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Abstract This study aims to understand how climate policy uncertainty affects investor behavior and 
whether it moves with stock markets in advanced economies. Accordingly, we examine data for 
January 2000-2023 for the stock market indices of Sweden, the United Kingdom, Germany, Nor-
way, the Netherlands, and Finland, which have a ‘good’ CCP rating according to the MSCI classifi-
cation and the climate policy uncertainty index. Furthermore, we apply two main methodolo-
gies: Wavelet Coherence Analysis and the Breitung and Candelon Frequency Causality Test. WCA 
shows the time-based co-movements between CPU and stock market indices and their effects on 
each other. We also consider the causality test to examine causality at various frequencies. The 
WCA results reveal a relationship between the CPU index and all markets except the Norwegian 
market. As a result of the causality, we conclude that there is a strong causality between the CPU 
index and the Finnish and Swedish stock markets in the short run, a strong causality between the 
CPU index and the Dutch market in the long run, and a weak causality between the CPU index 
and the German stock market in the short, medium and long run. Investors can develop strate-
gies to mitigate risks and hedge volatility by monitoring exogenous factors such as CPU. Strate-
gies such as quick-action stop-loss orders are recommended, especially for short-term CPU-
affected markets such as the Swedish and Finnish stock markets.  
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2. Are CPU effects consistent across different periods 
and market conditions? 

3. What are the implications of the CPU for internation-
al portfolio diversification and financial stability? 

This paper makes innovative contributions to the 
literature in three main aspects. First, using Gavrii-
lidis' (2021) CPU index, it explores the impact of climate 
policy uncertainty on decisions, innovation, and eco-
nomic performance. Second, the frequency causality 
test and wavelet coherence analysis help to capture 
different investor time horizons and reveal information 
across different time scales, supporting the study’s mo-
tivation. Third, we analyze CPU effects in developed 
economies with high peripheral performance, often 
overlooked and presenting unique implications for re-
gional differences. Lastly, this research guides policy-
makers and financial institutions in developing resilient 
strategies that incorporate environmental risks and 
contribute to green finance and sustainable investment 
by revealing the effects of climate policy uncertainty on 
investor behavior, risk perception, and market volatili-
ty. 

The rest of the paper is organized as follows: Sec-
tion 2 reviews the literature, Section 3 details the da-
taset and methodology, Section 4 discusses findings, 
and Section 5 concludes with implications and policy 
recommendations.  

 

Uncertainty, particularly regarding climate policy, 
can lead firms to delay investments. However, it can 
also have the opposite effect, encouraging investment. 
As a result, examining CPU and its impact on various 
factors has become a global priority in recent years.  

Recent studies in the literature construct a climate 
policy uncertainty index. Some of these are the studies 
of Gavriilidis (2021), Huo et al. (2023), and Lin and Zhao 
(2021). This research considers the index of Gavriilidis 
(2021) for the CPU variable. Gavriilidis (2021) compiled 
and analyzed news and articles from 8 leading US 
newspapers and created a CPU index. Numerous stud-
ies also have examined the effects of the CPU on the 
market, especially in the context of the stock market 
and investment decisions. Bouri et al. (2022), Khalfaoui 
et al. (2022), Banerjee et al. (2024), Iqbal et al. (2024), 
Sarker (2024), Shuaibu et al. (2024) and Nga and Hung 
(2025) discussed the general effects of CPU on the 
stock market. Chan and Malik (2022) examined the 
effect of CPU on stock returns on 3589 individual stocks 
traded in the US market, while Treepongkaruna et al. 
(2023) evaluated the effect of CPU on 3647 individual 
stocks. The results suggested a statistically and eco-
nomically significant negative relationship between 
a firm's exposure to CPU and the cross-sectional pricing 

