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This study examines the impact of geopolitical and climate policy uncertainties on crude 
oil market connectivity and evaluates three portfolio risk optimization strategies. Using 
the Time-Frequency Vector Autoregression approach, we find that total crude oil mark, 
geopolitical risk (GPR ) and climate policy uncertainty (CPU) are strongly integrated 
when the connectedness is more pronounced in the short term, characterized by a series 
of booms and busts. Our analysis of mean-variance, minimum correlation portfolio, and 
minimum connectedness portfolio strategies reveals that investing in Crude Oil may 
contribute to reduce total portfolio risk. 

I. Introduction   

Various global risk factors disrupt the global economic 
landscape and introduce uncertainty and volatility into fi
nancial markets. Among these, climate policy uncertainty 
(CPU), geopolitical risk (GPR), and crude oil (CO) market 
volatility stand out as critical determinants influencing the 
global economy (Hammed, 2025; Liu et al., 2024; Zhao & 
He, 2025). The World Bank Report (2024) states that CO 
markets remain volatile amid uncertainty arising from 
geopolitical tensions. These elements not only affect indi
vidual asset classes but also shape the dynamics of broader 
financial markets.1 CPU’s objective of reducing greenhouse 
gas emissions has substantially spurred the growth of re
newable energy and delivered a blow to traditional CO mar
kets (Xiao & Liu, 2023). CPU inhibits CO market move
ments by raising investor awareness regarding the increase 
in carbon emissions and environmental degradation (Liu et 
al., 2024), thereby increasing investments in clean energy 
industries. GPR arises from political tensions, territorial 
disputes, power struggles, military conflicts, or diplomatic 
crises (Caldara & Iacoviello, 2021). Energy commodities, 
including benchmarks such as West Texas Intermediate 
(WTI), Brent, OPEC basket, and Dubai COs, hold significant 
sway over global markets due to their central role in in

ternational trade and the global energy supply chain. This, 
in turn, may create significant challenges for investors and 
commodity traders in managing and optimising their port
folios. 

GPR and CPU significantly influence CO markets’ con
nectedness by introducing uncertainties in supply and de
mand (Liu et al., 2024; Xiao & Liu, 2023). Geopolitical ten
sions, wars, political instabilities, and regional disputes, 
particularly in major oil-producing areas, raise fears of sup
ply disruptions. This results in higher volatility across en
ergy assets and increases comovements between leading 
COs in response to external shocks. Investors play a crucial 
role in this process, reacting by rebalancing their portfolios, 
tracking haven assets, and affecting volatility spillovers and 
cross-market interconnectedness. On the other hand, CPU 
can significantly heighten the ambiguity surrounding fu
ture CO consumption and demand (Arouri et al., 2025). Un
certainty regarding emissions regulations, carbon pricing, 
and energy transitions profoundly affects investment deci
sions and CO’s long-term pricing (Su et al., 2024). Sudden 
shifts and high ambiguities in climate policy can prompt 
energy firms and CO traders to adapt their strategies, po
tentially strengthening CO markets’ dependencies. More
over, the financialisation of CO is gaining momentum, with 
energy assets increasingly perceived as financial assets 
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(Ren et al., 2025). Notably, geopolitical and climate-related 
news can instigate swift portfolio adjustments, amplifying 
short- to medium-term CO interlinkages. 

From a theoretical standpoint, several arguments under
pin the connectedness of global risk factors and oil markets. 
Like other assets, oil markets incorporate global risk factors 
such as GPR and CPU into their pricing mechanisms. Ac
cording to the Capital Asset Pricing Model (CAPM, Sharpe, 
1964), oil investors adjust their risk premiums, strength
ening the correlations within the oil market. The second 
framework pertains to contagion theory (e.g., Kaminsky & 
Reinhart, 2000). In this context, shocks in one energy as
set can permeate others, particularly during volatile market 
conditions characterised by rising geopolitical tensions or 
increasing uncertainty surrounding climate policies. Addi
tionally, herding behaviour theory (Shiller, 2000) suggests 
that under extreme market conditions, participants across 
various regions and energy assets tend to exhibit similar re
sponses, intensifying the synchronisation of oil-related as
sets and amplifying the interconnectedness of the oil mar
ket. 

This study presents a novel exploration of the shock 
transmission between CPU, GPR, and the four leading COs. 
In doing so, we aim to explore the interconnectedness be
tween the four oil benchmarks, CPU, and GPR. According 
to Minesso et al. (2023), the reactions of oil prices to GPR 
could differ when considered in a VAR multivariate frame
work. One contribution of this paper is to consider both 
multivariate VAR, quantiles, and frequency dimensions to 
conduct robust investigations and better assess how oil 
prices could react. Our investigation delves into how these 
risk factors affect CO market spillovers and the subsequent 
implications for portfolio optimisation strategies. We ex
plore three multivariate optimisation strategies: the min
imum variance portfolio (MVP), the minimum correlation 
portfolio (MCP), and the minimum connectedness portfolio 
(MCnP). 

