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ABSTRACT

This study analyzes the dynamic interdependence between Arabica coffee and Brent oil markets amid global energy shocks from 2010 to 2025. It
employs a new Structural Decoupling Index (SDI*) combined with unsupervised machine learning algorithms, including K-Means, Gaussian Mixture
Models, and Spectral Clustering. The analysis uncovers multiple dependence regimes and structural shifts. Findings indicate that 52% of the identified
episodes involve strong decoupling, highlighting the fragile and episodic nature of the relationship between coffee and energy. The SDI* predicts
structural breaks up to 15 days in advance of traditional DCC-GARCH models, showcasing its potential as an early warning tool. Empirical results
demonstrate that geopolitical and climatic shocks-particularly the Russia-Ukraine conflict and the 2023/24 ENSO event-heighten volatility and disrupt
price transmission mechanisms. These insights advance the energy-agriculture literature by incorporating multiscale dependence metrics and machine
learning for assessing commodity risk. The study provides practical recommendations for policymakers, cooperatives, and investors seeking to enhance
the resilience of coffee-dependent economies against external energy shocks and global uncertainties.
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1.INTRODUCTION production costs, climate variability, and market speculation (Kabir

& Ekici, 2024). This complexity aligns with empirical evidence

In recent decades, the interaction between agricultural and energy showing that energy markets exhibit strong volatility spillovers
commodity markets has attracted increasing scholarly attention,  and heightened sensitivity to global uncertainty, reinforcing their

especially in contexts marked by high volatility and financial  jpfiuence on downstream agricultural commodities (Usman &
interdependence. Among agricultural products, Arabica coffee

(Coffea arabica) plays a key role in food security, foreign exchange
earnings, and rural livelihoods in producing countries. Understanding
how coffee prices react to external shocks, especially those Lo . ) . PR
transmitted from energy markets, is essential for developing effective consumptl'o? 1s' aSSf)mated with agri-food systems, hlghhgthg
agricultural policies, supporting cooperatives, and safeguarding how volatility in oil or clean-energy markets can cascade into
farmers’ incomes (Gilbert, 2010; Headey and Fan, 2008). agricultural supply chains (Mai et al., 2025). Empirical studies also

reveal that agriculture contributes significantly to greenhouse-gas
Recent literature emphasizes that the energy—agriculture nexus has ~ emissions while depending heavily on fossil-fuel inputs, making it
become increasingly complex, involving feedback loops between  both a driver and a victim of climate shocks (Raihan et al., 2023).

Okey, 2022). The transition toward low-carbon energy systems
has further deepened the link between fossil and renewable energy
prices and agricultural commodities. Around 30% of global energy
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The Law of One Price (LOOP) principle states that, in efficient
markets, similar commodities tend to converge toward global
price parity through arbitrage. However, extensive empirical work
shows that this idea often does not hold in real-world settings due
to transactions costs, frictions, and persistent market segmentation
(Taylor & Taylor, 2004). Many studies have recorded recurring
episodes of market segmentation and distortions in how prices are
transmitted, influenced not only by macroeconomic and financial
shocks but also by climatic variability, speculative actions, and
institutional limits (Conforti, 2004; Baquedano and Liefert, 2014;
Gong and Xu, 2022). These results highlight the need for analytical
methods that can identify both stable connections and sudden
structural changes within agro-food systems.

While traditional econometric tools such as VAR and DCC-GARCH
models have been widely used to measure interdependence (Gao,
Li, & Zhu, 2022), recent research shows that these frameworks
often fail to capture nonlinear or regime-switching behaviors
in commodity markets. For instance, Ozkan et al. (2024)
demonstrated that volatility connectedness between fossil and
clean-energy assets is highly time-varying and sensitive to
geopolitical shocks such as the Russia-Ukraine conflict. Similarly,
Cocca et al. (2023) proposed an R2-decomposed DCC-GARCH
framework to better quantify network risk transmission across
renewable-energy portfolios. These findings confirm that energy
shocks propagate through heterogeneous and evolving channels,
motivating the adoption of multiscale and machine-learning
approaches to detect structural decoupling events, consistent
with evidence that machine-learning models excel at capturing
complex nonlinear dependencies and improving return and risk
forecasting (Gu, Kelly, & Xiu, 2020), and aligned with empirical
results showing that oil price shocks generate asymmetric and
time-varying volatility spillovers across financial markets (He,
Ng, & Xie, 2021).

To address this challenge, we propose a hybrid analytical
framework that integrates dynamic correlations, unsupervised
learning algorithms (K-Means, Gaussian Mixture Models, and
Spectral Clustering), and a proprietary indicator: the Structural
Decoupling Index (SDI*). This index combines exponentially
weighted multiscale correlations, enabling early detection of
structural divergence episodes and providing a more accurate
segmentation of coupling and decoupling regimes than traditional
econometric metrics. Brent oil futures are included as an
exogenous determinant, considering their significant influence
on agricultural markets through production costs, input prices,
and trade dynamics (Balcombe and Rapsomanikis, 2008; Baffes
and Gardner, 2003).

