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Abstract

Cross-market risk transmission in U.S. energy markets has become increasingly complex
as fossil fuel prices, electricity markets, and clean energy financial exposure respond
differently to stress episodes. Identifying whether dynamic spillover information contains
forward-looking diagnostic value is therefore important for energy market risk monitoring.
This study examines a daily six-market U.S. energy return panel covering WTI crude oil,
Henry Hub natural gas, Brent crude oil, RBOB gasoline, PJM West electricity, and CELS
clean-energy equity exposure from 2016 to 2025. We first estimate time-varying total,
directional, and net connectedness using a TVP-VAR-DY framework and then transform
the resulting connectedness measures into spillover-based features for supervised high-
DSV20-state classification. The results show that energy-market connectedness is clearly
time-varying, with crude oil benchmarks occupying central positions and market-level net
spillover roles changing across market conditions. Under the retained label-80 Random
Forest specification, connectedness-based features provide moderate diagnostic value
for identifying future high-DSV20 states. Net WTI, Net Henry Hub, and Net CELS are
the most informative spillover-role variables. Additional validation checks indicate that
the evidence is best interpreted as support for diagnostic risk monitoring rather than as
a high-accuracy forecasting system. The findings highlight the usefulness of dynamic
connectedness measures as transparent inputs for energy-market risk assessment.

Keywords: energy-market connectedness; TVP-VAR-DY; spillover-based features; machine
learning; high-DSV20 states; diagnostic risk monitoring

1. Introduction
The linkage among fossil-energy markets, electricity markets, and clean-energy fi-

nancial assets is reshaping the formation and transmission of energy market risk. Energy
security pressure, fuel price repricing, electricity market volatility, and energy transition in-
vestment increasingly occur at the same time, making it less appropriate to study crude oil,
natural gas, refined fuels, electricity, and clean-energy assets as isolated markets. Instead,
these segments are embedded in a more complex cross-market risk transmission system.
Existing evidence shows that systemic risk and connectedness between dirty and clean-
energy markets vary across market states and display stronger nonlinear and asymmetric
features under tail-risk conditions [1]. Dynamic transmission structures are also observed
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within clean-energy markets, where different segments may act as transmitters or receivers
during risk diffusion [2]. In addition, the dynamic dependence between energy-related
ETFs and fossil energy commodities indicates that energy-market shocks can spread across
financial assets, commodity prices, and risk-expectation channels [3,4]. Energy market risk
analysis should therefore move beyond the volatility of individual price series and examine
how cross-market shocks are formed, transmitted, and accumulated into system-level risk.

Connectedness measures provide a direct way to describe this transmission process.
In studies of energy-market risk transmission, prices and returns are often treated as direct
reflections of market dynamics. However, information frictions, liquidity differences, in-
stitutional heterogeneity, and heterogeneous shock-absorption capacities make it difficult
to capture the full diffusion process by relying only on single-market price information.
Dynamic connectedness offers a framework for measuring both the intensity and the direc-
tion of cross-market transmission. The total connectedness index captures the aggregate
strength of system-wide spillovers, directional spillovers distinguish outward transmission
from inward reception, and net spillovers indicate whether a market behaves more as a
transmitter or a receiver at a given point in time. Recent evidence on carbon-energy-green
finance systems, energy futures markets, and higher-order moment risk spillovers in global
energy markets also shows that risk transmission among energy-related markets is not
stable over time, but is affected by policy uncertainty, climate attention, geopolitical risk,
and market stress conditions [5–7]. In this sense, connectedness measures do not merely
reflect static correlations across markets; they transform energy-risk transmission into
observable and comparable dynamic system states.

However, the use of connectedness measures in existing energy market studies remains
largely retrospective. Most studies examine whether system connectedness increases
during particular stress episodes, whether a specific asset becomes a net transmitter, or
whether stronger tail dependence exists across markets. Less attention has been paid to
whether measured dynamic spillover states can be used as diagnostic inputs for identifying
future high-risk conditions. At the same time, machine-learning methods have been
widely applied to volatility forecasting for crude oil, natural gas, and clean-energy markets,
showing advantages in handling nonlinear dependence and high-dimensional information
in energy-market risk management [8–10]. Yet the inputs in these studies are usually
prices, volatility measures, technical indicators, or other market variables, while cross-
market transmission structures are less often incorporated as economically interpretable
machine-learning features. This leaves an important gap: dynamic connectedness measures
are mostly used for the ex-post interpretation of energy-market risk transmission, while
their role as spillover-based features for diagnostic high-risk-state classification remains
insufficiently examined.

This study addresses this gap by linking the TVP-VAR-DY connectedness measure-
ment with supervised high-DSV20-state classification in the U.S. energy-market system.
The empirical analysis uses six daily U.S. energy-market series: WTI crude oil, Brent
crude oil, Henry Hub natural gas, RBOB gasoline, PJM West electricity, and CELS clean-
energy equity exposure. This six-market design covers crude-oil benchmarks, natural
gas, refined fuel, regional electricity market conditions, and clean-energy equity expo-
sure, thereby combining conventional energy commodities, power-market dynamics, and
energy-transition-related financial exposure. CELS is included to capture clean-energy
equity-market exposure associated with the energy-transition segment, rather than to repre-
sent a physical energy commodity. The analysis first estimates time-varying connectedness
in the energy-market system and extracts total connectedness, directional spillovers, and
market-level net spillovers. These measured connectedness outputs are then transformed
into spillover-based machine-learning features, including total connectedness, market-level

https://doi.org/10.3390/en19122895

https://doi.org/10.3390/en19122895


Energies 2026, 19, 2895 3 of 32

net spillover roles, lagged total connectedness, and short-run TCI variability. Finally, the
machine-learning stage evaluates whether these spillover states contain diagnostic infor-
mation for future high-DSV20 states over a 20-day horizon. Model evaluation considers
not only ranking metrics, but also threshold selection, positive-class detection, and the
trade-off between false positives and missed high-risk states [11,12].

The main findings can be summarized as follows. First, total connectedness in the
U.S. energy-market system is clearly time-varying, indicating that cross-market risk trans-
mission shifts between calmer conditions and intensified transmission regimes. Second,
directional and net spillover results show that crude-oil benchmarks occupy central po-
sitions in the energy system, while the net roles of natural gas, electricity, refined fuel,
and clean-energy equity exposure are more state-dependent. Third, the retained label-80
Random Forest specification provides moderate diagnostic value for identifying future
high-DSV20 states. Net WTI, Net Henry Hub, and Net CELS are the most informative
spillover-role variables, suggesting that changing market roles contain relevant information
for risk monitoring. The evidence should be interpreted as diagnostic rather than as a
high-accuracy forecasting system, since the retained classifier still involves false positives
and missed high-risk states.

This study contributes to the existing literature in three ways. First, it extends the
energy-market connectedness analysis from ex-post spillover measurement to diagnostic
high-risk-state classification. Existing studies usually use connectedness measures to
describe how shocks are transmitted across energy markets, carbon markets, clean finance,
and energy-related assets [13–15]. This study further examines whether measured spillover
states can serve as informative inputs for identifying future high-risk conditions. Second, it
converts TVP-VAR-DY connectedness outputs into economically interpretable spillover-
based machine-learning features. In this way, the machine-learning inputs are directly
linked to energy-market transmission roles rather than to generic technical indicators. Third,
it evaluates energy-market risk identification with explicit attention to threshold choice,
positive-class detection, and false-positive/false-negative trade-offs. This design clarifies
the informational value and limitations of connectedness-based features for energy-market
risk monitoring.

2. Literature Review
2.1. Energy-Market Connectedness and Volatility Spillovers

Existing studies increasingly treat crude oil, natural gas, electricity, and energy-related
financial assets as components of an interconnected spillover system rather than as an
isolated price series. Cross-market evidence shows that energy shocks can be transmitted
through both commodity and financial channels, embedding U.S. energy assets in broader
volatility networks [16,17]. This system view is also supported by energy-firm network
evidence, which shows that shocks can spread not only through spot and futures markets
but also through energy equities [18]. From an upstream–downstream commodity-chain
perspective, transmission roles also differ across markets and horizons [19].

Evidence from conventional energy, electricity, clean energy, and carbon markets
further indicates that energy spillovers are state-dependent and asymmetric. Return and
volatility transmission among natural gas, crude oil, electricity, and carbon markets varies
across regions, horizons, and market states. Clean-energy and conventional energy assets
also exhibit asymmetric transmission, while pandemic shocks, energy-security shocks, and
geopolitical risk can reshape connectedness structures [20,21]. With the expansion of clean
energy, carbon trading, and green finance, transition-related assets have become part of the
spillover system. The linkage between clean energy and fossil energy tends to strengthen
during crisis periods [22], and time–frequency spillovers among carbon, fossil energy,
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and clean energy further show that transition risk enters the energy-market transmission
process [23]. The relationship between green finance and traditional energy markets also
changes across market states [24]. Recent research on hybrid renewable microgrids further
shows that clean-energy transition is associated with multi-energy system design, regional
operating conditions, and uncertainty in energy-supply strategies. This evidence reinforces
the relevance of including clean-energy exposure when examining energy-risk monitoring
and cross-market transmission [25].

