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This study presents a novel assessment of the impact of climate finance on energy
uncertainties in Europe from 2001 to 2019. The research employs the method of
moments quantile regression for linear analysis and the partially linear
functional-coefficient panel model for non-linear estimation. The findings indicate that
climate finance effectively reduces energy uncertainty in Europe, as evidenced by both

linear and non-linear analyses.

I. Introduction

In recent times, energy uncertainty has become a sig-
nificant issue confronting Europe. The uncertainties in en-
ergy supply have intensified due to global crises such as
the Russia-Ukraine conflict. Additionally, Europe is phasing
out nuclear energy stations to address climate change con-
cerns. However, this policy is exacerbating energy problems
and leading to increased costs of energy sources. Conse-
quently, Europe must identify solutions that simultane-
ously address energy issues and combat climate change.

The literature increasingly focuses on examining the im-
pact of climate finance on factors related to energy. Njan-
gang et al. (2024) investigate the effects of climate finance
on energy vulnerability during the period 2000-2019 for 74
developing countries, finding that climate finance reduces
energy vulnerability. Zhao et al. (2024) examine the influ-
ence of climate finance on renewable energy development
for 63 countries from 2000 to 2019, concluding that climate
finance promotes renewable energy development. Aquilas
and Atemnkeng (2022) study the significance of climate fi-
nance in the Congo Basin from 2002 to 2020, revealing that
increased climate finance accelerates the transition to re-
newable energy. Qi et al. (2023) also highlight the impor-
tance of green finance projects for advancing renewable
energy. Furthermore, Tang and Zhou (2023) assess the im-
pact of climate finance on renewable energy development
in China, indicating that climate finance is crucial for lo-
cal and neighboring countries’ renewable energy progress.
Briera and Lefévre (2024) show that climate finance helps
mitigate the capital costs of renewable energy investments,
thereby reducing uncertainties.

The literature clearly demonstrates that climate finance
alleviates energy-related vulnerabilities and uncertainties
while fostering renewable energy development. Enhancing
climate finance not only benefits environmental quality but
also reduces energy-related uncertainties. Despite this,
there is a gap in the literature regarding the exploration of
climate finance’s influence on novel energy variables such
as energy uncertainty, even though a theoretical linkage ex-
ists.

Addressing both energy uncertainty and climate change
is currently a priority for the European region. This re-
search empirically evaluates the impact of climate finance
on energy uncertainty in Europe. The study contributes to
the existing literature in two significant ways. Firstly, it em-
ploys a novel variable, energy uncertainty, recently devel-
oped by Dang et al. (2023). Although some studies (Isik et
al., 2024; Kocourkova et al., 2024) have utilized the energy
uncertainty variable, its relationship with climate finance
has not yet been examined. Secondly, the issues tackled in
this work align with the European region’s energy and cli-
mate policies.

The structure of this paper is as follows: Section II de-
fines the data and outlines the methodology; Section III
presents the empirical estimations; and Section IV con-
cludes.

II. Data and Methodology
A. Data

To examine the relationship between energy uncer-
tainty, climate finance, economic development, and gov-
ernment effectiveness, an analysis was conducted for 11
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European countries: Belgium, Croatia, Denmark, France,
Germany, Greece, Ireland, Italy, Netherlands, Spain, and
Sweden, based on the availability of energy uncertainty
data from 2001 to 2019.

Energy uncertainty (EU) serves as the dependent vari-
able, measured by an index, while climate finance (CLF)
is the independent variable, expressed as a percentage of
GDP. Economic development (PGDP), measured in US dol-
lars per capita, and government effectiveness (GEF), as-
sessed via an index, function as control variables in this
analysis. All data utilized are annual figures.

Data on energy uncertainty were sourced from the Eco-
nomic Policy Uncertainty web portal, climate finance data
were obtained from OECD Data Explorer, and economic
development and government effectiveness data were re-
trieved from World Bank Data.

Logarithmic transformations were applied to the energy
uncertainty and per capita GDP data, referred to as LOGEU
and LOGPGDP respectively.