The analysis uses daily data from January 2010 to July 2025,
obtained from ICE Data Services, ensuring high-frequency
resolution and minimizing biases associated with incomplete or
low-frequency series (Intercontinental Exchange, 2025a, 2025b).
The findings indicate that although convergence episodes still
occur, decoupling has become more frequent and persistent,
weakening traditional price-transmission mechanisms. This aligns
with recent studies showing that climate-induced events such as
ENSO 2023/24 droughts and energy-transition shocks amplify

volatility spillovers across sectors (Ozkan et al., 2024; Cheng et
al., 2023).

This study makes two main contributions. First, it enhances
understanding of how coffee futures react to exogenous energy
shocks by identifying multiple dependence regimes and their
changes over time. Second, it offers a practical analytical framework
for public-policy design and risk-management strategies aimed at
boosting the resilience of coffee producers and cooperatives. Prior
research highlights that agricultural risk management should
promote adaptability through financial innovation, supply-chain
diversification, and technological modernization (Saiti et al., 2018;
Kanamura, 2018; Kabir and Ekici, 2024). By measuring the size
and duration of dependence regimes and enabling early detection
of structural disruptions, the SDI* provides an empirical foundation
for predicting risk scenarios, improving hedging strategies, and
reducing the vulnerability of coffee-dependent economies to
global uncertainty.

2. MATERIALS AND METHODS

2.1. Research Design and Data Sources

The empirical design comprises three interconnected stages: (i)
dynamic correlation analysis, (ii) application of unsupervised
learning algorithms, and (iii) development and evaluation of a
proprietary indicator, the Structural Decoupling Index (SDI*).
Following the data-driven methodology proposed by Kallimal
Aishwarya et al. (2024) and consistent with Kabir and Ekici
(2024), each methodological decision, from preprocessing and
debugging of time series to model selection, was guided by
empirical evidence and objective performance metrics. This
approach minimizes subjective bias and enhances replicability
across financial and agricultural contexts.

The dataset consists of daily futures prices for Arabica coffee
and Brent oil from January 2010 to April 2025, obtained from
ICE Data Services. This period covers multiple market cycles
and major macroeconomic events, ensuring high-frequency
information. Coffee prices, originally expressed in U.S. cents
per pound, were standardized to U.S. dollars per pound. Data
preprocessing included synchronization of both series, elimination
of missing or anomalous records, logarithmic transformation to
stabilize variance, and computation of daily log returns to capture
temporal dependencies.

All transformations were validated through descriptive statistics,
trend visualization, and unit-root tests to ensure that they preserved
the essential structure of the data and did not distort the underlying
dynamics.

2.2. Dynamic Correlation Analysis

Rolling correlations between coffee and Brent returns were
estimated using 30-, 60-, and 120-day windows to capture short-,
medium-, and long-term dependencies (Inacio and David, 2022;
Vijayakumar, 2022). These time-varying correlations identify
phases of coupling and decoupling between markets. Thresholds
were classified as strong (|p| > 0.6), moderate (0.3 <|p| <0.6), weak
(Ip|£0.2), and decoupled (p <—0.3). This approach allows for the
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detection of structural changes in co-movements, complementing
traditional econometric measures with higher temporal sensitivity.

2.3. Temporal Clustering and Unsupervised Learning
To identify latent dependency regimes, three complementary
unsupervised learning algorithms were applied: K-Means (KM),
Gaussian Mixture Models (GMM), and Spectral Clustering (SC).
These methods were chosen for their distinct strengths in capturing
different data structures.K-Means serves as a conventional
benchmark for linear segmentation and is computationally efficient
for high-frequency data (Nie et al., 2023). GMM extends this
analysis by enabling soft clustering and capturing heterogeneity
through probabilistic assignments, assuming data follow Gaussian
mixtures (Crespo-Roces et al., 2018). Spectral Clustering, on the
other hand, leverages graph-based similarity matrices to detect
nonlinear patterns and complex boundaries within the time series
(Jeong et al., 2020).

The optimal number of clusters was determined using multiple
validation indices, including Inertia, Silhouette, Calinski—
Harabasz, and Davies—Bouldin, prioritizing compactness,
separation, and temporal stability. This hybrid clustering design
aligns with recent advances in volatility connectedness and
energy—agriculture analytics (Ozkan et al., 2024; Raihan et al.,
2023), allowing for robust segmentation of dependence regimes.

2.4. Structural Decoupling Index (SDI)

The Structural Decoupling Index (SDI*) was developed to quantify
the divergence between short- and medium-term dependencies.
It integrates Pearson and Spearman correlations exponentially
weighted over two horizons (30 and 120 days). The indicator
is normalized by its historical standard deviation, allowing
classification of decoupling intensity as moderate (SDI* > 0.30)
or strong (SDI* > 0.50). Unlike conventional dependence metrics
(Longin and Solnik, 2001; Forbes and Rigobon, 2002) or parametric
models such as DCC-GARCH, the SDI* anticipates structural
breaks by combining multiscale correlations and nonparametric
adaptability, consistent with evidence that traditional MGARCH
and DCC models often fail to capture abrupt shifts in volatility
spillovers driven by oil-price uncertainty (Wang et al., 2023). The
index is formulated as (1):

|Iw2 (t)_le (t)|

SDI* (t) = G!(Iw2 —le)

(1

Where [ (£) represents the exponentially weighted average of
Pearson and Spearman correlations over window w. Applied
coverage case (February-June 2022).

