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This study investigates the connectedness between climate risk components and both
clean and dirty energy markets using a TVP-VAR model. The results reveal significant
spillover effects, with clean energy acting as a net transmitter of shocks and dirty energy
as a net receiver. This spillover effects became more pronounced during the COVID-19
pandemic, underscoring the increasing importance of clean energy. The findings provide
important implications for policymakers and investors in terms of risk management,
portfolio diversification, and climate adaptation strategies.

I. Introduction

The extensive use of fossil fuels has contributed to en-
vironmental degradation. To mitigate the adverse effects of
climate risk, a global transition to green energy sources is
essential. However, the interconnectedness of energy mar-
kets remains complex. The relationship between clean and
dirty energy markets is influenced by various external fac-
tors, with climate risks emerging as a key determinant of
the structure and interdependence of energy financial mar-
kets (Cifuentes-Faura et al., 2024; Lorente et al., 2023).
The climate finance literature emphasizes the importance
of distinguishing between physical and transition risks due
to their differing impacts on financial markets (Bua et al.,
2024; Engle et al., 2020; Faccini et al., 2023; Giglio et al.,
2021). According to the Task Force on Climate-related Fi-
nancial Disclosures, physical climate risk arises from acute
extreme weather events, whereas transition risk stems from
the shift toward a low-carbon economy, driven by regula-
tory, technological, and market changes, or evolving pub-
lic preferences (Breitenstein et al., 2022; TCFD, 2017). We
can therefore distinguish the different impacts of these
components on the returns of major energy markets, as
well as examine their interrelationships, offering more pre-
cise and detailed strategic insights for policymakers and
stakeholders involved in climate risk management. How-
ever, the asymmetric impact of climate risks on spillovers
among energy markets has rarely been addressed in ex-
isting literature. Understanding this relationship can help
market participants optimize risk management and invest-
ment decisions, supports market stability and supply chain

resilience, and enables policymakers to design and imple-
ment effective response and mitigation strategies.

This paper investigates the spillover effects of climate
risk components on clean and dirty energy markets using a
TVP-VAR-based connectedness approach. The main contri-
bution lies in providing a more comprehensive understand-
ing of the effects of physical and transition risks across
different energy markets. We propose a novel framework
to uncover the asymmetric impacts of climate risk compo-
nents on energy markets, distinguishing between external
and internal spillover effects among clean and dirty energy
sectors. In addition, we incorporate both the physical risk
index (PRI) and transition risk index (TRI). The relation-
ship between climate change and the energy system has at-
tracted considerable attention in recent years. This study
offers insights that can assist policymakers and investors
in making more informed decisions regarding risk manage-
ment, portfolio diversification, and climate adaptation.

The remainder of this paper is structured as follows: Sec-
tion II describes the data and outlines the methodology;
Section III presents and discusses the results; and Section
IV concludes the paper.

II. Data and Methodology
A. Data

Five representative markets from both the clean and
dirty energy sectors, along with the climate risk index, de-
composed into two sub-indices, namely PRI and TRI are se-
lected for analysis. Table 1 provides a detailed description
of the variables, which were collected from the DataStream
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Table 1. Variable descriptions

Classification Variable Symbol Source
. . Physical Risk Index PRI . . .

Climate risks Economic Policy Uncertainty Index
Transition Risk Index TRI
Crude Oil WTI

Dirty energy markets DataStream
Natural Gas GAS
Invesco WilderHill Clean Energy ETF PBW

Clean energy markets Invesco Global Clean Energy ETF PBD DataStream
Invesco Solar ETF TAN

Note: This table provides a detailed description of all variables used in this study.

and the economic policy uncertainty website, covering the

period from January 2, 2014, to December 28, 2023". The
daily return for market ¢ at time ¢ is calculated as follows:

Rit =In Pi’t

’ P,

x 100 (1)
where P;, is the price of market ¢ at time ¢.
B. Methodology

We assess the interconnections between climate risk
components and energy indices using the TVP-VAR-based
connectedness approach of Antonakakis et al. (2020), em-
ploying a lag length of one (selected via BIC), a 10-day fore-
cast horizon, and a 100-day rolling window. This method
is effective with smaller sample sizes. The total connected-
ness index (T'CT) is defined as follows:

N ~
Dijet,ing Dijt (H)
N ~
> i1 Dig(H)
Additionally, the directional connectedness (DC) measures

are derived from two aspects: T'o — i and From < i, as il-
lustrated below:

TCI (H) =

% 100 ()
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where &, ; represents the time-varying impulse response of
all other markets (5) to shocks originating from market ().