Methodologically, connectedness measures provide a unified framework for this litera-
ture. Forecast-error-variance-decomposition-based spillover measures identify the direction
of transmission at both the system and market levels [26]. Network extensions further
make it possible to interpret pairwise market roles and transmission structures within
the system [27]. Frequency–domain connectedness distinguishes short- and long-horizon
propagation, providing tools for analyzing energy-market spillovers across different hori-
zons [28,29]. Energy-market spillovers are therefore better understood as time-varying
system variables rather than fixed correlations.

2.2. Time-Varying Connectedness Methods and TVP-VAR-DY Applications

The spillover evidence reviewed in Section 2.1 raises a core measurement issue: cross-
market volatility transmission should be represented as a system-level structure rather
than as simple bilateral correlations. Forecast-error-variance-decomposition-based con-
nectedness measures convert shocks in a multivariate system into total and directional
spillover indices, thereby identifying the sources and recipients of transmission across
markets [26,30]. Generalized impulse-response and generalized variance-decomposition
approaches further reduce the influence of variable ordering on shock attribution [31,32].
On this basis, network connectedness extensions make it possible to identify pairwise
market roles and transmission structures within the system [27].

Static full-sample models and rolling-window approaches are less able to capture
transmission changes during stress periods or gradual structural shifts. Time-varying-
parameter VAR models allow coefficients and shock covariance to adjust over time, making
them better suited to changing financial and energy-market structures [33,34]. The TVP-
VAR connectedness framework further applies this logic to dynamic spillover measurement,
allowing TCI, directional spillovers, and net spillovers to be estimated as time-varying
system variables rather than local averages imposed by a fixed rolling window [35].

Subsequent studies show that connectedness varies not only over time but also across
horizons, quantiles, and market states. Frequency–domain connectedness separates short-
and long-horizon transmission, while quantile and time–frequency evidence shows that
spillovers among energy, metal, and carbon markets can become stronger or change direc-
tion under extreme market conditions [28,36]. Recent energy and commodity applications
also apply TVP-VAR or related dynamic decomposition methods to uncertainty, oil shocks,
clean-energy assets, and geopolitical risk, showing that time-varying connectedness out-
puts can describe changing transmission structures within energy systems [37]. Much of
this literature, however, remains focused on measuring and interpreting connectedness
itself, leaving open whether measured spillover states contain forward-looking information
for identifying future high-risk conditions.

2.3. Machine-Learning Risk Identification and Early-Warning Models

The preceding discussion treats dynamic connectedness outputs as measured spillover
states. A related risk-identification literature asks whether observable state variables can
be translated into warning signals for future crises, distress, or high-risk conditions. In this
setting, machine learning is better understood as a supervised classification framework
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rather than as a general forecasting tool. Banking-crisis and financial-crisis studies typically
use macro-financial, balance-sheet, or market variables to identify future warning states and
evaluate model performance against out-of-sample crisis realizations [38,39]. More recent
work uses flexible algorithms to handle nonlinear relationships and time dependence, but
its contribution lies in the early-warning design rather than in claiming that crises can be
predicted with certainty [40,41].

Financial distress, credit risk, and market-risk studies provide a more specific prece-
dent for classifying high-risk states. Credit scoring, bankruptcy prediction, and bank-failure
models usually define default, failure, or high-risk events as binary outcomes and use
machine-learning classifiers when predictor effects may be nonlinear or interactive [42,43].
Tree-based and boosting methods have also been applied to bank-failure and extreme
market-risk prediction, where the objective is to separate high-risk observations from
normal observations rather than to explain structural causality [44,45]. Machine-learning
studies in energy economics further show that energy variables can serve not only as
price-forecasting targets but also as informational inputs for risk-state identification [46].
Work on crude-oil futures and energy-risk prediction similarly emphasizes that the relevant
information lies in movements in risk or volatility states, rather than in the price level
itself [47,48].

Evaluation is central to high-risk identification because the positive class is often
rare or unevenly distributed. Evidence from imbalanced credit-scoring and banking-
crisis settings shows that standard accuracy may obscure weak detection of the high-risk
class, making it necessary to distinguish ranking performance from threshold-dependent
operating performance [49,50]. ROC-AUC and average precision assess whether a model
ranks risky observations ahead of lower-risk observations, while precision, recall, F1,
balanced accuracy, and threshold-based metrics describe the classification tradeoff after
a classification rule is fixed [51]. Precision–recall analysis is especially relevant when the
positive class is limited, because it directly captures the tradeoff between missed high-risk
states and false positives [52].

This literature provides a basis for moving from dynamic spillover measurement to
supervised risk identification, but it also leaves a more specific gap. Existing financial-
crisis and market-risk models often rely on macro-financial indicators, credit variables,
accounting ratios, or general market-risk predictors, while energy-market machine-learning
studies more often use prices, volatility, or energy-risk features. Less attention has been paid
to dynamic connectedness variables and net spillover roles as economically interpretable
machine-learning features. Interpretable risk-prediction work shows that feature design
can improve the economic readability of a model, but feature importance should not be
equated with causal mechanisms [53]. The remaining gap can therefore be stated more
narrowly: whether dynamic connectedness variables can serve as interpretable spillover-
based features for identifying future high-risk states.

2.4. Research Gap and Contribution

Energy-market connectedness research has shown that volatility transmission extends
across conventional energy, clean energy, green finance, and related financial assets. Cross-
asset evidence indicates that crude oil, natural gas, coal, equity, and currency markets
can form interconnected volatility systems [16]. Linkages between clean energy and fossil
energy also become stronger during financial, oil-price, and pandemic stress episodes [22].
Energy-commodity spillovers differ between normal and stressed market states, and the rela-
tionship between green finance and traditional energy markets is also state-dependent [19,24].
The remaining question is therefore not whether energy spillovers exist, but whether these
measured spillover states can be used for forward-looking risk identification.
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Connectedness methods make this question empirically operational. Directional
connectedness measures decompose volatility transmission into total connectedness, trans-
mitted spillovers, received spillovers, and net spillovers, while network extensions further
reveal pairwise market linkages and market roles [26,27]. The TVP-VAR connectedness
framework allows TCI, directional spillovers, and net spillovers to evolve over time rather
than remain tied to full-sample or fixed-window estimates [35]. This means that TCI and
net spillover roles can be treated not only as post-estimation interpretation measures, but
also as dynamic spillover states for subsequent risk-identification designs.

The machine-learning early-warning literature provides the classification framework
for this design. Banking-crisis and financial-crisis studies usually define future distress as a
supervised warning problem, in which observable indicators are used to identify future
crisis or high-risk states [38,39]. Evaluation studies further show that, when high-risk states
are unevenly distributed, threshold choice, precision-recall tradeoffs, and operating-point
diagnostics are more informative for warning performance than accuracy alone [51,52].

The research gap lies at the intersection of these strands. Existing studies have rarely ex-
amined whether dynamic connectedness outputs contain forward-looking information for
identifying future high-risk states. Horizon-specific connectedness suggests that spillover
states may contain information beyond static correlations and full-sample averages [28]. In-
terpretable machine-learning research also shows that economically meaningful predictors
can improve the readability of risk identification [47,53]. This study therefore transforms
TVP-VAR-DY connectedness outputs into spillover-based machine-learning features and
uses future high-DSV20 states as the risk-identification target. The focus is the link between
dynamic spillover measurement and supervised risk identification, with the interpretation
kept diagnostic rather than causal.

3. Data and Variables
The empirical analysis is based on a daily six-market U.S. energy return panel spanning

5 January 2016 to 31 December 2025. After return construction and complete-case alignment,
the final balanced panel contains 2180 daily observations. The market coverage includes
WTI crude oil, Henry Hub natural gas, Brent crude oil, RBOB gasoline, PJM West electricity,
and CELS clean-energy equity index exposure.

The corresponding source symbols are DCOILWTICO for WTI crude oil, DHHNGSP
for Henry Hub natural gas, DCOILBRENTEU for Brent crude oil, DRGASLA for RBOB
gasoline, PJM WH Real Time Peak for PJM West electricity, and NASDAQCELS for CELS.
The WTI, Henry Hub, Brent, and RBOB series use FRED-style identifiers corresponding to
EIA energy price series. The CELS series is obtained from the Nasdaq official website and
is used to represent clean-energy equity-market exposure. The PJM West electricity series
is obtained from the EIA wholesale electricity history page. Specifically, the annual EIA
files are downloaded year by year, the PJM West observations are extracted and merged,
and the data-preparation procedure reads the market-date field and the average peak price
field to construct the final electricity return series.

All variables enter the empirical analysis as daily log returns rather than raw price
levels, with the return definition provided in Section 4.1. During sample construction,
the raw level series are first aligned by date across the six market calendars, and daily
log returns are then computed after this alignment step. The final balanced panel is
obtained through complete-case filtering across the six return columns, retaining only dates
for which all six market returns are available. No forward filling, backward filling, or
interpolation is used. Therefore, non-trading days and cross-market calendar differences
are handled through date alignment and complete-case filtering. The subsequent TVP-VAR-
DY connectedness estimation and machine-learning classification analysis are conducted
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using this common daily return panel. Table 1 summarizes the energy-market variables,
source symbols, data sources, and variable roles. Table 2 reports the descriptive statistics of
the six daily energy-market return series.