2.5. Comparative Performance and Robustness

The performance of the SDI* was evaluated against the Dynamic
Conditional Correlation GARCH (DCC-GARCH) model (Engle,
2002), a benchmark for dynamic dependence estimation. Three
evaluation criteria were applied:

1. Contemporaneous correlation between SDI* and DCC signals
2. Cross-correlation analysis to measure temporal anticipation
3. Eventidentification for SDI* > 0.5, corresponding to structural

decoupling episodes.

A coverage case was conducted for February to June 2022,
coinciding with the Russia—Ukraine conflict (Chowdhury et al.,
2025). Two hedging strategies were compared: one based on
DCC-GARCH estimates and another triggered by SDI* alerts.
The SDI" demonstrated superior early-warning capabilities and
higher temporal responsiveness to volatility shocks.

2.6. Practical Relevance

Beyond its technical rigor, the proposed framework enhances the
capacity of stakeholders, including producers, cooperatives, and
policymakers, to identify periods of systemic vulnerability in
coffee markets. The SDI* supports adaptive decision-making for
hedging, contract timing, and diversification, thereby contributing
to resilience against global energy and climatic shocks (Kabir and
Ekici, 2024; Mai et al., 2025).

3. RESULTS

3.1. Rolling Correlation Analysis at Multiple Horizons

The results of rolling correlations over 30, 60, and 120-day
moving windows revealed dynamic regimes of dependence,
showing variations in both the strength and direction of
intermarket linkages. Figure 1 emphasizes episodes of positive
coupling, phases of decoupling, and, at times, patterns of negative

Figure 1: Rolling correlation between Brent oil and coffee returns
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correlation, reflecting the unstable and episodic nature of the
interaction between the two markets.

The analyses show that, using a 30-day window, the dependence
between coffee and Brent oil returns exhibits high volatility and
sudden shifts, with maximum values of approximately 0.60 and
minimum values of around —0.40, reflecting the impact of external
shocks on very short-term interdependence. When extending the
horizon to 60 days, the correlation range narrows to approximately
between 0.50 and —0.20, which reduces high-frequency noise and
allows us to identify patterns of partial convergence, with notable
oscillations during 2013-2014 and 2016 periods. Finally, with a
120-day window, correlations fall within the 0.45 to —0.10 range,
indicating prolonged phases of moderate positive correlation
interspersed with episodes of low dependence, confirming that
sustained convergence between the two markets is rare and limited
in magnitude.

Overall, the findings from the three windows confirm that the
interdependence between coffee and Brent oil is weak and
unstable, consistent with the lack of structural integration noted
in previous analyses. This fragility was also evident in recent
events, such as the 50% increase in tariffs imposed by the United
States on Brazilian products, including coffee, which temporarily
boosted comovements and highlighted the high sensitivity of
this relationship to context (Wall Street Journal, 2025). The
instability, heightened by shocks of a geopolitical and trade
nature, such as tariff imposition, aligns with what Gong and Xu
(2022) documented, showing that geopolitical risk amplifies
the transmission of shocks between agricultural and energy
markets. Based on this, the next section demonstrates how to
apply unsupervised learning algorithms to segment the observed
dependence regimes.

3.2. Application of Unsupervised Learning Algorithms
3.2.1. Selection of the optimal number of clusters and
description of regimes

The procedure shifted from a purely chronological approach to
a classification into four recurrent regimes, identified through
an unsupervised machine learning (KM) method applied to the
correlation series estimated in section 3.1. The regimes identified
were: High coupling (characterized by positive correlations of
large magnitude), Moderate coupling (positive correlations of
lower intensity), Low coupling (values near zero), and Uncoupling
(characterized by negative correlations).

Estimation used a 60-day window for calculating the rolling
correlation, selected for its balance between sensitivity and
statistical stability. Shorter windows (30 days) tend to add noise,
while longer ones (120 days) can oversmooth data and hide
structural breaks. Studies like Cheng et al. (2023) and Jeon and
McCurdy (2017) support using horizons between 30 and 60 days
to detect quick changes in financial correlations.

The optimal number of clusters was identified by testing different
values of k using internal validation metrics, including inertia, the
Silhouette index, Calinski-Harabasz, and Davies-Bouldin. The
results for k =2 to k = 6 are presented in Table 1 below.

Table 1: Performance indicators of K-Means clustering
applied to the rolling correlation series

k Inertia Silhouette Calinski-Harabasz Davies-Bouldin
2 578921 0.533 2,371.011 0.640
3 285.142 0.546 3,174.781 0.563
4 168924 0.556 3,912.635 0.517
5 115.094 0.523 4,478.822 0.516
6 072.999 0.559 5,817.042 0.471

Figure 2: Elbow method and Silhouette index for K-Means in
selecting the optimal number of k clusters
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Internal validation indices confirmed that k =4 provides an optimal
balance, showing a clear elbow in inertia, a local maximum in
the Silhouette index (0.556), and a lower Davies-Bouldin score
(0.517), supporting its selection as the primary configuration.
Although k = 6 offers slight improvements in some metrics, the
gains are minimal, and the interpretability is compromised by the
over-fragmentation of the regimes. Figure 2 visually illustrates this
choice, highlighting the inflection point at k = 4 and the stability
of the Silhouette, in line with the quantitative criteria.