N ~

Z]{[:Li;éj@:,J(H) % 100 (4)
D1,z Dii(H)
where &, ; represents the time-varying impulse response of
markets (¢) to shocks originating from all other market (j).
The Net Directional Connectedness (NET) from market i
to all other markets j is defined as:

NET;; = DCro—i,(H)— DCrrom,i(H) (5)

DCroi(H) = x 100 (3)

DCrrome;i(H) =

III. Empirical Findings

Figure 1 illustrates the evolution of returns for both
clean (PBD, PBW, TAN) and dirty (Natural Gas, Crude Oil)
energy indices, alongside climate risk components (PRI and

TRI). Both PRI and TRI exhibit frequent fluctuations, re-
flecting persistent climate-related uncertainties. Gas and
WTI exhibit higher volatility compared to clean energy in-
dices. While clean energy returns tend to be more stable,
they still respond to changes in climate risks, particularly
TRI. The visual patterns suggest a clear link between shifts
in climate risk and energy market performance, with dirty
energy appearing more sensitive to these risks. This high-
lights the interconnectedness between climate risk and the
dynamics of both clean and dirty energy sectors.

Table 2 presents descriptive statistics for the climate risk
components and dirty and clean energy indices. All indices
exhibit negative average returns, except for PBD and TAN.
The highest return variability is observed for WTI, followed
by GAS, TAN, and PBW.

Table 3 presents the connectedness between the climate
risk components and energy indices, reporting a system-
wide connectedness of 34.56%. The main contributors to
spillovers across financial variables are the clean energy
market ETFs (PBW 66.16%; PBD 62.51%; and TAN 59.88%).
These results indicate that clean energy markets act as the
main transmitters of shocks, while the GAS index is a net
recipient, contributing on average approximately 3.98%.
This finding highlights the significant role of clean energy
markets in driving market risk. The average net total di-
rectional spillover indicates that PBW, TAN, and PBD are
the main net transmitters of spillovers at 6.72%, 4.11%, and
2.45%, respectively, suggesting that these assets are key
drivers of the market. In contrast, TRI, PRI, GAS, and WTI
are identified as net recipients. The strong connectedness
among PBW, TAN, and PBD suggests a high degree of co-
movement and potential interdependence within the clean
energy sector. This finding aligns with Ozkan et al. (2024),
who show that clean energy market ETFs are net trans-
mitters of shocks. GAS, as a net recipient of shocks, ex-
hibits lower contagion risk, highlighting its potential for ef-
fective diversification within energy portfolios. Consistent
with Belkhir et al. (2025), WTI and GAS primarily receive
shocks, display higher volatility, and therefore require care-
ful consideration in portfolio management.

1 This period is determined by the availability of climate risk data.
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Figure 1. Trends in energy index returns and climate risk components (PRI and TRI).

Note: This table presents summary statistics for the daily log returns (x100) of clean and dirty energy indices, as well as the daily values (x100) of the physical risk index (PRI) and the

transition risk index (TRI) over the full sample period.

Table 2. Descriptive statistics

Mean Std. Dev. Skewness Kurtosis
PRI -0.267 2.082 0.766 4.816
TRI -0.378 2.189 0.538 5.009
GAS -0.022 3.382 -0.105 6.378
WTI -0.011 7.037 0.071 902.259
PBD 0.010 1.658 -0.775 16.011
PBW -0.004 2.259 -0.164 7.325
TAN 0.013 2.386 -0.141 7.393

Note: This table presents summary statistics for 100x daily log returns of clean and dirty energy indices, as well as daily values of the physical risk index (PRI) and transition risk in-

dex (TRI) (x100) over the full sample.

We confirm the findings from the static connectedness
analysis through the network connectedness presented in
Figure 2 (Panel A). The colors of the nodes indicate the
nature of their connectedness, with blue representing net
transmitters of shocks and yellow representing net recipi-
ents. Specifically, GAS, WTI, PRI, and TRI act as net recip-
ients of shocks, while the remaining variables function as
net transmitters. The size of the nodes further emphasizes
the prominent roles of PBW and TAN in shock transmis-
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sion, whereas GAS and WTI demonstrate a strong capacity
for shock absorption.