II. Data and Methodology     

A. Data   

We considered monthly data of four CO prices (WTI, 
Brent, Dubai, and OPEC) spanning from January 1987 to 
December 2024. Data is collected from World Bank and 
OPEC web sites2. We also considered monthly data of GPR 
(Caldara & Iacoviello, 2021) and CPU (Gavriilidis, 2021) in
dicators3 obtained from the economic policy uncertainty 
website4. 

B. Methodology   

B.1. The time-frequency quintile vector      
autoregression (TF-QVAR)   

The TF QVAR methodology proposed by Chatziantoniou 
et al. (2022) is based on the established QVAR framework 
developed by Ando et al. (2022) and Diebold and Yilmaz 
(D-Y) (2014). Formally, the frequency response function is 
as follow:  where  represents the 
imaginary unit and  is the frequency. The spectral density 
of the variable  at a specific frequency is expressed as the 
Fourier transform of the infinite-order quantile vector mov
ing average QVMA ( ) representation, in accordance with 
Wold’s theorem: 

The spectral density, represented as , combines the 
frequency response function with the standardised gener
alized forecast error variance decomposition, in accordance 
with Equation (2): 

The interconnectedness is captured by consolidating the 
measures, with a specific range (d=(a,b): a,b , a<b, 
which is given by: 

Frequency connectedness is calculated according to D-Y 
(2014), who identify spillover effects within specific fre
quency bands, denoted as d: 

, , 
 and 

Here, TO, FROM, and NET denote spillovers to other ele
ments, spillovers received from other elements, and the net 
directional spillover, respectively. TCI refers to total con
nectedness. 

B.2. Multivariate portfolios optimisations     

The MVP approach aims to achieve the lowest possible 
volatility by distributing weights across assets based on 
their variances and covariances. The portfolio weights are 
given by: 

https://www.opec.org/opec_web/en/data_graphs/40.htm 

https://www.worldbank.org/en/research/commodity-markets 
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where  represents the portfolio weights,  is a vector of 
ones, and  is the inverse of the conditional variance-
covariance matrix at time . The MCP strategy suggested 
by Christoffersen et al. (2014) shifts the focus from covari
ances to correlations. The conditional correlation matrix 
is defined as: 

The portfolio weights are calculated using the inverse of the 
correlation matrix: 

The MCoP focuses on reducing the assets interconnected
ness by utilizing pair wise connectedness indices (PCI) in
stead of the traditional variance-covariance matrix to limit 
the transmission of systemic risks, making the portfolio 
more resilient to shocks. The portfolio weights are ex
pressed as follows: 

where  is the inverse of the pairwise connectedness 
matrix. 

The performance of the optimized portfolios is assessed 
using the hedge effectiveness (HE) and the Sharpe ratio 
(SR). Hedge effectiveness measures the percentage reduc
tion in the variance of an unhedged position and it is ex
pressed as follows: 

where  is the variance of the portfolio returns and 
 represents the variance of the unhedged re

turns. A higher HE value indicates greater risk reduction, 
reflecting the effectiveness of the hedging strategy. The SR 
evaluates the portfolio’s returns relative to its risk. It is 
computed as follows: 

Where  is the mean return of the portfolio, and 
is the variance of the portfolio returns. Higher SR value in
dicates a better risk-return trade-off. 

III. Empirical Results    

Descriptive statistics5 show CPU and GPR have the high
est variances, while the J-B test rejects normality for all se
ries. The ESR test confirms all series are stationary. 

A. Static quantile connectedness and spillover       

Table 1 presents the static connectedness results from 
the TF-QVAR model. The values shown from top to bottom 

correspond to total, short-term, and long-term connected
ness, respectively. All figures are expressed as percentages. 

The total connectedness measures reveal that CO mar
kets, GPR, and CPU are firmly integrated. The TCI indicates 
strong integration among CO markets, GPR, and CPU, with 
an overall connectedness of 76.99%. This interconnected
ness decreases over time: moderate in the short run 
(53.54%) and weaker in the long run (23.25%). GPR and CPU 
show weak shock spillovers across all frequencies, becom
ing less pronounced from short to long term (between 8% 
and 9% in the short run and not exceeding 4% in the long 
run), indicating similar resilience among CO prices to these 
shocks. CO prices are slightly more resilient to GPR shocks 
than to CPU shocks. WTI and Dubai oils are particularly 
vulnerable to both GPR and CPU shocks, given their overall 
connectedness. Over the short term, shock transmission is 
weak, averaging around 5% for GPR and 6% for CPU. Brent 
and Dubai CO are the most exposed to GPR shocks, while 
WTI and Brent react similarly to CPU shocks. In the long 
run, OPEC and Dubai are the most impacted by GPR shocks, 
while OPEC and Dubai are also the most affected by CPU 
shocks. Overall, GPR and CPU have comparable impacts on 
all four CO prices. OPEC and WTI experience the highest ef
fects from these shocks. 