In the 21st century, climate-related events such as 
fires, typhoons, floods, and droughts have become 
more frequent, making climate change one of the most 
significant challenges for humanity and a complex 
problem for governments to solve (Raza et al., 2024). 
According to the UN (2022) and IPCC (2023), global 
temperatures are projected to rise by 1.1 to 1.7°C by 
2026, with a 48% chance of exceeding 1.5°C. Human-
induced climate change already impacts weather 
patterns, water and food security, health, economies, 
and ecosystems, causing losses in agriculture, renewa-
ble energy use, and employment (Dafermos et al., 
2018; Yang, 2019; Boulange et al., 2021). Globalization 
has increased connectivity between countries in trade, 
investment, production, and finance, leading to inter-
dependence across systems. The impacts of climate 
change can reverberate in the financial sector, so finan-
cial institutions and governments should incorporate 
climate and environmental risks into their financial risk 
assessments (Battiston et al., 2017). Uncertainties in 
climate change policies may cause entrepreneurs to 
reduce their long-term investments and take a wait-
and-see approach (Landis et al., 2012; Bardoscia et al., 
2017; Paroussos et al., 2019).  

CPU reflects uncertainty in climate policies, influ-
encing market trends, investor behavior, and financial 
market volatility. Its effects vary by country, and under-
standing its spillover impact on international equity 
markets requires assessing dynamic correlations (Xu et 
al., 2023). Portfolio diversification, vital for minimizing 
losses during uncertainty, hinges on understanding 
market return correlations (Markowitz, 1959). Monitor-
ing the CPU index can guide investors by revealing the 
impacts of policy uncertainty on sustainable develop-
ment and economic growth.  

While there is a growing interest in the relationship 
between climate risk and finance in the existing litera-
ture, empirical studies addressing the direct and dy-
namic relationship between climate policy uncertainty 
and stock markets using high-frequency, multi-scale 
analyses are limited. Furthermore, existing studies in 
the literature are mainly limited to single-country anal-
yses or approaches to the macroeconomic effects of 
the CPU from a general framework and do not suffi-
ciently reveal time-scale changes and the spillover 
effects of uncertainty across markets. This paper aims 
to fill this gap and analyze the causality relationship 
between climate policy uncertainty and the stock mar-
kets of six developed and environmentally sensitive 
economies (Sweden, the UK, Germany, Norway, the 
Netherlands and Finland). The main research questions 
that this study attempts to answer are as follows: 
1. Does climate policy uncertainty have a causal effect 

on the stock returns of advanced economies? 
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tionary stocks. Yao et al. (2023) also reported that CPU 
shocks have a more substantial impact on the long-run 
stock returns of China and its major trading partners. 
Zhang et al. (2023) demonstrated that companies with 
lower CPU betas have higher future returns in China. 

However, limited literature analyses the multidi-
mensional frequency-based causality relationship be-
tween the CPU and European markets. Therefore, this 
research is innovative in terms of its methodological 
contribution to the literature and its use of wavelet and 
frequency domain causality techniques. 

 

In this study, we analyze the data of 6 countries 
among the 15 countries with the highest score accord-
ing to CCPI. The countries included in the analysis are 
developed markets according to MSCI and the data 
range is January 2000 - May 2023. The CPU variable is 
the index developed by Gavriilidis (2021).  We also dis-
play the scores of countries according to their climate 
change policy in Appendinx 1.  

As can be seen in Figure 1, there are no countries 
with a score of 80 and above as of 2023. 15 countries 

with scores between 60 and 80 are classified as ‘good’, 
including leading fossil fuel producers such as India, 
Norway, the UK and Germany. Of the 63 countries 
whose climate policy performance was assessed, 

45 countries scored in the middle or below, meaning 
that 79% of the countries analyzed have inadequate 
climate policies. In our study, we selected countries 
with active climate policies and developed stock mar-

kets for analysis. According to the MSCI classification, 
6 of the 15 countries with a 'good' CCP rating are devel-
oped markets: Sweden, the UK, Germany, Norway, the 
Netherlands and Finland. Table 1 shows the descriptive 

statistics of the main stock indices and CPU indices of 
these countries.  

of CPU in individual stocks. Hoque et al. (2023) deter-
mined that the US CPU influences global and alterna-
tive energy stocks, with the CPU being an information 
source and global energy stocks as receivers. Tedeschi 
et al. (2024) confirmed that CPU shocks positively im-
pact European markets using Bayesian TVP-VAR mod-
els. Xu et al. (2023) observed that changes in the Chi-
nese CPU initially affect returns and volatility differently 
but eventually create stronger links between Chinese 
and US markets. Applying new wavelet approaches, 
Athari and Kirikkaleli (2025) concluded that while re-
newable energy and clean technology (RECT) stocks 
caused CPU to suffer a significant disruption between 
2014 and 2018 after 2019, CPU started to cause RECT 
stocks.   