Under this setup, analyzing the clusters enabled the identification of
correlation regimes with distinct statistical and economic profiles,
whose distribution and color coding are shown in Figure 3.

Cluster 0 indicates moderate coupling, with correlations between
0.10 and 0.25, making it the most common state and representing a
balance point in the partial transfer of information between markets.
Cluster 1 shows low coupling, characterized by correlations near
zero or slightly negative, implying weak and volatile interactions.
Cluster 2 is associated with high coupling, characterized by
correlations exceeding 0.30 and strong synchronization driven
by global macroeconomic factors or energy shocks. Finally,
Cluster 3 signifies clear decoupling, with consistently negative
correlations, indicating no price transmission and the presence of
inverse relationships.

The algorithm’s ability to identify and link these regimes to specific
historical contexts enhances its usefulness as a tool for real-time
monitoring and early detection of structural shifts. At the practical
level, this segmentation can be incorporated into warning systems
and risk management models, aiding the adjustment of hedging
strategies and trading decisions to the current market phase.
Table 2 presents historical examples of segmentation produced
by the algorithm, highlighting its practical significance.
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Figure 3: Rolling correlation regimes between coffee and Brent oil
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Table 2: Correspondence between coupling regimes and some relevant macroeconomic events

High coupling 2024-07-06 a Extreme drought in Brazil (El Nifio Kotz et al., 2025, Environmental Research Letters
2025-03-29 2023/24) associated with food price
spikes (including coffee).
High coupling 2022-01-08 a Russia-Ukraine war: energy and fertilizer Arndt et al., 2023, Global Food Security; Cheng
2023-06-17 shock with energy-food comovements. et al. (2025), Humanities and Social Sciences
Communications.
Moderate 2020-01-04 a Post-COVID reopening and time- frequency Hung (2021), Resources Policy; Energy Economics;
coupling 2021-12-11 connectivity between oil and agricultural. International Economics
2022-2024
Low coupling 2014-01-04 a Oil price collapse (-70%) due to oversupply; ~ Orlowski and Sywak (2019). Quantitative Finance and
2016-12-31 asynchronies with agricultural. Economics
Uncoupling 2014-01-04 a Southeastern Brazil drought with Nobre et al., 2016, Journal of Water Resource and
2015-12-26 agricultural impacts as oil collapses. Protection; Finke et al., 2020, Climate Dynamics.

In this way, descriptive analysis is enhanced by precise
quantification of the magnitude and duration of coupling or
disconnection episodes, which strengthens the understanding of
the factors that influence such relationships across different market
contexts. The use of clustering techniques to segment regimes
is supported by existing literature; Guhathakurta et al. (2020)
show that dividing by specific pricing regimes improves portfolio
decision-making, underscoring the importance of incorporating
SDI* as a composite metric.

3.2.2. Comparison of multiple algorithms and pattern

validation

The inter-algorithm comparison showed that the coupling patterns
identified using KM are highly consistent when GMM and SC
are compared. In all three cases, similar regimes in number and
type were found, confirming the stability of the segmentation.
Differences mainly appeared in the average duration of the clusters
and in the assignment of certain boundary periods, but these did
not alter the classification.

Overall, the results demonstrate a high degree of consistency
between the KM and GMM algorithms, both in the frequency of
regime occurrences and in the associated mean correlations. In
both instances, the moderate coupling regime was identified as
the most prevalent, with 221 periods in KM, a mean duration of
7.28 days, and an average correlation of 0.149. The high coupling
regime, although less frequent (116 periods), exhibited higher
correlations, reaching 0.310 in KM. This pattern was replicated
by GMM, with minimal variations in the duration and magnitude
of the values.

In contrast, SC showed more distinct differences in the persistence
and strength of the regimes. This method assigned moderate
coupling a higher average duration of 11.53 days and captured
the extreme values of correlation, recording the highest in the
high coupling regime (0.367) and the most negative in decoupling
(—0.095). Figure 4 summarizes the key metrics for each cluster,
making it easier to see how the choice of algorithm affects the
characterization of interdependence patterns.

Across all methods, the average durations range from 4 to 14 days,
thereby confirming the predominantly transient nature of these
relationships. The consistency observed between KM and GMM,
coupled with SC’s capacity to detect variations in highly nonlinear
contexts, reinforces the validity of the identified regimes and
reduces the likelihood that the results are solely dependent on the
chosen methodology. This multi-algorithm validation enhances
the robustness of the identified patterns and provides a solid
foundation for calculating the SDI*, which is intended to quantify,
in an integrated manner, the magnitude and duration of episodes
of market disconnection.

3.3. Structural Decoupling Index (SDI*)

The SDI"* is a proprietary tool designed to measure, accurately and
in real time, episodes of structural divergence between commodity
markets. Its development combines correlations calculated over
different timeframes and using various statistical methods,
blending parametric and non-parametric data through weightings
that emphasize the most recent observations. This approach
enables the simultaneous detection of short- and medium-term
changes, overcoming the limitations of traditional metrics and
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Figure 4: Comparison of cluster metrics by algorithm
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providing a reliable measure of the size and duration of decoupling.
The mathematical formalization of the index is outlined below.