B. Methodology
B.I. Method of moments quantile regression

The assumption of ordinary least squares (OLS) based
on mean value and normal distribution can be distorted
due to fluctuations in economic data. This heteroscedastic-
ity may arise from financial and geopolitical instabilities,
wars, pandemics, disasters, and other uncertainties. Partic-
ularly, the CLF and energy systems are impacted by such
occurrences. To address the heteroscedastic nature of the
data, the methods of moments quantile regression (MMQR)
is employed. Borojo et al. (2024) also utilized the MMQR
approach to investigate the heterogeneous effect of CLF on
energy efficiency. A key advantage of the MMQR method
is its ability to efficiently analyze the impact of regressors
across different quantiles of the response variable. The
MMOR approach, as demonstrated by Machado and Silva
(2019), is shown in Equation (1).

LOGEU; = a; + X\,B+ (6; + Z}yy)Us (1
In Equation (1), X/, includes the right-hand side variables’
matrix, specifically, X}, = [CLF; LOGPGDP; GEFy|',
and f8 denotes the vector containing those variables’ coef-
ficients. «; represents the individual fixed effect whereas d;
expresses the specific quantile fixed effect for ith country.
Z;, stands for the known differentiable transformations’
vector related to the independent factors, which satisfy the
probability of P{é; + Z}v > 0} = 1. U; indicates a random
variable independent of X;; which is not observed, normal-
ized for the satisfaction of the moment condition such as
E(U;,) =0, E(|Ux|) = 1.

Applying the above-mentioned references and consider-
ing the exogenous nature of the independent factors, the
first moment conditions are estimated to obtain the esti-
mated coefficients of a5, #/, §;, 7' and ¢(7)’ (see Machado &
Silva, 2019). Consequently, Equation (1) can be expressed
in the conditional quantile as follows:

Qv (71Xt ) = (i + 6ig(7)) + XipB+ Zipya(r)  (2)

BL.II. Partially linear functional-coefficient panel
model

While the MMQR method addresses the issue of het-
erogeneity, it still assumes linearity. The relationship be-
tween energy uncertainty and climate finance may also be
non-linear. Specifically, economic fluctuations can impede
climate investments, and these fluctuations are unpre-
dictable, leading to non-linearity. Therefore, the effects of
CLF on LOGEU depend on LOGPGDP. To address both non-
linearity and heterogeneity, this study employs the par-
tially linear functional-coefficient panel data model devel-
oped by Zhang and Zhou (2021). The model is generally
represented as follows:

LOGEU; = ¢o + G(LOGPGDP;) CLF
+¢1 LOGPGDP; + p2LOGPGDP;;, (3)
+u; + €
where G (LOGPGDP;) is an unknown coefficient of the
function evaluating the marginal effect of CLF; on
LOGEU .

II1. Empirical Findings
A. Preliminary analysis

The initial step involves conducting the CD test (Pe-
saran, 2004). As indicated in Table 1, the p-values of all
tests are statistically significant at the 1% level, confirming
cross-sectional dependence within the regression model’s
residuals based on the variables used.

Given the presence of cross-sectional dependence, sec-
ond-generation methods are required. Consequently, the
CIPS unit root test (Pesaran, 2007) was conducted to verify
the stationarity of the variables. The results, as presented
in Table 1, indicate that all examined variables are inte-
grated at first differences, with p-values demonstrating sta-
tistical significance at the 1% level.

Cross-sectional dependence confirms the need for West-
erlund’s (2007) cointegration test. The results indicate a
long-term relationship among the factors, with all p-values
being statistically significant.

B. Baseline results

The findings presented in Table 2 indicate that climate
finance has a negative influence on LOGEU in Europe ac-
cording to the POLS model. Additionally, LOGPGDP posi-
tively affects LOGEU, whereas GEF has a negative impact.
Notably, the negative effect of CLF on LOGEU is consistent
across both fixed effects and random effects estimations.

Furthermore, the impact of CLF on LOGEU is assessed
across various quantiles of LOGEU (Table 3). The analysis
reveals that CLF has a negative and significant effect on LO-
GEU at lower and median quantiles: 5%, 15%, 25%, 35%,
45%, 55%, and 65%. Moreover, these findings are consistent
with those reported by Borojo et al. (2024), but contrast
with the results of Njangang et al. (2024), who observed
a significant effect in higher quantiles. Overall, the results
further validate the research hypothesis, theory, and base-
line results presented in Table 2, despite the lack of effect
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Table 1. The results of CD, CIPS and Westerlund tests

CD test
Test Statistic p-values
LM 205.8 0.000
LM adj* 28.46 0.000
LM CD* 12.98 0.000
CIPS test
Variables level First difference
LOGEU -2.710"** -4.512***
CLF -2.015 -4.002***
LOGPGDP -0.688 -2.605***
GEF -2.078 -4.657**
Westerlund test

G -2.936 0.000
Ga -6.857 0.000
P, -8.562 0.000
P, -6.461 0.000
G -2.936 0.000

Note: This table presents the CD test for cross-sectional dependence in regression residuals, the CIPS test for stationarity of LOGEU, CLF, LOGPGDP, and GEF, and the Westerlund
test for cointegration among the variables. *** indicates statistical significance at the 1% level.