B. Dynamic quantile connectedness and spillover       

Figure 1 portrays the three dynamic connectedness for 
the lower quantile (q=0.05)6 which reflects the time and fre
quency behaviours during the bearish market condition. 

We note that the amplitudes of total connectedness are 
higher than those observed in the short and long run. Both 
short- and long-term connectedness exhibit a sequence of 
booms and busts throughout the entire period, indicating 
several short-lived, abrupt change. The continuum of peaks 
and troughs testifies to the persistence of the intrinsic ad
justments governing oil prices. For instance, the short-run 
dynamics (maroon-coloured curves) show that market inte
gration sharply increased at the end of 2019, with ampli
tudes surpassing 80%. This demonstrates that CO prices re
acted rapidly during the COVID-19 health crisis, and this 
reaction persisted until the Russian-Ukraine invasion. 

C. Multivariate portfolio optimization     

Table 2 highlights multivariate portfolio optimisations: 
minimum variance (top), minimum correlation (middle), 
and minimum connectedness (bottom). 

The average optimal weights are presented in Column 
1, indicating the proportions that should be allocated to 
each specific CO. Hedging effectiveness is accompanied by 
its respective p-value. For the MVP portfolio, an allocation 
of 2% in OPEC oil results in a 17% reduction in overall 
portfolio volatility. In contrast, higher allocations to Brent 

For space scarcity, the descriptive statistics are not reported but are available upon request from the corresponding author. 

We only reported the results of the lower quantile since it encircle the shock propagations during stress full times and also to preserve 
space. The results for the middle and upper quantiles are available on request. 
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Table 1. The COs’ static connectedness     

OPEC.Total Brent.Total WTI.Total Dubai.Total GPR.Total CPU.Total FROM.Total 

Panel A: Overall connectedness 

OPEC 20.84 20.36 20.3 20.92 8.58 9.01 79.16 

BRENT 20.58 20.51 20.14 20.62 8.6 9.54 79.49 

WTI 20.38 19.96 20.82 20.31 8.77 9.76 79.18 

DUBAI 20.35 20.05 19.81 21.34 8.89 9.56 78.66 

GPR 14.13 14.45 14.3 14.59 28.06 14.47 71.94 

CPU 14.54 14.86 15.45 14.64 14.03 26.48 73.52 

TO 89.99 89.67 90 91.07 48.88 52.34 461.95 

Inc.Own 110.83 110.18 110.82 112.41 76.95 78.81 cTCI/TCI 

Net 10.83 10.18 10.82 12.41 -23.05 -21.19 92.39/76.99 

NPDC 4 2 3 5 0 1 

Panel B : Short-term connectedness 

OPEC.1-5 BRENT.1-5 WTI.1-5 DUBAI.1-5 GPR.1-5 CPU.1-5 FROM.1-5 

OPEC 11.99 11.98 11.87 11.78 5.37 5.39 46.39 

BRENT 12.82 12.99 12.65 12.59 5.69 6.24 49.99 

WTI 12.12 12.07 12.66 11.86 5.63 6.2 47.87 

DUBAI 12.5 12.56 12.34 12.9 5.88 6.07 49.35 

GPR 11.6 11.96 11.79 11.98 24.99 12.62 59.95 

CPU 13.53 13.93 14.51 13.59 13.32 24.97 68.89 

TO 62.57 62.5 63.16 61.8 35.89 36.53 322.45 

Inc.Own 74.56 75.49 75.82 74.7 60.88 61.5 cTCI/TCI 

Net 16.18 12.51 15.29 12.45 -24.06 -32.36 64.49/53.74 

NPDC 5 2 4 3 1 0 

Panel C : Long-term connectedness 

OPEC.5-Inf BRENT.5-Inf WTI.5-Inf DUBAI.5-Inf GPR.5-Inf CPU.5-Inf FROM.5-Inf 

OPEC 8.85 8.37 8.43 9.14 3.21 3.62 32.77 

BRENT 7.77 7.52 7.49 8.03 2.91 3.3 29.5 

WTI 8.26 7.89 8.16 8.45 3.15 3.56 31.31 

DUBAI 7.85 7.49 7.47 8.44 3.01 3.49 29.31 

GPR 2.54 2.49 2.51 2.61 3.08 1.84 11.98 

CPU 1.01 0.93 0.94 1.04 0.71 1.51 4.64 

TO 27.43 27.17 26.84 29.27 12.99 15.81 139.51 

Inc.Own 36.27 34.69 35 37.71 16.07 17.31 cTCI/TCI 

Net -5.35 -2.33 -4.47 -0.04 1.01 11.17 27.90/23.25 

NPDC 0 2 1 3 4 5 

Notes: Each column represents the spillover effect from a specific oil price or uncertainty factor to all other indices within the network system. NDPC refers to net pairwise direc
tional connectedness. The short-term horizon spans one to five months, while the long-term horizon covers five months to the end of the period under consideration. TCI denotes to
tal connectedness. 