Let PtC be the daily price of Arabica coffee (USD/Ib) and PtB be
the daily price of Brent oil (USD/barrel). From these series, the
logarithmic returns are calculated as shown in (2):

=AInPS, 1P =Alnp? 2)
For each date 7, correlations are evaluated within two time windows:
short term (w_ = 30 days) and medium term (w = 120 days). Two
measures of dependence are considered in each window:
a. Exponentially weighted Pearson correlation (p‘i (t)) to

capture recent linear relationships.

b. Spearman correlation (pvsv (t)) to reflect monotonic

relationships and reduce sensitivity to outliers.

Correlations are combined for each window as a simple average,
expressed as (3):

‘()= p‘g(t);p‘i(t)

The unnormalized SDI* is defined as the absolute difference
between the short- and medium-term correlations as shown in (4):

s WeEW, Wy 3)

IDE,, (t)=|py, (1)

raw

~py, (1) (4)

Finally, to ensure intertemporal comparability, the index is
standardized by dividing by the historical standard deviation of

SDI_, which can be written as (5),
IDE
IDE* (t) = IDE,,, (1 (5)
GIDEI‘HW

Thus, the SDI* summarizes the magnitude of the multiscale
divergence between coffee and oil returns, weighting both linear
and monotonic coherence, and expressing it in normalized units.

The resulting value of the SDI* indicates the level of decoupling
relative to its typical variability, allowing episodes to be classified
as moderate (SDI+ > 0.30) or strong (SDI+ > 0.50) based on their

Figure 5: Average duration of SDI+ episodes
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intensity and persistence. Applying this criterion to the analyzed
historical series, the index identified a total of 216 episodes of
structural decoupling between the returns of both commodities.
Of these, 113 were strong events (52.31%) and 103 were
moderate events (47.69%). On average, moderate episodes lasted
46.45 days, while strong ones averaged 38.53 days, showing that
lower-intensity events tend to last longer. The maximum SDI*
value during the period was 4.53, recorded on November 04, 2021,
amid high global volatility in energy and food markets, driven by
the post-COVID logistics crisis, commodity supply tensions, and
climate shocks (Figure 5).

In terms of total annual duration, 2017 recorded the highest
moderate coupling with 383 days, while 2023 experienced
the longest duration of strong episodes at 349 days, amidst
an environment characterized by geopolitical tensions,
logistical disruptions, and high volatility in commodities
(Figure 6a and b).

Analysis of the frequency and duration of SDI* episodes from 2010
to 2025 indicates a strong link with major macroeconomic and
financial shocks. Significant events in 2014, 2017, 2020, and 2023
coincided with increased global uncertainty, including commodity
price collapses, oil shocks, the COVID-19 pandemic, and volatility
caused by the war in Ukraine. During these periods, structural
decoupling between coffee and oil was more frequent and
lasted longer, increasing their effect on hedging strategies, price
formation, and production planning. As of July 2025, the incidence
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Figure 6: Duration and annual frequency of SDI* episodes by intensity. (a) Total annual duration of moderate and severe episodes. (b) Annual

number of moderate and severe episodes.
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remains high but with shorter overall durations, suggesting that
the market has a better capacity to adjust to recent shocks.

3.3.1. Performance analysis of the SDI" in relation to the DCC-

GARCH model

The analysis was based on 3,933 daily observations of logarithmic
returns for Arabica coffee and Brent crude oil from 2010 to
2025. First, the dynamic conditional correlation was estimated
using a DCC-GARCH(1,1) model fitted to the standardized
returns of each series. Simultaneously, the SDI* was calculated
from the same return series, combining exponentially weighted
Pearson and Spearman correlations over two windows: short
term (w, = 30 days) and medium term (w, = 120 days).
Figure 7 shows the comparison between the SDI*, the dynamic
conditional correlation estimated with DCC-GARCH(1,1), and
Kendall’s T coefficient calculated in 60-day moving windows
as a nonparametric dependence measure. Episodes where SDI*
exceeded the 0.50 threshold are shaded in red, helping to visualize
the frequency and magnitude of structural decoupling episodes.

Figure 7 shows the comparison between the SDI*, the dynamic
conditional correlation estimated with DCC-GARCH(1,1), and
Kendall’s 1 coefficient calculated in 60-day moving windows

as a nonparametric dependence measure. Episodes where SDI*
exceeded the 0.50 threshold are shaded in red, helping to visualize
the frequency and magnitude of structural decoupling episodes.

The results expose a significant methodological and empirical
distinction. Whereas the DCC correlation indicates the average
progression of conditional dependence over short-term horizons,
with values that infrequently surpass 0.3 and tend to remain
around 0.15, the SDI* demonstrates recurrent episodes of high
dispersion and interruptions in multiscale coherence. This finding
is consistent with prior research, which has recognized the
effectiveness of DCC models in representing mean correlation
dynamics (Engle, 2002; Aielli, 2013), while also noting their
shortcomings in identifying sudden regime changes or sustained
deviations across different time horizons (Forbes and Rigobon,
2002; Reboredo, 2012).