Table 2. Baseline estimations

Dependent variable LOGEU
POLS Fixed effects Random effects
CLF -0.274** -0.430** -0.384**
LOGPGDP 0.163** 0.071 0.135
GEF -0.151* -0.254 -0.159*
Constant 1.670** 2.839** 2.029**
F-statistic p-value 0.009 0.014 -

Wald test p-value

- 0.013

Note: This table reports the estimated coefficients obtained using POLS, fixed effects and random effects model. ***,

respectively.

Table 3. MMQR results

ETY

and * denote statistical significance at 1%, 5% and 10% levels,

Variables 5% 15% 25% 35% 45% 55% 65% 75% 85% 95%

CLF 0.813 0.673 0.579 0.505 0.427 0.387 0.324 0.272 0.219 0.075
p-value 0.002 0.002 0.002 0.003 0.008 0.014 0.039 0.093 0.197 0.713
LOGPGDP 0.397 0.277 0.197 0.134 0.068 0.035 0.018 0.062 0.108 0.230
p-value 0.113 0.170 0.254 0.378 0.612 0.787 0.883 0.621 0416 0.142
GEF 0.374 0.330 0.301 0.277 0.253 0.240 0.220 0.204 0.187 0.142
p-value 0.123 0.096 0.086 0.090 0.110 0.129 0.176 0.231 0.300 0.519
Constant 0.802 0.533 1.427 2131 2871 3.248 3.848 4.340 4.852 6.221
p-value 0.771 0.811 0.456 0.207 0.056 0.024 0.005 0.002 0.001 0.000

Note: This table reports the estimated coefficients obtained using MMQR method and their corresponding p-values.

in higher quantiles. The absence of CLF’s effect on higher
quantiles of LOGEU supports the non-linearity assumption.

Due to the assumption of non-linearity, a PLFC panel
data model is used to examine the impact of CLF on LOGEU.

CLF includes a function that incorporates LOGPGDP (Figure
1). The results indicate that the effect of CLF on LOGEU can
be both positive and negative. Specifically, the marginal ef-
fect of CLF on LOGEU is negative when LOGPGDP ranges
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Figure 1. Climate finance’s marginal effect on energy uncertainty

Note: This plot shows the non-parametric effect of CLF on LOGEUI, using LOGPGDP in the function of CLF.

from 8.587% to 10.637%. The effect becomes positive be-
tween growth rates of 10.639% and 11.047%, and turns neg-
ative again between growth rates of 11.071% and 11.300%.
These findings imply that an average level of LOGPGDP
moderates the effect of CLF on LOGEU.

IV. CONCLUSION

This study investigates the impact of CLF on LOGEU in
Europe. The linear results from the MMQR method indi-
cate that CLF reduces LOGEU across quantiles ranging from
5% to 65%. Additionally, the non-linear analysis using the
PLFC model demonstrates that CLF has a stronger negative
impact on LOGEU under conditions of high LOGPGDP.

The findings obtained through the POLS method show
that while LOGPGDP tends to increase LOGEU, GEF con-
tributes to its reduction in Europe. To address LOGEU in
Europe, the role of CLF is essential. Specifically, CLF refers

to investment expenditures on technologies related to en-
ergy saving and the implementation of renewable energy.
Advancing technologies aimed at energy efficiency and
clean energy transition is important for all economic sec-
tors, including households, businesses, and government
entities. However, the costs associated with these technolo-
gies and equipment are often high. Therefore, government
support in the form of subsidies, tax preferences, and low-
interest credits for the purchase of energy-saving and clean
energy technologies is critical.

Furthermore, the stage of LOGPGDP plays a significant
role in climate investment. European nations should main-
tain certain levels of LOGPGDP to achieve a substantial ef-
fect of CLF on reducing LOGEU.
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