(15%), WTI (45%), and Dubai (38%) yield minimal impact 
on total portfolio risk, as evidenced by lower hedging ef
fectiveness values (ranging from 6% to 11%) and elevated 
p-values (between 0.21 and 0.53). Consequently, investing 
in OPEC appears more advantageous for investors com
pared to other COs. This observation is corroborated by the 
MCP and MCoP models, which demonstrate similar out
comes—specifically, allocating 1% to OPEC could reduce to
tal risk by 11%. However, achieving comparable reductions 
with Dubai (40%), WTI (38%), and Brent (20%) requires 
substantially higher weights and does not meet the objec

tive of minimizing correlations or spillover effects, given 
persistently high p-values and low hedging effectiveness. 
It is important to exercise caution when prioritizing OPEC 
over other COs, particularly for risk-averse investors during 
periods of market stress. 

Figure 2 illustrates the dynamics of cumulative returns 
for the three strategies, showing that the curves follow sim
ilar patterns throughout the entire period. The cumula
tive returns shifted from negative to positive values around 
2000, subsequently following an upward trend. However, a 
significant decline occurred during the 2008 global finan

Geopolitical and Climate Policy Risk Uncertainties: Unravelling Their Impact on Oil Markets’ Connectivity …

Energy RESEARCH LETTERS 4



Figure 1. The dynamic connectedness for lower quintile       
Note: The figure highlights dynamic frequency spillovers at the lower quantile. The black line shows total connectedness, while the maroon and green lines indicate short- and long-
run connectedness. 

Table 2. The portfolios’ optimal weights.     

Mean S.D. 5% 95% HE p-value SR 

OPEC 0.02 0.06 0.00 0.10 0.17 0.06 -0.06 

BRENT 0.15 0.16 0.00 0.42 0.08 0.40 -0.06 

WTI 0.45 0.22 0.00 0.75 0.11 0.21 -0.06 

DUBAI 0.38 0.24 0.00 0.77 0.06 0.53 -0.06 

Minimum correlation portfolio 

OPEC 0.01 0.03 0.00 0.10 0.11 0.20 -0.05 

BRENT 0.21 0.04 0.15 0.27 0.02 0.84 -0.05 

WTI 0.38 0.04 0.34 0.46 0.06 0.54 -0.05 

DUBAI 0.40 0.04 0.30 0.47 0.00 0.99 -0.05 

Minimum connectedness portfolio 

OPEC 0.01 0.02 0.00 0.08 0.11 0.21 -0.05 

BRENT 0.19 0.06 0.08 0.27 0.85 0.85 -0.05 

WTI 0.38 0.05 0.33 0.47 0.55 0.55 -0.05 

DUBAI 0.42 0.03 0.38 0.48 0.98 0.98 -0.05 

Note: S.D designate the standard deviation. 

cial crisis. The cumulative returns dropped to their low
est points in early 2020, but then surged again, reaching 
their peak around 2022. The substantial declines triggered 
by these crises are clearly reflected in the negative esti
mates of the SR. 

IV. Conclusion   

This study examines the influence of two global risk fac
tors—geopolitical risk and climate policy uncertainty—on 
the connectivity of crude oil (CO) markets through the ap
plication of the TF-QVAR methodology. The analysis also 
assesses the effectiveness of three portfolio minimization 

strategies. Results reveal that total connectedness within 
the CO market is more significant in short-term horizons, 
while both short- and long-term connectedness demon
strate cyclical periods of rapid change, suggesting the pres
ence of multiple brief fluctuations. Notably, market inte
gration among COs intensified sharply at the end of 2019, 
with amplitudes surpassing 80%, indicating a swift re
sponse during the COVID-19 pandemic that persisted until 
the onset of the Russia-Ukraine conflict. These findings fa
cilitate the evaluation of MV, MCP, and MConP portfolio 
strategies, emphasizing that allocating 1% to OPEC assets 
within MCP and MConP frameworks accounts for 11% of 
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Figure 2. Dynamic behaviours of the three      
multivariate portfolios cumulative returns     
Note: This figure plots the fluctuations of the minimum variance, minimum correlation 
and minimum connectedness portfolios. 

overall portfolio risk. Conversely, higher asset allocations 
may be necessary to further mitigate CO correlation or 
spillovers without fully achieving the intended objective. 
The outcomes offer valuable guidance for commodity port
folio managers seeking to make informed decisions amid 
volatile market environments. 
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