Figure 2 (Panel B) illustrates the system-wide connect-
edness between the climate risk components and clean and
dirty energy markets. The dynamic connectedness indicates
that spillovers are sensitive to crisis periods and exhibit
time-varying behavior, with significant spikes correspond-
ing periods of economic stress. In particular, the spike in
the graph marks the onset of the COVID-19 pandemic,
which resulted in higher connectedness among the energy



Connectedness Between Climate Risk Components and Energy Markets: A TVP-VAR Analysis

Table 3. Connectedness matrix

TRI PRI GAS WTI PBW TAN PBD FROM
TRI 79.33 15.00 0.97 0.97 1.26 1.31 1.16 20.67
PRI 15.52 80.86 1.01 0.69 0.71 0.54 0.66 19.14
GAS 1.32 1.29 91.73 1.45 1.38 1.44 1.38 8.27
WTI 2.23 1.26 0.87 81.46 5.67 4.09 442 18.54
PBW 0.45 021 0.36 291 40.56 28.95 26.56 59.44
TAN 0.34 0.18 041 2.20 29.57 41.61 25.69 58.39
PBD 0.56 0.26 0.35 2.53 27.57 26.17 42.56 57.44
TO 20.42 18.20 3.98 10.75 66.16 62.51 59.88 241.89
NET -0.25 -0.94 -4.30 -7.78 6.72 411 245 TCI=34.56

Note: This table presents summary statistics for the daily log returns (x100) of clean and dirty energy indices, as well as the daily values (x100) of the physical risk index (PRI) and the
transition risk index (TRI) over the full sample period.
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Figure 2. Network diagram connectedness (Panel A), total connectedness index (Panel B), and total net
connectedness (Panel C).

Notes: (a) The blue circles in the graph illustrate the variable(s) whose volatility spills over to others, whereas the yellow circles illustrate the variables that receive volatility
spills.The arrows in the graph indicate the direction of the volatility spills and the thickness ofthe lines along with the arrows indicates the magnitude of the volatility spills. (b) The

black shaded area illustrates the TCI with external spillovers. Results are based on a TVP-VAR model with a lag length of one (selected via BIC), a 10-day forecast horizon, and a
100-day rolling window. (c) The black shaded area illustrates the Total NET connectedness among the variables.

markets. Consistent with the findings of Lin & Su (2021), firming the findings reported in Table 3. As shown in Figure
our results show that the COVID-19 pandemic has inten- 2 (Panel C), PBW and TAN are the net contributors of
sified the connectedness among energy markets. In addi- spillovers among the markets. This result highlights the
tion, Figure 2 (Panel C) depicts the total net connectedness role of clean energy market ETFs in driving market risk
of the climate risk components and energy markets, reaf- (Yousfi & Bouzgarrou, 2024). In contrast, GAS and WTI
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are the net receivers of spillovers, meaning they predomi-
nantly absorb shocks from other indices rather than trans-
mit them (Salem & Jeribi, 2025). Notably, PRI and TRI show
a fluctuating pattern, alternating between being net re-
ceivers and net transmitters. This observation aligns with
Aharon et al. (2025), who assert that the influence of cli-
mate change policy uncertainty has weakened and it has
even become a net recipient of shocks. This shifting be-
havior for PRI and TRI suggests a dynamic role in the net-
work, potentially responding to market fluctuations and ex-
ternal shocks differently from other indices. In summary,
both the static and time-varying connectedness analyses
underscore the significance of interlinkages between cli-
mate risk components and energy sectors. These findings
are consistent with Salisu et al. (2023), who demonstrated
that climate risk plays a significant role in shaping the
dynamics of crude oil and natural gas markets. However,
the net connectedness analysis indicates a weak contribu-
tion from WTI and GAS within the connectedness network.
This suggests that these assets may serve as alternative in-
vestments and effective tools for portfolio diversification to
mitigate losses across sectors. Additionally, green energy
sectors emerge as net shock transmitters, consistent with
previous studies (Lin & Zhang, 2025; Naifar, 2025).

IV. Conclusion

This study examines the connectedness between climate
risk components (physical and transition), dirty energy
(Crude Oil, Natural Gas), and clean energy ETFs (PBW, PBD,

TAN) from 2014 to 2023 using a time-varying parameter
vector autoregression (TVP-VAR) model. The results indi-
cate that connectedness between energy indices and cli-
mate risk intensifies during the COVID-19 pandemic. Clean
energy ETFs (PBW, PBD, TAN) act as net transmitters of
spillovers, whereas GAS and WTI are net recipients, high-
lighting their potential for portfolio diversification. Both
the PRI and TRI are net receivers of shocks, suggesting that
climate risk is primarily driven by developments in the en-
ergy sector, such as price volatility or policy changes. These
findings suggest that clean energy can serve as an effective
alternative investment. For policymakers, promoting clean
energy adoption supports sustainability and market stabil-
ity. Future research could consider a broader range of green
assets to assess diversification, hedge ratios, and hedging
effectiveness.
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