Table 1. Energy-market variables and data sources.

Market Segment Series Source Symbol Data Source Variable Role

U.S. crude-oil
benchmark WTI crude oil DCOILWTICO FRED-style EIA series U.S. crude-oil

benchmark

International crude-oil
benchmark Brent crude oil DCOILBRENTEU FRED-style EIA series Global crude-oil

benchmark

Natural gas Henry Hub natural gas DHHNGSP FRED-style EIA series U.S. natural-gas
benchmark

Refined fuel RBOB gasoline DRGASLA FRED-style EIA series Refined petroleum
product

Electricity PJM West electricity PJM WH Real Time
Peak

EIA wholesale
electricity history

Regional
electricity-market price

Clean-energy equity CELS clean-energy
index NASDAQCELS Nasdaq official website Clean-energy

equity-market exposure

Table 2. Descriptive statistics of energy-market returns.

Variable Observations Mean Std. Dev. Min Max Skewness Kurtosis

WTI crude oil 2180 0.001 0.0309 −0.2814 0.4258 1.6384 43.2718

Brent crude oil 2180 0.001 0.0284 −0.2564 0.412 1.2734 39.9286

Henry Hub natural gas 2180 0.0011 0.0736 −1.0251 1.4328 3.2454 102.3041

RBOB gasoline 2180 0.0004 0.0438 −0.4493 0.4838 0.062 25.9106

PJM West electricity 2180 −0.0067 0.2416 −4.8966 4.8018 −0.1073 153.7186

CELS clean-energy
equity 2180 0.0005 0.0215 −0.1558 0.1314 −0.1732 7.1731

Notes: This table reports descriptive statistics for the daily log returns of the six energy-market variables over
the balanced sample from 5 January 2016 to 31 December 2025. The final balanced panel contains 2180 complete
daily observations. The return definition is provided in Section 4.1. No forward filling, backward filling, or
interpolation is used in constructing the balanced return panel.

The mean returns are close to zero, whereas volatility and tail behavior differ consider-
ably across markets. PJM West electricity and Henry Hub natural gas show particularly
large standard deviations, indicating stronger short-run fluctuations than crude-oil and
clean-energy equity series. All six return distributions exhibit high kurtosis, suggesting
pronounced tail behavior. These patterns motivate the use of a dynamic connectedness
framework to capture cross-market shock transmission.

4. Methodology
4.1. Return Construction and Empirical Inputs

The empirical system uses the balanced six-market daily panel described in Section 3.
To place markets with different units and price scales into a common dynamic framework,
the aligned price or level series are transformed into daily log returns before connectedness
measurement. For market i at date t, the return series is defined as

ri,t = ln(Pi,t)− ln(Pi,t−1) (1)
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where Pi,t denotes the observed daily price or index level. This transformation reduces the
persistence associated with raw price levels and yields return inputs that are more suitable
for modeling cross-market shock transmission in a multivariate dynamic system.

The resulting balanced daily return panel ensures that each observation contains a
complete six-market return vector. This common return panel provides the empirical input
for the TVP-VAR-DY connectedness framework in the next subsection.

4.2. TVP-VAR-DY Connectedness Framework

Shock transmission across energy markets is unlikely to remain stable over time.
Episodes of market stress, fuel substitution, demand repricing, and cross-asset repricing
may alter both the strength and the direction of spillovers. To capture this time-varying de-
pendence structure, the analysis employs a time-varying-parameter vector autoregression
combined with the Diebold–Yilmaz connectedness approach. This specification uses a true
TVP-VAR-DY framework rather than a rolling-window VAR, allowing the coefficient and
covariance dynamics to evolve over the sample period.

Let yt denote the vector of daily returns for the six-market system. The TVP-VAR
representation is written as

yt = B1,tyt−1 + · · ·+ Bp,tyt−p + ut, E(ut) = 0, Var(ut) = Σt (2)

where Bl,t, l = 1, . . . , p, are time-varying coefficient matrices and Σt is the time-varying
covariance matrix of innovations. The lag order is selected using an AIC-based procedure
with a maximum lag of five. This specification allows both dynamic propagation chan-
nels and shock covariance to evolve over time, which is consistent with a connectedness
environment that does not remain fixed across the sample period.

To translate the estimated TVP-VAR system into connectedness measures, the analysis
uses the generalized forecast error variance decomposition (GFEVD). For forecast horizon
H, the contribution of shocks from market j to the forecast-error variance of market i at
date t is given by

θ
(H)
ij,t =

σ−1
jj,t ∑H−1

h=0

(
e′i Ah,tΣtej

)2

∑H−1
h=0 e′i Ah,tΣt A′

h,tei
(3)

where Ah,t is the time-varying impulse-response coefficient matrix at horizon h, ei and ej

are selection vectors, and σjj,t is the j-th diagonal element of Σt. Under this convention, θ
(H)
ij,t

measures the share of market i’s forecast-error variance attributable to shocks originating
from market j. The baseline connectedness calculation uses H = 20.

Because the raw GFEVD shares do not necessarily sum to one across each row, they
are row-normalized as

∼
θ
(H)

ij,t =
θ
(H)
ij,t

∑N
l=1 θ

(H)
il,t

(4)

where N = 6. This normalization ensures that the contributions to each market’s forecast-

error variance sum to one. The normalized matrix
∼
θ
(H)

t = [
∼
θ
(H)

ij,t ] provides the empirical
basis for the total, directional, and net connectedness measures defined in the next subsec-
tion. In this framework, off-diagonal elements capture cross-market shock transmission,
while diagonal elements capture own-market contributions to forecast-error variance.

4.3. Total, Directional, and Net Spillovers

Based on the row-normalized GFEVD matrix defined in the previous subsection, the
first summary measure is the total connectedness index (TCI), which captures the aggregate
intensity of cross-market spillovers in the system:
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TCIt = 100 × 1
N

N
∑
i ̸=j

∼
θ
(H)

ij,t (5)

Here,
∼
θ
(H)

ij,t denotes the normalized spillover share, and N is the number of markets.
TCIt summarizes the extent to which forecast-error variance is explained by cross-market
shocks rather than by own-market innovations.

Directional spillovers decompose this aggregate measure into market-level transmis-
sion and reception components. The spillovers transmitted by market i to the rest of the
system are defined as

TOi,t = 100 × ∑
j ̸=i

∼
θ
(H)

ji,t (6)

while the spillovers received by market i from the rest of the system are defined as

FROMi,t = 100 × ∑
j ̸=i

∼
θ
(H)

ij,t (7)

These two measures separate outward shock transmission from inward shock re-
ception at each point in time. Net spillovers summarize the difference between the two
directional components:

NETi,t = TOi,t − FROMi,t (8)

A positive value indicates that market i acts more as a transmitter than as a receiver at
date t, whereas a negative value indicates that it acts more as a receiver. In this study, net
spillovers are interpreted as time-varying market-role variables rather than fixed market
labels. This formulation supports the interpretation of connectedness roles in the empirical
results and provides the market-level spillover variables used later in the machine-learning
feature set.

4.4. Future High-DSV20 State Definition

The supervised-learning target is constructed from a forward-looking downside-
risk measure at the system level. Let ri,t denote the return of market i at date t, where
i = 1, . . . , N and N = 6. The system return is defined as the equal-weighted average return
across the six markets:

rsys,t =
1
N

N

∑
i=1

ri,t, N = 6. (9)

Based on this system return, the 20-day downside variation measure is defined as the
cumulative squared negative system return over the subsequent 20 trading days:

DSV20t =
20
∑

h=1

[
min

(
rsys,t+h, 0

)]2
. (10)

This construction captures the magnitude of future downside movements in the
aggregate energy-market system. It is forward-looking by design because it measures
realized downside risk over the next 20-day horizon. Importantly, DSV20t is used only as
the supervised-learning target and is not included in the input feature set.

To convert this continuous downside-risk measure into a binary high-risk-state label,
the analysis compares DSV20t with a shifted expanding historical quantile threshold. For a
given threshold level q, the binary label is defined as

Y(q)
t = 1

(
DSV20t > Qq,t−1

)
. (11)
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where Qq,t−1 denotes the expanding historical quantile of DSV20 computed using only
observations available before date t. The one-period shift ensures that the threshold does
not use the current or future DSV20 value when assigning the label at date t.

The threshold set is q ∈ {0.75 , 0.80, 0.85}. The 80% threshold is retained as the
baseline definition of a future high-DSV20 state, while the 75% and 85% thresholds are
used as threshold-robustness checks. This design treats label 80 as the focal empirical
specification rather than as a theoretically unique cutoff. The classification task therefore
evaluates whether connectedness-based features help identify future high-downside-risk
states under a transparent and consistently defined target construction.

4.5. Spillover-Based Feature Construction

After defining the future high-DSV20 target, the next step is to construct the explana-
tory features used in the classification exercise. The machine-learning stage does not rely on
generic technical indicators. Instead, its inputs are derived directly from the TVP-VAR-DY
connectedness outputs defined in Sections 4.2 and 4.3. This design allows the classification
exercise to examine whether dynamic spillover information contains diagnostic value for
identifying future high-downside-risk states.