During periods of heightened market stress, such as 2011-2012
and 2015-2016, the SDI* series displays pronounced spikes
that signal episodes of structural decoupling, even as the
conditional correlation estimated via DCC remains moderate.
This trend is observed again in the most recent timeframe
(2022-2025), where SDI* indicators point to elevated structural
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instability and increased variability in dependency structures,
despite persistently low DCC correlations. The integration
of Kendall’s T offers further corroboration: in earlier events,
such as October 2010, T values remained exceptionally low
(around 0.03) even when SDI* exceeded 1.8. In contrast,
during subsequent events like September 2011, T exhibited
moderate values (near 0.32), though the magnitude and
temporal alignment differed from those of the initial SDI*
escalation. Collectively, these results demonstrate that SDI*
identifies structural breaks more rapidly and sensitively than
traditional dependence metrics.

These findings show that the SDI* offers additional information
to the DCC-GARCH, not only by identifying structural breaks
that the traditional metric misses but also by differentiating
between average dependence and multiscale stability. In this
way, the SDI* can be seen as a second-generation tool for
interdependence analysis, capable of detecting periods of
systemic vulnerability and regime shifts in commodity markets.
These features have direct implications for risk management
and hedging strategies. To validate these results, three statistical
tests were conducted.

1. Contemporaneous correlation between SDI* and DCC,
expressed as Equation (6):

p”) = corr(SDI" (1), DCC(1)) (6)

—0.04, whose result was —0.04, evidencing the absence of
real-time co-movement.

2. Cross-correlation between SDI* and DCC to detect possible
lags, defined as (7):

p(k) = corr(SDIJr (t—k),DCC(t)), keZ 7

0.15, which reached a maximum of 0.15 with SDI advanced
15 days, indicating an anticipatory capacity of between 2 and
3 weeks.

3. Conditional evaluation of episodes, defined as dates on which
SDI*(t) > 0.5; was written as (8):

£ = {:IDE" (t) 2 0.5 ®)

During such episodes, it was observed that mean DCC values
stayed at low to moderate levels (0.10-0.26), while Kendall’s
T coefficient also remained lower in the early stages. Table 3
summarizes the main findings.

Overall, the results confirm that the SDI* is not redundant compared
to the DCC-GARCH. First, the absence of contemporaneous
correlation shows that the two indices capture different aspects
of dependence. Second, the approximately 15-day anticipatory
ability highlights the predictive power of the SDI* in identifying
structural divergence before it appears in the conditional
correlation. Finally, episode analysis indicates that the SDI*
activates specifically during times of instability, even when
traditional models suggest stable correlations. Therefore, the
SDI" serves as a second-generation methodological complement,
capable of predicting decoupling episodes and systemic risks in
commodity markets.

Table 3: Correlations between the SDI*index and DCC in
different episodes

Contemporaneous SDI*-DCC correlation -0.04
Best lag SDItDCC (days) 15
Correlation at best lag 0.15

2010-10-19/2010-11-10 (1.87) 0.11 0.03
2011-09-15/2011-09-22 (1.55) 0.24 0.32

Table 4: Hedging strategies used from February to June 2022

Without hedging 4.03 -
Coverage with DCC-GARCH 4.03 0
Coverage with SDI* 3.27 5

Figure 8: Hedging signals during the period February-June 2022
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3.3.2. Applied hedging case (February-June 2022)

The DCC-GARCH model, which captures the conditional
correlation dynamics between coffee and Brent oil prices, did
not generate warning signals throughout the analyzed interval,
maintaining a strategy that is equivalent to not implementing
hedging. In contrast, the SDI* identified five days with significant
volatility, triggering hedging signals that helped reduce risk
exposure, although with a slight decrease in the overall return.

Table 4 summarizes the results of each strategy. It shows that
the DCC model generated no alerts, indicating its performance
was equivalent to that of the unhedged portfolio. In contrast, the
SDI" triggered five signals, resulting in a lower cumulative return
(3.27%) compared to 4.03% without hedging, but it reduced
exposure to extreme risks.

Figure 8 illustrates how the SDI" acted as an early warning system
on specific days, unlike the DCC model, which did not respond to
structural shifts in the relationship between coffee and Brent oil.
This emphasizes the practical usefulness of the SDI* as a decision-
making tool for hedging.

The study’s findings provide useful practical insights for different
economic actors involved in commodity markets. First, for
investors and portfolio managers, identifying dynamic correlation
regimes is essential for hedging and diversification strategies.
During periods of low or negative correlation between Arabica
coffee and Brent crude oil, diversification opportunities grow,
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making risk optimization easier. Conversely, when correlations
are high, diversification benefits decrease, and more direct hedges
become necessary. The SDI* functions as an operational tool that
enables quick detection of these regime changes and allows for
proactive adjustment of investment strategies.

Secondly, for coffee producers and exporters, especially those in
regions heavily reliant on this industry, the ability to anticipate
episodes of structural decoupling is a vital component of resilience.
Continuous monitoring of SDI* offers advanced indications that
support informed decision-making regarding pricing strategies,
contract renegotiation, and income risk mitigation. This proactive
approach enables industry participants to minimize vulnerability to
abrupt price fluctuations and sustain more stable revenue streams.