In addition, some studies have focused on the 
effects of CPU on market volatility. Lasisi et al. (2022) 
investigated the impact of CPU on US and UK stock 
market volatility, while Chen et al. (2023) examined the 
impact of CPU on Chinese stock market volatility. The 
results proved that stock market volatility responds 
significantly to CPU. Raza et al. (2024) used GARCH-
MIDAS models to show that CPU raises volatility in 
green and sustainable markets, including S&P Green 
Bond and Clean Energy indices. 

Finally, several studies have addressed the effects 
of CPU on specific sectors or groups of companies. He 
and Zhang (2022) analyzed the impact of CPU on the 
predictability of stock returns in the oil sector using 
predictive regression models. They showed that CPU 
exhibits predictive solid power for both in-sample and 
out-of-sample stock returns in the oil sector. Alqaralleh 
(2023) found that CPU reduces investment in China's 
sectors during stable periods and shifts the lead-lag 
dynamics during turbulent periods. Lee and Cho (2023) 
argued that CPU negatively predicts stock returns for 
small companies in China. Pijourlet (2024) indicated 
that CPU negatively affects US consumer and industrial 
stocks while boosting technology and consumer discre-

Table 1: Descriptive statistics  

Variables AEX CPU DAX FTSE OBX OMXH25 OMXSPI 

Median 2.65558 2.00345 3.86869 3.78883 2.61108 3.43254 2.56330 

Std. Dev.  0.12720  0.21663  0.19574  0.07982  0.29133  0.17461  0.20573 

Skewness -0.02557  0.23963 -0.24711 -0.70398 -0.30885 -0.14048  0.02553 

Kurtosis 2.24277 2.71430 2.17869 2.76491 2.15801 2.08573 2.29733 

J-B 6.72001** 3.63201 1.07194*** 2.37725*** 1.27226*** 1.06729*** 5.79072** 

Source: Authors’ own work. 

indicating a slight shift to the left. The kurtosis of the 
AEX indicates a blunt peak, i.e. extreme values are not 
expected. The Jarque-Bera test shows that the AEX 
tends to deviate from a normal distribution, while the 
CPU index is closer to a normal distribution as the               

As can be seen in Table 1, the DAX variable has the 
highest mean, but the FTSE has the highest standard 
deviation, indicating that the FTSE is riskier than the 
other variables. According to the skewness values, the 
AEX index is close to symmetry, with negative skewness 
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the other variables. In general, all variables in the anal-
ysis have high frequency financial time series character-
istics and are suitable for complex modelling. Table 
2 shows the levels of stationarity of the variables ac-
cording to the Lee-Strazicich LM unit root test. 

p-value is greater than 0.05. The negative skewness of 
the DAX, OBX and OMXH25 indices indicates a leftward 
skewness, while the positive skewness of the OMXSPI 
indicates a rightward skewness. High kurtosis values 
generally indicate the presence of outliers, with the 
FTSE containing more frequent extreme events than 

Table 2: Results of Lee-Strazicich LM unit root test 

 Variables Tau 
Break 
point 

lag 
Test critical 

values 
S(t-1) Constant B1(t) 

AEX -2.60729 31 8 -4.24756 
-0.0420 
[-26072] 

-0.0047 
[-1.8734] 

-0.083500 
[-3.694280] 

D(AEX) -8.35313   2 -3.85176 
-0.8115 
[-83531] 

0.0004 
[0.3430] 

-0.048320 
[-2.055310] 

CPU -6.40870 194 2 -3.85230 
-0.4495 
[-64087] 

-0.0094 
[-11546] 

0.023298 
[0.174450] 

DAX -2.30095 31 1 -3.85230 
-0.0339 
[-23009] 

-0.0020 
[-0.9334] 

-0.137650 
[-554160] 

D(DAX) -9.15495   2 -3.85170 
-0.9547 
[-91549] 

0.0017 
[11288] 

-0.014640 
[-0.561240] 

FTSE -2.89757 31 7 -3.85230 
-0.0514 
[-28975] 

-0.0019 
[-15282] 

-0.063470 
[-373696] 