The baseline feature set contains four types of connectedness variables. The first
is the total connectedness index, TCIt, which captures the overall intensity of cross-
market spillovers in the six-market system. The second group consists of market-level
net spillovers,

NETi,t = TOi,t − FROMi,t, (12)

for WTI crude oil, Henry Hub natural gas, Brent crude oil, RBOB gasoline, PJM West elec-
tricity, and CELS. These variables capture whether each market acts more as a transmitter
or receiver of spillovers at date t.

The third feature captures persistence in the connectedness environment. It is defined
as the first lag of total connectedness:

tcitotallag1t
= TCIt−1. (13)

This variable reflects whether the previous day’s system-wide connectedness condition
carries information for the current risk-monitoring exercise.

The fourth feature captures short-horizon connectedness instability. It is measured
based on the rolling five-day standard deviation of TCI:

tcitotalroll5stdt
= sd(TCIt, TCIt−1, TCIt−2, TCIt−3, TCIt−4). (14)

The five-observation rolling window is used as a short recent-history proxy for recent
fluctuations in system-wide connectedness. It is computed over the most recent five
available observations in the balanced common return panel, rather than over a fixed
Monday-to-Friday calendar week. Therefore, holidays and non-trading days do not cascade
the calculation forward; they are handled through the date alignment and complete-case
filtering described in Section 3. Unlike the DSV20 target, this feature is constructed only
from contemporaneous and historical connectedness information available at date t. It
therefore captures recent instability in the spillover environment without using future
downside-risk information.

The final spillover-based feature vector is

Xt =
(
TCIt, NETWTI,t, NETHH,t, NETBrent,t, NETRBOB,t, NETPJM,t, NETCELS,t, tci_total_lag1t, tci_total_roll5_stdt

)
. (15)
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This fixed feature set links the econometric connectedness framework to the down-
stream classification design. It is used to assess whether the measured spillover intensity,
market-level spillover roles, persistence, and short-term connectedness instability help
identify future high-DSV20 states.

4.6. Machine-Learning Classification and Evaluation

The machine-learning stage evaluates whether the spillover-based feature vector Xt

helps identify future high-DSV20 states. The classification task is therefore defined as a
diagnostic high-risk-state classification problem rather than a general-purpose forecasting
system. The baseline target is Y(0.80)

t , corresponding to the 80% shifted expanding quantile
threshold defined in Section 4.4. The 75% and 85% labels are used to assess threshold
robustness.

For each classifier, the model maps the spillover-based feature vector Xt into an
estimated probability of a future high-risk state:

p̂t = P(Yt = 1 | Xt). (16)

Here, Yt denotes the baseline high-DSV20-state label under the 80% threshold.
The predicted class label is obtained by comparing the estimated probability with a

validation-selected threshold τm:

Ŷ(m)
t = 1

(
p̂(m)

t ≥ τm

)
. (17)

The evaluation follows a fixed chronological split to preserve the time ordering of
the data. The training window runs from 12 January 2016 to 12 September 2022, the
validation window runs from 21 October 2022 to 4 March 2024, and the test window starts
on 15 April 2024. Although the original return panel extends to 31 December 2025, the
effective evaluated test observations end earlier because the forward DSV20 target requires
20 subsequent observations.

The training sample is used only for model fitting. The validation sample is used for
probability-threshold selection, and the test sample is reserved for the final out-of-sample
evaluation. Thresholds are selected based on the validation set using three criteria: maxi-
mizing F1, maximizing balanced accuracy, and maximizing recall subject to a minimum
precision requirement when feasible. The selected threshold can be expressed as

τ∗
m = argmaxMval(τ)

τ∈T
, (18)

where Mval(τ) denotes the validation-set objective evaluated at threshold τ.
Model performance is evaluated using the ROC-AUC, average precision (AP), F1,

precision, recall, and balanced accuracy. Precision and recall are defined as

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

. (19)

The F1 score is the harmonic mean of precision and recall:

F1 = 2 × Precision × Recall
Precision + Recall

. (20)

Balanced accuracy is defined as the average of sensitivity and specificity:

Balanced Accuracy =
1
2

(
TP

TP + FN
+

TN
TN + FP

)
. (21)
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The ROC-AUC and AP summarize ranking performance, while F1, precision, recall,
and balanced accuracy evaluate the threshold-dependent classification performance. Bal-
anced accuracy is particularly useful because the high-risk labels are not evenly distributed
across classes.

The classifier comparison is conducted under the same fixed feature set and chrono-
logical split. Random Forest is retained as the main nonlinear classifier because it can
capture nonlinear interactions among connectedness variables while requiring limited
distributional assumptions. Logistic regression and other standard classifiers are used as
comparison models to assess whether the diagnostic signal is specific to one modeling
choice. Simple benchmark rules, including the majority-class benchmark, are also reported
to provide a reference point.

The results are interpreted cautiously: stronger values indicate that connectedness
features contain diagnostic information for future high-risk-state classification, but they
do not imply a standalone market-timing tool or deterministic forecasting system. To
address the possibility that a single chronological split may understate time-series instability
or leakage concerns from overlapping forward labels, additional validation checks are
reported in Appendix C. These include target-horizon robustness, benchmark and ablation
comparisons, and expanding-window validation with a 20-observation embargo.

5. Dynamic Spillover Results
5.1. Total Connectedness over Time

Figure 1 reports the dynamic total connectedness index for the six-market energy
system. The index varies markedly over the sample period, ranging from 22.6 to 79.2
between January 2016 and December 2025, with an average of approximately 35.7. This
variation indicates that system-wide spillovers are not constant over time. Instead, the
energy system shifts between relatively calm periods and episodes of intensified cross-
market transmission. Because the TCI summarizes the share of forecast-error variance
attributable to cross-market shocks, these movements suggest that the degree of interde-
pendence among oil, gas, gasoline, electricity, and clean-energy equity markets changes
materially across the sample.

Figure 1. Dynamic total connectedness index for the six-market energy system. Notes: The numbered
markers refer to major stress episodes: (1) 2016 oil-market stress; (2) 2018 oil-price correction; (3) 2020
COVID-19 and oil-price war; (4) 2021 Texas freeze; (5) Russia–Ukraine war period; and (6) 2024
connectedness spike. The labels provide temporal references rather than a formal event-study design.
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The key finding is that total connectedness is time-varying rather than a fixed back-
ground feature of the U.S. energy system. This motivates the subsequent analysis of how
aggregate connectedness is distributed across directional and net spillover roles.

5.2. Directional and Net Spillover Structure

Directional spillovers show how the aggregate connectedness documented above is
allocated across individual markets. TO spillovers measure shocks transmitted from one
market to the rest of the system, FROM spillovers measure shocks received from other
markets, and NET spillovers summarize the difference between the two. A positive NET
value indicates that a market acts more as a transmitter at date t, while a negative value
indicates a stronger receiver position. Figure 2 presents market-level directional and net
spillover dynamics for the six markets. Figure 3 and Figure 4 separately display FROM
and TO spillovers, while Figure 5 summarizes these dynamics through net spillover roles.

Figure 2. Market-level directional and net spillover dynamics.
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Figure 3. Directional FROM spillovers received from other markets.

Figure 4. Directional TO spillovers transmitted to other markets.
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Figure 5. Net directional spillovers across the six markets.

The directional evidence shows that crude-oil-linked markets occupy central positions
in the spillover system. WTI and Brent display relatively high outward and inward spillover
levels, consistent with their role as broad pricing benchmarks for the wider energy complex.
Their directional measures also vary substantially over time, indicating that crude-oil
markets are not fixed transmitters or receivers but switch in intensity as market conditions
change. RBOB gasoline shows a pronounced receiving component, linking refined-fuel
dynamics to the broader crude-oil and energy-market system. By contrast, Henry Hub
natural gas, PJM West electricity, and CELS clean-energy equity generally display lower
average directional spillovers, although their time variation remains economically relevant
during stress episodes.

The net spillover measures add a market-role dimension to the directional evidence.
WTI is positive through much of the sample and has a positive average net position,
suggesting that it more often contributes to system-wide transmission than it absorbs
spillovers from the rest of the system. Brent is also positive on average, but its net role
changes more frequently. RBOB gasoline and CELS clean-energy equity are negative on
average, indicating that they more often receive shocks from the system than transmit them
back. Henry Hub natural gas and PJM West electricity have average net positions close to
zero but display wide time-varying ranges, suggesting state-dependent roles rather than
fixed market identities.

The key finding is that spillover roles are dynamic rather than permanent market
labels. Crude-oil benchmarks tend to sit near the center of the system, while refined fuel,
electricity, natural gas, and clean-energy equity exhibit more state-dependent transmission
and reception patterns. This role information provides the economic basis for the spillover-
based feature set used later to identify future high-DSV20 states.