Third, the SDI* functions as an early warning tool for regulators
and policymakers, signaling systemic vulnerabilities. The timely
identification of sustained divergences among key commodities
facilitates the anticipation of macroeconomic shock transmission,
enabling the formulation of adaptive policy responses. Potential
interventions encompass credit support initiatives, government-
backed hedging arrangements, and inventory management
strategies designed to mitigate adverse effects on producers and
exporters.

Finally, the SDI* can be integrated into real-time financial risk
dashboards, creating a system for continuous monitoring of market
interdependence. Its incorporation into visualization platforms,
alongside traditional metrics such as volatility or value at risk
(VaR), would enable the generation of automatic alerts when
structural breaks are detected. This integration not only enhances
decision-making under uncertainty but also provides a scalable
and adaptable framework, suitable for both multi-commodity
portfolios and emerging markets, establishing the SDI* as a
versatile tool for risk management in dynamic environments.

3.4. Implications for Small-Holder Producers and
Agricultural Policies

The findings of this study have direct implications for small coffee
producers, coffee cooperatives, and policymakers in producing
countries. First, cooperatives can use SDI" as a decision-making
tool to develop hedging strategies, negotiate better contract terms,
and modify storage or export schedules in response to structural
decoupling episodes. Additionally, governments and regulatory
agencies can integrate SDI" monitoring into agricultural risk
management systems to anticipate income shocks in coffee-
dependent areas. This allows for the timely deployment of
support measures such as emergency credit lines, stabilization
funds, or government-backed hedging plans. Moreover, using
SDI* supports broader goals of sustainability and food security.
By reducing income volatility, producers become less exposed to
sudden market shocks, which helps sustain rural livelihoods and
strengthen supply chain resilience. Given the close connection
between coffee markets and global trade, SDI* offers valuable
insights for international negotiations and policy coordination,
enabling better management of external shocks in energy markets
and limiting their adverse effects on agricultural economies.

4. DISCUSSION

The results substantiate the episodic and volatile characteristics of the
linkage between Arabica coffee and Brent crude oil futures. Notably,
the increasing prevalence and magnitude of decoupling events in
2023 point to the asymmetric influence of geopolitical disruptions,
such as the Russia—Ukraine conflict and energy supply interruptions,
on agricultural and energy commodity markets, consistent with
evidence that black-swan events significantly reshape the dynamic
connectedness of global energy markets (Hu et al., 2023). Oil prices
exhibit near-immediate responses to global supply shocks, whereas
coffee prices are predominantly shaped by idiosyncratic climatic
and agricultural factors. This divergence validates the notion of
structural segmentation across asset classes, illustrating that shocks
of comparable scale can generate heterogeneous market dynamics.

For coffee supply chains, such divergence underscores the
vulnerability of rural livelihoods to asymmetric global shocks,
where farmers and cooperatives face income instability even when
energy markets adjust more rapidly. These conclusions align with
the findings of Chowdhury et al. (2025), who document distinct
transmission patterns of geopolitical risk across agricultural
and energy commodities, highlighting their uneven short-term
sensitivities, and are consistent with evidence that agricultural
livelihoods are highly exposed to price volatility, climate shocks,
and adverse economic variables, which makes integrated financial
risk-management strategies essential to protect producers’ income
and resilience (Costa, 2024).

From both economic and quantitative perspectives, these insights
cast doubt on the presumption of persistent integration embedded
in conventional risk management frameworks. Hedging strategies
based on static correlation structures may overlook market risks
arising from simultaneous but divergent shocks, a pattern that
mirrors the contagion-driven loss of diversification benefits
documented in financial markets under stress (Hadad, 2025).
The identification of multiple dependency regimes, ranging from
strong coupling to pronounced decoupling, provides a nuanced
understanding of inter-asset relationships and a robust empirical
foundation for adaptive hedging approaches that accommodate
evolving market conditions, consistent with evidence showing
that economic systems exhibit alternating phases of convergence
and decoupling over time (Kose et al., 2012).

In the agricultural context, these adaptive strategies are particularly
relevant for coffee cooperatives, which can leverage early-warning
signals from the SDI* to renegotiate contracts, adjust storage
and commercialization policies, and design collective hedging
mechanisms. By doing so, cooperatives strengthen their role in
protecting smallholder farmers from abrupt income disruptions and
contribute to the overall resilience of coffee-producing regions.

In this context, Chowdhury et al. (2025) emphasize the
distinctiveness of political risk transmission channels across
commodities, advocating for the integration of this heterogeneity
into risk analysis and management frameworks. For policymakers
in coffee-producing countries, recognizing these heterogeneous
transmission channels is essential to anticipate and mitigate crises
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in regions heavily dependent on coffee revenues. Incorporating
tools such as the SDI* into agricultural policy design can facilitate
the early detection of systemic vulnerabilities, enabling the
implementation of timely stabilization measures. Such measures
may include government-backed hedging facilities, countercyclical
credit lines, or buffer stock programs to protect producers from
income shocks. Embedding early-warning systems into policy
frameworks strengthens the resilience of rural economies and
safeguards food security objectives against external volatility.

