can adjust their port-
folio strategies in response to prevailing risk conditions, re-
ducing exposure during high-stress periods or leveraging
greater connectedness during episodes of financial uncer-
tainty. For risk managers, closely monitoring these uncer-
tainty factors can strengthen early warning systems and
improve hedging strategies.

IV. Conclusion

We investigate the time-frequency connectedness be-
tween SCTs and the CO market. Our results indicate that

Energy RESEARCH LETTERS

total connectedness remains low in the short term (2-8
days) but increases significantly over the long term (64-128
days), suggesting that volatility spillovers become more
pronounced across longer investment horizons. Among the
uncertainty factors analyzed, the OVX, RAI, and U.S.
Shadow Short Rate show negative effects in the short term,
implying that heightened investor risk aversion and tighter
monetary policy reduce cross-market volatility transmis-
sion. In contrast, the FSI consistently exerts a positive and
significant impact across all time frequencies, reflecting
stronger asset interdependence during periods of systemic
stress. The EPU index demonstrates a mixed effect—posi-
tive in the short term, yet neutral or negative in the long
run.
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Table 2. Role of uncertainty factors

(1) 2 (3
VARIABLES Overall TCI Short-term TCI Long-term TCI
EPU 0.002 0.005** -0.021***
(0.002) (0.002) (0.002)
GPR 0.004* -0.003 0.010***
(0.002) (0.002) (0.003)
OovX -0.115*** -0.153*** -0.054***
(0.021) (0.035) (0.015)
RAI -2.101%* -3.523** 0.117
(0.386) (0.540) (0.084)
USSSR -1.868*** -1.785*** -0.481***
(0.108) (0.134) (0.084)
FSI 4.852*** 5.127*** 0.849***
(0.183) (0.248) (0.150)
Constant 35.728** 45.068*** 59.459**
(1.684) (2.359) (1.086)
R-squared 0.541 0.511 0.127
Adjusted R-squared 0.540 0.509 0.124

Note: All models consider independent variable using respective TCI values as dependent variable estimated above section. All models are estimated using the OLS Heteroskedastic-
ity-consistent standard errors estimator. Robust standard errors are in parentheses. *** ** * denote statistical significance at 1%, 5% and 10% levels, respectively.

For investors, the weak short-term connection between
SCTs and CO offers diversification benefits during stable
conditions, while the stronger long-term connectedness
observed during stress underscores the necessity for dy-
namic, risk-adjusted strategies. For regulators, the ampli-
fication of spillovers in times of financial stress highlights
the importance of enhanced market oversight and the im-
plementation of macroprudential tools to contain systemic
risks. Finally, for technology firms and token developers,
understanding how macro-financial conditions influence
token behaviors can guide the design of features aimed at
boosting resilience and mitigating risk.
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Figure A.1. Changes in volatility across frequencies

Notes: Results are based on a biannual (126 days) rolling window R? model.
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