5.3. From Spillover Measurement to Diagnostic Features

The shift from spillover measurement to feature construction directly follows from the
preceding results. TCI captures the time-varying intensity of system-wide transmission,

https://doi.org/10.3390/en19122895

https://doi.org/10.3390/en19122895


Energies 2026, 19, 2895 16 of 32

while net spillovers capture changing transmitter and receiver positions at the market
level. Lagged TCI and short-term TCI variability add information on persistence and
recent instability in aggregate connectedness. Together, these variables form a spillover-
based feature set that summarizes connectedness intensity, market roles, persistence, and
short-horizon instability.

These features are not generic technical indicators added after the connectedness
analysis. They are measured outputs from the TVP-VAR-DY system and retain a direct
link to the estimated spillover structure. Their role in the next section is therefore diagnos-
tic: the classification analysis evaluates whether observed spillover states contain useful
information for identifying future high-DSV20 conditions over the subsequent 20-day
horizon. This interpretation does not treat the spillover variables as structural causes of
future risk episodes.

6. Machine-Learning Identification of Future High-DSV20 States
6.1. Model Comparison and Retained Specification

Section 6 evaluates whether the spillover-based feature set constructed from the
TVP-VAR-DY outputs contains diagnostic information for future high-DSV20 states. The
comparison is conducted across the 75%, 80%, and 85% label settings using six test-sample
metrics: ROC-AUC, average precision (AP), F1, precision, recall, and balanced accuracy.
The ROC-AUC and AP evaluate ranking performance before a probability threshold is
imposed, whereas F1, precision, recall, and balanced accuracy evaluate the binary classifi-
cation rule after threshold selection.

Figure 6 reports the model-performance comparison across label settings and classi-
fiers. The heatmap displays the test-sample values of ROC-AUC, AP, F1, precision, recall,
and balanced accuracy, while the full numerical results underlying the figure are reported
in Appendix C, Table A5. The results indicate that model performance depends on the
definition of the high-risk state. The 75% label defines a broader high-risk class, while
the 85% label imposes a stricter and less frequent high-risk definition. The 80% label is
retained as the baseline empirical specification because it provides an intermediate high-
risk-state definition between these two alternatives. The 75% and 85% labels are used as
threshold-robustness checks rather than as competing theoretical definitions.

Under the baseline label-80 setting, the retained Random Forest classifier obtains ROC-
AUC of 0.662 and AP of 0.621 on the held-out test set. Its threshold-dependent performance
is also above the naive benchmark, with F1 of 0.622, precision of 0.573, recall of 0.681, and
balanced accuracy of 0.611. These values indicate moderate discriminatory ability rather
than high-accuracy classification. The result supports the interpretation that connectedness
features contain useful diagnostic information for identifying future high-DSV20 states,
but the retained specification should not be interpreted as a standalone forecasting system.

The comparison with simpler benchmarks supports a cautious incremental-value
interpretation. The majority-class benchmark cannot identify positive high-risk states,
while the default logistic regression model shows limited threshold-dependent performance.
The tuned balanced logistic model improves recall, but this comes with weaker ranking
performance than the retained Random Forest specification. The retained Random Forest
therefore provides the most balanced diagnostic trade-off among the reported comparison
models when ranking metrics and threshold-dependent metrics are considered together.

The following subsection examines the precision–recall profile and the validation-
selected operating threshold for the retained label-80 Random Forest specification. This
step is necessary because AP summarizes ranking quality, whereas the final high-risk-state
classification depends on the probability threshold used to convert predicted scores into
binary labels.
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Figure 6. Model performance comparison across label settings and classifiers.

6.2. Precision–Recall Evidence and Threshold Selection

Precision–recall evidence is useful because the empirical task is to identify future high-
DSV20 states rather than to maximize overall classification accuracy. When the positive
class is unevenly distributed, accuracy can appear acceptable even if the model retrieves too
few high-risk observations. Figure 7 therefore focuses on the retained label-80 specification
and shows how the candidate classifiers trade precision against recall across probability
thresholds. The horizontal reference line reports the test positive rate, providing a baseline
for assessing whether the precision–recall curve adds information beyond the unconditional
frequency of high-risk states.

For the retained Random Forest specification, the marked operating point corresponds
to a validation-selected threshold of approximately 0.297, with precision of 0.573 and recall
of 0.681. This threshold is selected before test-set evaluation and is therefore interpreted
as the operating threshold for the retained specification rather than as a threshold tuned
on the test set. At this operating point, precision remains above the unconditional test
positive rate, while recall indicates that the model identifies a meaningful share of future
high-DSV20 states.

The evidence supports a diagnostic risk-monitoring interpretation. The retained classi-
fier improves positive-class identification relative to the baseline frequency benchmark, but
it still involves a visible trade-off between missed high-risk states and false positives. The
selected operating point should therefore be interpreted as a practical classification rule
within the reported design, not as an accuracy-maximizing or universally optimal threshold.

Appendix A, Figure A1 and Table A1 report the threshold diagnostics behind the
selected operating point. The test-set confusion matrix reported later evaluates the same
retained operating rule out of sample. This structure links the precision–recall evidence
in Figure 7 to the classification-error profile while keeping the interpretation focused on
risk-monitoring performance rather than on strong forecasting claims.

https://doi.org/10.3390/en19122895

https://doi.org/10.3390/en19122895


Energies 2026, 19, 2895 18 of 32

Figure 7. Precision–recall curve and selected operating point for the label-80 Random Forest specification.

6.3. Interpreting the Retained Random Forest Through Spillover Features

Figure 8 reports permutation importance for the net-spillover component of the re-
tained label-80 Random Forest specification. The purpose is to identify which market-level
spillover-role variables contribute most to the classifier’s out-of-sample score within the
reported design. These variables are not generic technical indicators introduced indepen-
dently of the connectedness analysis. They are derived from the TVP-VAR-DY net spillover
measures and summarize whether each market acts more as a net transmitter or a net
receiver within the estimated energy-market system.

The ranking indicates that the diagnostic contribution is concentrated in a small set
of spillover-role variables. Net WTI has the largest positive permutation importance,
suggesting that variation in the net transmission role of the U.S. crude-oil benchmark
contains the strongest incremental information for the retained classifier. Net Henry Hub
is the second most important feature, indicating that the natural-gas spillover role also
contributes to the identification of future high-DSV20 states. Net CELS provides a smaller
but still positive contribution, linking clean-energy equity exposure to the diagnostic
information set.

The remaining net-spillover variables provide weaker or less stable incremental infor-
mation in this specification. Net Brent is close to zero, while Net PJM West and Net RBOB
are slightly negative in the permutation exercise. These values should not be interpreted as
negative economic effects. In permutation importance, a near-zero or negative value means
that randomly shuffling the variable does not reduce the retained model’s score in a stable
way, which can occur when the variable is noisy, redundant, or less informative under the
selected specification.

The interpretation is therefore diagnostic rather than causal. Figure 8 identifies which
measured spillover-role variables contribute to out-of-sample classification performance
for the retained classifier, but it does not establish a structural mechanism behind future
high-DSV20 states. The results suggest that net spillover roles, especially those of WTI,
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Henry Hub, and CELS, contain useful information for risk monitoring within the reported
machine-learning design.

Figure 8. Permutation importance of net-spillover features for the retained label-80 Random For-
est specification.

6.4. Spillover Dynamics as an Interpretation Bridge

Figure 9 links the retained spillover features back to the connectedness dynamics from
which they are constructed. Figure 8 identifies the net-spillover variables that contribute
most to the retained classifier, while Figure 9 shows how these variables evolve over time
alongside the total connectedness index. This step is useful because the selected predictors
are not external technical indicators; they are measured spillover roles embedded in the
TVP-VAR-DY connectedness system documented in Section 5.

Figure 9. Rolling spillover dynamics for TCI and selected net spillovers.
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The upper panel shows that aggregate connectedness changes substantially over
time, with repeated shifts between calmer and more elevated transmission regimes. The
lower panel shows that Net WTI, Net Henry Hub, and Net CELS also vary over time
rather than remaining fixed market labels. Net WTI is positive through much of the
sample, consistent with a recurrent net-transmitter role for the U.S. crude-oil benchmark.
Net Henry Hub exhibits sharp reversals, indicating a more state-dependent gas-market
spillover role. Net CELS is negative for extended periods but also shows short-lived
positive episodes, suggesting that clean-energy equity exposure can shift between receiver
and transmitter positions.

Figure 9 therefore provides a descriptive economic interpretation of the retained pre-
dictors. The variables highlighted by the Random Forest summarize changing roles within
the connectedness system, while the interpretation remains diagnostic and descriptive
rather than causal. The figure shows that the retained features are embedded in the evolving
spillover environment, while the classification analysis evaluates whether these measured
spillover states help identify future high-DSV20 conditions.

6.5. Classification Error Structure at the Selected Operating Point

Figure 10 reports the test-set classification outcomes for the retained label-80 Random
Forest specification at the same validation-selected operating threshold marked in Figure 7.
The confusion matrix contains 98 true positives, 46 false negatives, 73 false positives,
and 86 true negatives. In this setting, true positives are future high-DSV20 observations
correctly classified as high-risk states, while false negatives are high-DSV20 observations
not classified as high risk. False positives are lower-risk observations classified as high risk,
and true negatives are lower-risk observations correctly classified as low risk.

Figure 10. Confusion matrix for the retained label-80 Random Forest operating point.