Additionally, these findings contribute to the ongoing debate on
the financialization of commodity markets. Although studies by Da
etal. (2024) and Ait-Youcef and Joéts (2024) argue that increased
participation by financial investors amplifies price comovements
during global uncertainty, the current evidence indicates that
financialization alone cannot fully explain coffee—oil interactions.
While speculation might strengthen short-term correlations,
structural and idiosyncratic disruptions primarily drive decoupling
episodes. This interpretation aligns with agricultural economics
research on asymmetric price transmission, which shows that
shocks in the global coffee market are only partially passed through
to producer or farm-gate prices (Gilbert, 2010; Baquedano and
Liefert, 2014). This incomplete and uneven transmission amplifies
producer vulnerability, reinforcing the need for commodity-
specific approaches that account for both financial and real-sector
dynamics.

From a methodological perspective, the SDI* developed through
computational algorithms consolidates as an innovative tool
capable of detecting abrupt transitions between coupling and
decoupling phases with high temporal resolution. Unlike
conventional econometric methods, this index provides early
signals of structural breaks and improves the segmentation of
market dynamics, enhancing its practical utility in hedging
strategies and risk management. Its adaptable design also allows
extension to multi-commodity portfolios and emerging markets,
facilitating cross-asset comparisons.

This anticipatory capacity aligns with Yang et al. (2021), who
emphasize the importance of multiscale dependence metrics in
understanding market resilience. By linking dependency regimes
with macroeconomic and climatic drivers (Ledwaba et al., 2025;
Aysan et al., 2025; Melawanki et al., 2025), the SDI* approach
reinforces the interpretive depth of energy—agriculture linkages
and establishes a robust foundation for composite indicators.
Beyond financial applications, the SDI* contributes to agricultural
sustainability by guiding diversification strategies and enabling
cooperatives and policymakers to anticipate systemic shocks and
strengthen rural resilience.

In summary, integrating advanced data science and machine
learning into the SDI* framework broadens the energy-agriculture
nexus literature by providing a scalable and predictive early-
warning system. This system not only improves market modeling
accuracy but also supports sustainable policies aimed at protecting
livelihoods in coffee-dependent economies affected by energy and
climate volatility.

5. CONCLUSIONS

The analysis reveals that Arabica coffee and Brent crude oil
markets are episodically and non-stationarily interconnected, with
recurrent phases of coupling, weak coupling, and decoupling.
The identification of 216 structural decoupling episodes between
2010 and 2025 (52% strong) confirms the persistent segmentation
between agricultural and energy commodities, challenging the
assumption of stable long-term integration.

The SDI* anticipates structural breaks up to 15 days earlier than
DCC-GARCH models, demonstrating enhanced early-warning
capacity for systemic risk monitoring. By integrating linear
and nonparametric correlations across multiple horizons, the
SDI" enables the early detection of regime shifts and provides a
methodological contribution that strengthens commodity market
research while remaining highly applicable to agricultural risk
analysis.

Robustness tests show strong consistency between K-Means and
Gaussian Mixture Models in identifying dependency regimes,
while Spectral Clustering captures more extreme and persistent
patterns, highlighting the added value of nonlinear validation. This
convergence supports the reliability of the dependency structure
and reinforces the relevance of advanced machine learning in
the analysis of agricultural markets exposed to complex external
shocks.

The SDI* effectively detected major divergence episodes linked
to the post-COVID logistics crisis (2021), the Russia—Ukraine
war (2022-2023), and the ENSO 2023/24 drought. Connecting
quantitative evidence with real-world events enhances the external
validity of the results and demonstrates the tool’s potential for
applied risk monitoring in coffee markets.

The applied hedging case study (February-June 2022) shows
that SDI* signals can help reduce exposure to extreme shocks,
even when cumulative returns are slightly lower, confirming
that adaptive, regime-sensitive strategies are more resilient than
static approaches. For exporters, cooperatives, and regulators,
this represents a practical decision-support tool for managing
uncertainty in highly volatile environments.

Finally, the identification of distinct dependency regimes offers
tangible insights for agricultural and policy design. High-coupling
phases demand rapid and coordinated responses, while low-coupling
or decoupling periods open opportunities for diversification and
gradual stabilization. For coffee-dependent economies, the use of
adaptive indicators such as the SDI" strengthens systemic resilience,
supports income stabilization for farmers, and contributes to
sustainable rural development and food security.

Overall, this study extends the energy—agriculture nexus literature
by introducing a scalable and predictive early-warning framework
that bridges financial modeling, sustainability, and agricultural
policy.

This study has three main limitations that suggest directions for
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further research. First, the analysis focuses exclusively on Arabica
coffee and Brent oil, which may limit the generalizability of the
findings. Expanding to other agricultural products, metals, or
energy derivatives would provide a broader assessment. Second,
the models concentrate on price interactions without incorporating
other financial and macroeconomic factors such as exchange
rates, interest rates, or implied volatility, which could improve
understanding of convergence and decoupling phases. Third,
regime detection through clustering methods may be affected
by parameter selection (for example, window length or number
of clusters). Future work could explore adaptive or Bayesian
approaches to minimize this bias and enhance robustness.
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