D(FTSE) -7.58473   3 -3.85170 
-0.8883 
[-75847] 

0.0206 
[71347] 

-0.044230 
[-257614] 

OBX -3.08306 111 8 -3.85230 
-0.0523 
[-30830] 

0.0015 
[10216] 

0.078670 
[28807] 

D(OBX) -1.39318   0 -3.85170 
-0.8222 
[-13931] 

0.0048 
[30744] 

-0.039800 
[-153130] 

OMXH25 -1.77936 31 3 
-3.85230 
-2.92260 

-0.0190 
[-17793] 

-0.0017 
[-0.8589] 

-0.059520 
[-247637] 

D(OMXH25) -7.99034   2 -3.85170 
-0.6986 
[-79903] 

0.0103 
[53179] 

-0.024960 
[-100589] 

OMXSPI -1.95227 36 3 -3.85200 
-0.0217 
[-19522] 

-0.0022 
[-0.9872] 

-0.028700 
[-122278] 

D(OMXSPI) -8.46845   2 -3.85100 
-0.8673 
[-84684] 

0.0124 
[62307] 

-0.018380 
[-0.795010] 

Note: Values in brackets represent t-statistics 
Source: Authors’ own work. 

Wavelet analysis, which examines time series in 
both time and frequency domains, is effective for non-
stationary series (Aguiar-Conraria & Soares, 2011). It is 
commonly used to detect leading indicators and esti-
mate causality or co-movement between variables 
(Chen et al., 2017). By analyzing similarities and differ-
ences in various frequency regions, wavelet transforms 
help identify correlations between signals. This method 
also estimates wavelet cross-spectrum, phase coher-
ence, and wavelet coherence (Polanco et al., 2011). 
Wavelet functions are based on father and mother 
wavelets, with the former handling low-frequency com-
ponents and the latter focusing on high-frequency de-
tails. 

The LM unit root test assesses the stationarity of 
the series based on structural breaks. The t-statistic of 
the AEX series is above the critical value, indicating that 
the series is non-stationary with the structural break at 
the 31st observation; however, its first difference is 
stationary. The t-statistic of the CPU series is below the 
critical value, indicating that the series is stationary 
with the break at the 194th observation. The DAX se-
ries is also non-stationary with a structural break at the 
31st observation, but its difference is stationary. The 
FTSE, OBX and OMXH25 series are also stationary at 
the first difference, while the OMXSPI series is non-
stationary with a break at the 36th observation. In sum-
mary, while the levels of the AEX, DAX, FTSE, OBX, 
OMXH25 and OMXSPI series are non-stationary, their 
differences are stationary. 
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(Vacha & Barunik, 2012, Kuşkaya et al., 2021). Finally, 
wavelet coherency is defined as follows (Aguiar-
Conraria et al., 2013; Kuşkaya et al., 2021): 

(4)  

In Equation (4), represents the correlation, Rxy is the 
smoothing parameter.  
 

Breitung and Candelon's causality test identifies 
causality at short, medium, and long horizons, reveal-
ing information flow between variables across frequen-
cies (Rjoub et al., 2021, Chekouri et al., 2021, Nasreen 
et al., 2022). The test equation is generally expressed 
as follows (Nasreen et al., 2022): 

(5) 

Where αp and βp = are coefficients and µt is an error 
term.  

The null hypothesis of Granger causality from zt to 
yt at frequency (ω) is tested by Mz→y(ω) = 0, which is 
equivalent to the null linear restriction:  

(6) 

Where β = |β1 … βp|’ is the vector of the coefficients  
and: 

(7) 

F-statistics are used to the null hypothesis in the fre-
quency interval, ω ϵ(0,π). 

The hypothesis regarding causality to be tested in this 
research can be stated as follows: 

H0: There is no causality between CPU and stock ex-
change. 

H1: There is causality between CPU and stock exchange. 
 

In wavelet coherence analysis we use periods of 4, 
8, 16, 32 and 64. Values between 0 and 1 indicate the 
correlation between two series. Blue indicates low cor-
relation, while red indicates high correlation. Arrows 
indicate the direction of the relationship. Arrows 
pointing to the right indicate a positive relationship, 
while arrows pointing to the left indicate a negative 
relationship. Upward arrows indicate that the first se-
ries influences the second, and downward arrows indi-
cate that the second series influences the first.  