The matrix is consistent with the precision–recall evidence reported above. At the
selected operating point, the classifier identifies a meaningful share of future high-DSV20
states, with recall of 0.681. Precision is 0.573, indicating that a non-trivial share of predicted
high-risk classifications does not correspond to realized high-DSV20 observations. Balanced
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accuracy is 0.611, showing that the retained rule improves on a no-skill benchmark but
remains far from a high-accuracy classification rule.

The error structure therefore supports a cautious diagnostic interpretation. A lower
threshold would identify more future high-DSV20 states but would also increase false
positives, whereas a higher threshold would reduce false positives at the cost of more
missed high-risk states. Figure 10 makes this operating trade-off explicit. The retained
classifier should therefore be interpreted as a risk-monitoring tool that provides useful but
imperfect classification information, rather than as a precise forecasting system.

Appendix A, Figure A1 and Table A1 document the threshold diagnostics behind
this operating point, while Figure 10 evaluates the retained rule on the held-out test set.
This separation keeps validation-stage threshold selection distinct from the out-of-sample
classification assessment.

6.6. Robustness and Sensitivity Checks

The preceding subsections retain the label-80 Random Forest specification as the focal
empirical configuration. Additional checks examine whether the classification evidence is
sensitive to the feature grouping, input treatment, DY-parameter settings, target-horizon
design, benchmark features, and time-series validation. Appendix B reports the original
robustness and sensitivity checks, including feature-group robustness, winsorized-input
sensitivity, and DY-parameter sensitivity. Appendix C reports additional validation and
model diagnostics, including the full numerical metrics underlying Figure 6, target-horizon
robustness, benchmark and ablation checks, and expanding-window validation with a
20-observation embargo.

Table 3 provides a compact summary of the feature-group and input-sensitivity checks
reported in Appendix B, Tables A2 and A3. These checks are distinct from the model-
comparison evidence in Figure 6 and Appendix C, Table A5.

Table 3. Compact robustness and sensitivity summaries for the retained label-80 Random Forest
specification.

Robustness
Dimension Specification AP Balanced Accuracy Interpretation

Feature group Total-only 0.331 0.532
Contains some connectedness
information, but weaker than

net-only

Feature group Net-only 0.490 0.585 Strongest among the reported
feature groups

Feature group Total plus net 0.433 0.556 Adds information, but does not
exceed net-only

Input sensitivity Baseline input 0.439 0.551 Baseline input comparison point

Input sensitivity Winsorized input 0.401 0.582 Operating performance remains
comparable after winsorization

The feature-group comparison supports the role of net-spillover information in the
retained specification. As shown in Appendix B, Table A2, the net-only feature group has
the highest AP and balanced accuracy among the reported feature-group checks, while the
total-only and total-plus-net specifications provide weaker or less consistent performance.
This pattern is consistent with the interpretation that market-level net spillover roles
contain useful diagnostic information for identifying future high-DSV20 states. The result
should not be interpreted as a universal feature-selection claim, because the comparison
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is conditional on the retained label definition, model class, feature construction, and
evaluation protocol.

The winsorized-input check provides a separate input-sensitivity assessment. Appendix B,
Table A3 shows that, after winsorization, balanced accuracy remains comparable to the
baseline input case, although AP declines. This indicates that the retained interpretation is
not driven solely by unprocessed extreme input values, while also confirming that positive-
class ranking performance is sensitive to input treatment. Appendix B, Table A4 reports
DY-parameter sensitivity evidence and should be read as a parameter-sensitivity check
rather than as a definitive robustness proof across all connectedness-design choices.

The additional validation checks in Appendix C further qualify the baseline evi-
dence. Appendix C, Table A6 shows that the DSV20 target horizon provides the most
balanced diagnostic performance among the DSV10, DSV20, DSV30, and DSV60 speci-
fications, while the longer and shorter horizons should not be overstated as uniformly
supportive alternatives. Appendix C, Table A7 compares the connectedness-based specifi-
cation with returns-only, realized-volatility-only, and combined-control benchmarks; the
results support incremental diagnostic value from connectedness features rather than broad
dominance across all feature designs. Appendix C, Table A8 reports expanding-window
validation with a 20-observation embargo. The fold-based evidence suggests that the fixed
chronological split is not obviously over-optimistic, but it also shows time-series variation
in classification performance.

Overall, the robustness and validation evidence supports a cautious diagnostic risk-
monitoring interpretation. The retained specification provides useful but imperfect in-
formation for identifying future high-DSV20 states. The evidence should therefore be
interpreted as support for connectedness-based diagnostic classification, not as a claim of
full robustness across all design choices or as evidence of a high-accuracy forecasting system.

7. Discussion and Implications
7.1. Economic Interpretation of Dynamic Spillover Roles

The evidence in Sections 5 and 6 suggests that U.S. energy-market connectedness
is time-varying and role-dependent. The diagnostic information used by the retained
classifier is concentrated in a limited set of measured spillover-role variables. In the retained
label-80 Random Forest specification, Net WTI, Net Henry Hub, and Net CELS provide
the most informative spillover signals. This pattern is economically meaningful because
these variables are constructed from TVP-VAR-DY connectedness outputs and summarize
changing net transmitter and receiver positions rather than generic technical covariates.

These selected spillover roles correspond to distinct positions within the energy-
market system. Net WTI captures shifts in the net transmission role of the U.S. crude-oil
benchmark and reflects its central position in broader energy-market repricing. Net Henry
Hub reflects the role of the natural-gas market, whose transmission and reception patterns
can change sharply across fuel-substitution pressures and regional energy conditions. Net
CELS extends the interpretation beyond fossil-fuel markets by showing that clean-energy
equity exposure can also enter the connectedness environment through changing net
spillover roles.

Figures 8 and 9 provide complementary evidence for this interpretation. Figure 8
identifies the main diagnostic contributors within the retained classifier, while Figure 9
shows that these variables are embedded in a time-varying connectedness environment.
The interpretation is therefore diagnostic and descriptive rather than causal. The results
suggest that measured spillover roles contain useful information for risk monitoring, but
they do not imply that these variables structurally cause future high-DSV20 states.
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7.2. Implications for Spillover-Based Risk Identification

The results broaden the informational use of connectedness measures in energy-
market risk analysis. In much of the connectedness literature, spillover measures are used
mainly as retrospective summaries of how shocks propagate through the system. The
evidence in this study suggests that measured spillover roles can also be used as inputs
for forward-looking high-risk-state classification. Because the features are constructed
from TVP-VAR-DY outputs, the retained classifier does not rely on external technical
indicators. Instead, it evaluates whether measured spillover intensity, market-level net
roles, persistence, and recent connectedness instability contain diagnostic information for
future high-DSV20 states.

The confusion-matrix evidence is central to this interpretation because it makes the
operating consequences of the retained classification rule visible. The classifier identifies
a meaningful share of future high-DSV20 states, but it also generates false positives and
misses some high-risk episodes. These classification errors are not secondary details; they
are the practical expression of the precision–recall trade-off. A lower threshold would
identify more high-DSV20 states at the cost of broader false positives, while a higher
threshold would reduce false positives at the cost of more missed high-risk states.

The retained specification should therefore be read as a diagnostic risk-monitoring
configuration under the reported design, not as an error-free decision rule. Its contribu-
tion lies in translating dynamic spillover information into an operational classification
signal that can support monitoring of energy-market-risk conditions. This interpretation
is consistent with the moderate performance reported in Section 6: the model provides
useful but imperfect diagnostic information, rather than a deterministic or high-accuracy
forecasting system.

7.3. Limitations and Scope of Interpretation

The retained evidence should be interpreted as diagnostic rather than causal. The
permutation importance in Figure 8 identifies which spillover-role variables contribute
most to the retained classifier’s out-of-sample performance, but it does not show that
these variables structurally cause future high-DSV20 states. Figure 9 provides an economic
interpretation of the selected variables by linking them back to time-varying connectedness
dynamics, but it should not be read as a structural mechanism test.

This boundary also applies to specification choices. The label-80 setting is retained
as the baseline empirical specification because it provides an intermediate high-risk-state
definition between the broader 75% threshold and the stricter 85% threshold. The Random
Forest model is retained because it provides the most balanced diagnostic trade-off within
the reported comparison, not because it is universally preferred across all possible de-
signs. The additional validation checks in Appendix C examine alternative target horizons,
benchmark feature sets, and expanding-window validation, but they do not eliminate all
model-design uncertainty.

The operating interpretation is also conditional on the selected probability threshold.
As Figures 7 and 10, Appendix A, Figure A1 and Table A1 show, threshold choice shifts the
balance between false positives and false negatives. This does not weaken the diagnostic
interpretation; rather, it defines the scope of the retained classification rule. The results
support the use of dynamic spillover measures as informative inputs for energy-market risk
monitoring, while leaving room for alternative thresholds, model classes, connectedness
specifications, and forecast horizons in future research.
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8. Conclusions
This study examines whether dynamic spillover information can support future high-

risk-state identification in the U.S. energy market. Using a daily six-market return panel
covering crude oil, natural gas, gasoline, electricity, and clean-energy equity exposure,
the analysis combines a TVP-VAR-DY connectedness measurement with supervised high-
DSV20-state classification. The framework first estimates time-varying total, directional,
and net spillovers, and then evaluates whether these measured spillover states contain
diagnostic information for future downside-risk conditions.

The results show that U.S. energy-market connectedness is clearly time-varying. Total
connectedness shifts between calmer periods and episodes of intensified cross-market
transmission, indicating that system-wide spillover intensity is not a fixed background
feature. Directional and net spillover results further show that market roles are dynamic
rather than permanent. Crude-oil benchmarks, especially WTI, tend to occupy central
positions in the system, while natural gas, electricity, refined fuel, and clean-energy equity
exposure display more state-dependent transmitter and receiver roles.

The machine-learning evidence suggests that connectedness-based features provide
useful but moderate diagnostic value for identifying future high-DSV20 states. Under the
retained label-80 Random Forest specification, the model improves on naive benchmarks
and identifies a meaningful share of high-risk observations, but the confusion-matrix
evidence also shows non-trivial false positives and missed high-risk states. The retained
specification should therefore be interpreted as a diagnostic risk-monitoring tool rather than
as a high-accuracy forecasting system or deterministic decision rule. The most informative
variables are concentrated in net spillover roles, particularly Net WTI, Net Henry Hub,
and Net CELS, suggesting that changing market roles contain relevant information for
risk monitoring.

Several limitations define the scope of the findings. The results are conditional on
the six-market sample, the DSV20 target construction, the selected threshold design, the
retained classifier, and the sample split. The spillover variables should not be interpreted
as structural causes of future high-risk states. Instead, they provide empirically measured
signals from the connectedness system. Future research can extend this framework by
considering alternative market coverage, additional macro-financial controls, other tar-
get horizons, and different validation designs. Overall, the study shows that dynamic
spillover measures can enrich energy-market risk monitoring when interpreted cautiously
and transparently.
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Appendix A. Threshold Diagnostics

Figure A1. Threshold diagnostics for label-80. Note: This figure reports threshold diagnostics for the
retained label-80 Random Forest specification. It supports the validation-selected precision–recall
operating point and the subsequent confusion-matrix interpretation. The figure is used as diagnostic
support rather than as a main-result figure.

Table A1. Threshold grid for label-80.

Threshold Precision Recall F1 Bal. Acc. Specificity MCC Pred. Pos. Rate

0.000 0.396 1.000 0.567 0.500 0.000 0.000 1.000

0.050 0.399 0.967 0.564 0.505 0.044 0.026 0.960

0.100 0.396 0.842 0.539 0.500 0.158 0.000 0.842

0.150 0.391 0.717 0.506 0.492 0.268 −0.017 0.726

0.200 0.421 0.692 0.524 0.534 0.377 0.070 0.650

0.250 0.480 0.692 0.567 0.600 0.508 0.197 0.571

0.297 0.586 0.625 0.605 0.668 0.710 0.332 0.422

0.300 0.574 0.583 0.579 0.650 0.716 0.298 0.403

0.350 0.630 0.483 0.547 0.649 0.814 0.316 0.304

0.400 0.681 0.408 0.510 0.641 0.874 0.325 0.238

0.450 0.702 0.333 0.452 0.620 0.907 0.301 0.188

0.500 0.750 0.275 0.402 0.607 0.940 0.298 0.145

0.550 0.818 0.225 0.353 0.596 0.967 0.302 0.109

0.600 0.870 0.167 0.280 0.575 0.984 0.277 0.076
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Table A1. Cont.

Threshold Precision Recall F1 Bal. Acc. Specificity MCC Pred. Pos. Rate

0.650 0.875 0.117 0.206 0.553 0.989 0.231 0.053

0.700 0.857 0.100 0.179 0.545 0.989 0.208 0.046

0.750 1.000 0.075 0.140 0.537 1.000 0.216 0.030

0.800 1.000 0.008 0.017 0.504 1.000 0.071 0.003

0.850 0.000 0.000 0.000 0.500 1.000 0.000 0.000

0.900 0.000 0.000 0.000 0.500 1.000 0.000 0.000

0.950 0.000 0.000 0.000 0.500 1.000 0.000 0.000

1.000 0.000 0.000 0.000 0.500 1.000 0.000 0.000
Note: This table reports representative threshold-diagnostic results for the retained label-80 Random Forest
specification. Rows are shown at 0.05 threshold increments, together with the validation-selected operating
threshold when distinct. The table is used to document the threshold-selection process; the held-out test-set
performance at the retained threshold is reported in Figure 10.

Appendix B. Robustness and Sensitivity Checks

Table A2. Feature-group robustness for the retained label-80 Random Forest specification.

Feature
Group Specification Threshold ROC-AUC AP F1 Precision Recall Bal. Acc.

total-only default 0.500 0.560 0.331 0.318 0.325 0.310 0.526

total-only max F1 0.413 0.560 0.331 0.448 0.299 0.897 0.525

total-only max bal. acc. 0.414 0.560 0.331 0.450 0.303 0.874 0.532

total-only max recall
(p ≥ 0.30) 0.365 0.560 0.331 0.442 0.289 0.943 0.504

net-only default 0.500 0.664 0.490 0.248 0.722 0.149 0.563

net-only max F1 0.163 0.664 0.490 0.466 0.346 0.713 0.585

net-only max bal. acc. 0.163 0.664 0.490 0.466 0.346 0.713 0.585

net-only max recall
(p ≥ 0.30) 0.056 0.664 0.490 0.460 0.303 0.954 0.535

total-plus-net default 0.500 0.594 0.433 0.405 0.451 0.368 0.594

total-plus-net max F1 0.358 0.594 0.433 0.400 0.288 0.655 0.501

total-plus-net max bal. acc. 0.454 0.594 0.433 0.402 0.344 0.483 0.556

total-plus-net max recall
(p ≥ 0.30) 0.269 0.594 0.433 0.459 0.308 0.897 0.543

Note: This table compares total-only, net-only, and total-plus-net feature groups for the retained label-80 Random
Forest specification. The results are reported as Appendix B sensitivity evidence and are not used as a universal
feature-selection claim.
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Table A3. Winsorized-input sensitivity for the retained label-80 Random Forest specification.

Input Version Specification Threshold ROC-AUC AP F1 Precision Recall Bal. Acc.

baseline default 0.500 0.595 0.439 0.241 0.619 0.149 0.556

baseline max F1 0.160 0.595 0.439 0.450 0.316 0.782 0.551

baseline max bal. acc. 0.160 0.595 0.439 0.450 0.316 0.782 0.551

baseline max recall
(p ≥ 0.30) 0.060 0.595 0.439 0.456 0.297 0.989 0.522

winsorized default 0.500 0.583 0.401 0.147 0.875 0.080 0.538

winsorized max F1 0.120 0.583 0.401 0.475 0.335 0.816 0.582

winsorized max bal. acc. 0.120 0.583 0.401 0.475 0.335 0.816 0.582

winsorized max recall
(p ≥ 0.30) 0.120 0.583 0.401 0.475 0.335 0.816 0.582

Note: This table reports winsorized-input sensitivity checks for the retained label-80 Random Forest specification.
Winsorization is used as an input-sensitivity check and does not remove extreme observations from the main
empirical design.

Table A4. DY-parameter sensitivity checks.

DY Setting Specification Threshold ROC-AUC AP F1 Precision Recall Bal. Acc.

baseline default 0.500 0.422 0.238 0.081 0.098 0.069 0.407

baseline max F1 0.170 0.422 0.238 0.296 0.238 0.391 0.443

baseline max bal.
acc. 0.150 0.422 0.238 0.310 0.243 0.425 0.446

baseline max recall
(p ≥ 0.30) 0.060 0.422 0.238 0.399 0.277 0.713 0.481

p = 2 default 0.500 0.618 0.396 0.170 0.474 0.103 0.529

p = 2 max F1 0.060 0.618 0.396 0.466 0.323 0.839 0.565

p = 2 max bal.
acc. 0.200 0.618 0.396 0.405 0.333 0.517 0.550

p = 2 max recall
(p ≥ 0.30) 0.060 0.618 0.396 0.466 0.323 0.839 0.565

H = 10 default 0.500 0.440 0.244 0.068 0.083 0.057 0.401

H = 10 max F1 0.120 0.440 0.244 0.382 0.281 0.598 0.491

H = 10 max bal.
acc. 0.120 0.440 0.244 0.382 0.281 0.598 0.491

H = 10 max recall
(p ≥ 0.30) 0.090 0.440 0.244 0.384 0.273 0.644 0.477

d = 0.98 default 0.500 0.410 0.236 0.114 0.151 0.092 0.442

d = 0.98 max F1 0.010 0.410 0.236 0.450 0.292 0.977 0.512

d = 0.98 max bal.
acc. 0.530 0.410 0.236 0.109 0.167 0.080 0.459

d = 0.98 max recall
(p ≥ 0.30) 0.420 0.410 0.236 0.149 0.162 0.138 0.425

Note: This table reports DY-parameter sensitivity checks across alternative lag, forecast-horizon, and discount-
factor settings. The evidence is reported as Appendix B sensitivity evidence rather than as main-text robust-
ness proof.
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Appendix C. Additional Validation and Model Diagnostics

Table A5. Full model-performance metrics across label settings and classifiers.

High-DSV20
Label Classifier Threshold ROC-AUC AP F1 Precision Recall/

Sensitivity
Balanced
Accuracy

75 Majority class — 0.500 0.558 0.000 0.000 0.000 0.500

75 Logistic regression
default 0.5 0.500 0.565 0.591 0.310 0.614 0.207 0.521

75 Logistic regression
balanced tuned 0.266 0.574 0.598 0.721 0.566 0.994 0.516

75 Random Forest 0.000 0.663 0.697 0.716 0.558 1.000 0.500

75 Extra Trees 0.000 0.618 0.651 0.716 0.558 1.000 0.500

75 Gradient Boosting 0.000 0.604 0.626 0.716 0.558 1.000 0.500

75 Histogram
Gradient Boosting 0.000 0.565 0.567 0.716 0.558 1.000 0.500

75 SVC RBF 0.000 0.572 0.648 0.716 0.558 1.000 0.500

75 Linear SVC
calibrated 0.000 0.638 0.643 0.716 0.558 1.000 0.500

75 KNN classifier 0.000 0.575 0.587 0.716 0.558 1.000 0.500

75 Gaussian NB 0.000 0.487 0.557 0.716 0.558 1.000 0.500

80 Majority class — 0.500 0.475 0.000 0.000 0.000 0.500

80 Logistic regression
default 0.5 0.500 0.517 0.458 0.154 0.368 0.097 0.473

80 Logistic regression
balanced tuned 0.307 0.530 0.469 0.676 0.511 1.000 0.566

80 Random Forest 0.297 0.662 0.621 0.622 0.573 0.681 0.611

80 Extra Trees 0.000 0.615 0.557 0.644 0.475 1.000 0.500

80 Gradient Boosting 0.301 0.618 0.590 0.583 0.557 0.611 0.585

80 Histogram
Gradient Boosting 0.000 0.607 0.541 0.644 0.475 1.000 0.500

80 SVC RBF 0.123 0.542 0.579 0.599 0.479 0.799 0.506

80 Linear SVC
calibrated 0.249 0.569 0.500 0.682 0.518 1.000 0.579

80 KNN classifier 0.000 0.545 0.482 0.644 0.475 1.000 0.500

80 Gaussian NB 0.059 0.414 0.421 0.679 0.514 1.000 0.572

85 Majority class — 0.500 0.399 0.000 0.000 0.000 0.500

85 Logistic regression
default 0.5 0.500 0.534 0.399 0.015 0.083 0.008 0.474

85 Logistic regression
balanced tuned 0.375 0.539 0.399 0.593 0.426 0.975 0.551

85 Random Forest 0.085 0.688 0.628 0.619 0.457 0.959 0.600

85 Extra Trees 0.346 0.637 0.599 0.523 0.534 0.512 0.608

85 Gradient Boosting 0.156 0.611 0.508 0.537 0.464 0.636 0.574

85 Histogram
Gradient Boosting 0.000 0.630 0.583 0.546 0.434 0.736 0.549

85 SVC RBF 0.285 0.539 0.473 0.436 0.511 0.380 0.569

85 Linear SVC
calibrated 0.207 0.511 0.388 0.602 0.431 1.000 0.560

85 KNN classifier 0.232 0.525 0.462 0.426 0.394 0.463 0.495

85 Gaussian NB 0.063 0.558 0.435 0.598 0.426 1.000 0.552

Note: This table reports held-out test-set ROC-AUC, average precision (AP), F1, precision, recall/sensitivity, and
balanced accuracy across the 75%, 80%, and 85% high-DSV20-state labels and candidate classifiers. The table
provides the full numerical results underlying Figure 6. The retained baseline result is the label-80 Random
Forest specification.
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Table A6. Target-horizon robustness: DSV10, DSV20, DSV30, and DSV60.

Target
Horizon

Test Positive
Rate Threshold ROC-AUC AP F1 Precision Recall Balanced

Accuracy

DSV10 0.505 0.000 0.508 0.496 0.671 0.505 1.000 0.500

DSV20 0.475 0.297 0.662 0.621 0.622 0.573 0.681 0.611

DSV30 0.526 0.136 0.646 0.697 0.714 0.564 0.974 0.570

DSV60 0.643 0.000 0.518 0.726 0.782 0.643 1.000 0.500

Note: This table reports held-out test-set Random Forest results when the supervised-learning downside-risk
target horizon is varied from 10 to 60 observations. The connectedness-feature construction is kept unchanged.
DSV20 is retained as the baseline because it provides the most balanced diagnostic performance.

Table A7. Benchmark and ablation comparison.

Feature Set Threshold ROC-AUC AP F1 Precision Recall Balanced
Accuracy

Connectedness-only 0.297 0.662 0.621 0.622 0.573 0.681 0.611

Total-connectedness-only 0.069 0.524 0.487 0.640 0.486 0.938 0.519

Net-connectedness-only 0.275 0.580 0.594 0.549 0.519 0.583 0.546

Returns-only 0.000 0.585 0.561 0.644 0.475 1.000 0.500

Realized-volatility-only 0.141 0.615 0.536 0.665 0.500 0.993 0.547

Connectedness + returns 0.283 0.658 0.607 0.623 0.544 0.729 0.588

Connectedness + realized
volatility 0.138 0.712 0.609 0.656 0.488 1.000 0.525

Full controls 0.148 0.709 0.624 0.656 0.488 1.000 0.525

Note: This table reports held-out test-set Random Forest results under alternative feature sets for the baseline high-
DSV20 label. The comparison evaluates whether connectedness-based features provide incremental diagnostic
value relative to lagged returns, realized-volatility features, and combined-control specifications.
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Table A8. Expanding-window validation with 20-observation embargo.

Fold Model Train Window Validation Window Test Window Threshold ROC-AUC AP F1 Precision Recall Balanced
Accuracy

1 Random Forest 7 April 2016 to
27 September 2021

1 November 2021 to
15 November 2022

20 December 2022 to
1 December 2023 0.274 0.532 0.350 0.503 0.385 0.723 0.603

1 Logistic regression
balanced

7 April 2016 to
27 September 2021

1 November 2021 to
15 November 2022

20 December 2022 to
1 December 2023 0.002 0.528 0.365 0.473 0.310 1.000 0.500

2 Random Forest 7 April 2016 to
14 January 2022

16 February 2022 to
2 March 2023

4 April 2023 to
14 March 2024 0.000 0.645 0.460 0.489 0.324 1.000 0.500

2 Logistic regression
balanced

7 April 2016 to
14 January 2022

16 February 2022 to
2 March 2023

4 April 2023 to
14 March 2024 0.265 0.615 0.414 0.525 0.366 0.926 0.579

3 Random Forest 7 April 2016 to
19 May 2022

29 June 2022 to
14 June 2023

21 July 2023 to
23 July 2024 0.000 0.810 0.850 0.576 0.405 1.000 0.500

3 Logistic regression
balanced

7 April 2016 to
19 May 2022

29 June 2022 to
14 June 2023

21 July 2023 to
23 July 2024 0.255 0.814 0.768 0.608 0.449 0.941 0.579

4 Random Forest 7 April 2016 to
1 September 2022

12 October 2022 to
27 September 2023

30 October 2023 to
26 November 2024 0.000 0.860 0.865 0.632 0.462 1.000 0.500

4 Logistic regression
balanced

7 April 2016 to
1 September 2022

12 October 2022 to
27 September 2023

30 October 2023 to
26 November 2024 0.295 0.785 0.698 0.710 0.568 0.948 0.664

5 Random Forest 7 April 2016 to
21 December 2022

31 January 2023 to
9 January 2024

9 February 2024 to
17 March 2025 0.474 0.550 0.670 0.506 0.703 0.395 0.598

5 Logistic regression
balanced

7 April 2016 to
21 December 2022

31 January 2023 to
9 January 2024

9 February 2024 to
17 March 2025 0.337 0.769 0.740 0.781 0.640 1.000 0.667

6 Random Forest 7 April 2016 to
5 April 2023

15 May 2023 to
29 April 2024

11 June 2024 to
16 July 2025 0.385 0.603 0.663 0.562 0.604 0.526 0.550

6 Logistic regression
balanced

7 April 2016 to
5 April 2023

15 May 2023 to
29 April 2024

11 June 2024 to
16 July 2025 0.369 0.556 0.567 0.757 0.612 0.991 0.607

7 Random Forest 7 April 2016 to
24 July 2023

22 August 2023 to
9 September 2024

16 October 2024 to
19 November 2025 0.210 0.614 0.543 0.571 0.485 0.696 0.560

7 Logistic regression
balanced

7 April 2016 to
24 July 2023

22 August 2023 to
9 September 2024

16 October 2024 to
19 November 2025 0.427 0.503 0.419 0.632 0.478 0.935 0.569

Note: This table reports the full fold-level results from expanding-window validation with a 20-observation embargo. Each fold includes Random Forest and balanced Logistic Regression
evaluated on a later held-out test window. The results complement the fixed chronological split and assess whether the baseline evidence is sensitive to time-series validation design and
overlapping forward labels.
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