The wavelet transform is based on the assumption 
of two basic wavelet phenomena: father wavelets, 
which work with mother wavelets and low-frequency 
trend components, which use high-frequency detail 
components. Wavelet functions are generated based 
on scale parameters, mother wavelet function and lo-
cation. A mother wavelet function defined as Ψ ϵ L2 (R)  
can be constructed as follows (Cai et al., 2017): 

(1) 

Where:  

 

is the normalization factor that provides the unit vari-
ance of the wavelet,  

s = is the scaling factor that controls the width of the 
wavelet. Scale and frequency are inversely related. 
Therefore, a high scale implies an extended wavelet 
suitable for detecting a lower frequency, 

τ = is a translation parameter that controls the position 
of the wavelet (Cai et al., 2017).  

The Morlet wavelet, commonly used in time-series 
analysis, is particularly effective for non-stationary data 
(Cohen, 2019). In financial markets, it provides time-
frequency localization, helping analysts uncover pa-
tterns, trends, and relationships in asset prices and 
volatility. Its ability to capture frequency changes aids 
in detecting market shifts, predicting price movements, 
and assessing external impacts. Based on all this, we 
utilize the Morlet wavelet in this research. Morlet 
wavelet can be stated as in Equation (2) (Aloui & Hkiri, 
2014):  

(2) 

Where: 

ω0 = is the centre parameter of the wavelet.  

Cross-wavelet power between two-time series can 
be described as the local covariance between time se-
ries at any scale (frequency band) and at any time. The 
cross-wavelet power between two-time series, x(t) and 
y(t), as characterized by Hudgins et al. (1993), is as in 
Equation (3): 

(3) 

According to Equation (3), cross wavelet trans-
forms show areas of high joint power representing the 
local covariance between time series and at each scale 
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2007 and 2010 there is a negative interaction, while in 
2022 - 2023 the relationship becomes positive, with 
a high correlation coefficient (close to 1), indicating 
a strong influence of the CPU on the OMXH25. 

Figure 2 shows a statistically significant relationship 
between the CPU and OMXH25 indices, which is strong-
er in periods 4-8. In 2001, this correlation is strong, 
with the CPU index influencing the OMXH25. Between 

Figure 2: Wavelet coherence result of CPU vs OMXH25 

Source: Authors’ own work. 

Figure 3: Wavelet coherence result of CPU vs AEX 

Source: Authors’ own work. 

that the CPU influences the AEX, while in 2007, in the          
4-8 period, the strength of the relationship is close to 1, 
suggesting that the AEX influences the CPU. In 2022-
2023, CPU has a positive short-term effect on AEX. 

Figure 3 shows a strong relationship between the 
CPU and AEX indices in the 16-32 period from 2001-
2004, with a generally negative direction, except in 
2022 and in the 4-period. In 2004, the arrows indicate 

Figure 4. Wavelet coherence result of CPU vs OMXSPI  

Source: Authors’ own work. 
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we cannot argue a statistically significant relationship 
between the variables except for these periods. 

As shown in Figure 5, we cannot declare a signifi-
cant relationship between CPU and OBX variables. 

According to the results in Figure 4, the correlation 

between the variables was quite strong in 2004, 2007, 

and 2013 in the 4-8 period. In addition, regarding the 

direction of the relationship, CPU hurt OMXSPI in 2004 

and had a positive effect in 2007 and 2023. However, 

Figure 5: Wavelet coherence result of CPU vs OBX 

Source: Authors’ own work. 

Figure 6: Wavelet coherence result of CPU vs DAX 

Source: Authors’ own work. 

relationship, we conclude that in 2007 and 2013, there 
was an inverse effect from DAX to CPU, while in 2016 
and 2022, there was a positive effect from CPU to DAX. 

The results in Figure 6 show that the short-run rela-
tionship between CPU and DAX is quite strong in 2007, 
2013, 2016 and 2022. Regarding the direction of the 

Figure 7: Wavelet coherence result of CPU vs FTSE  

Source: Authors’ own work. 
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the variables is quite strong, and the CPU negatively 
affected the FTSE over the 4-8 period in 2004 and 2013. 

Figure 7 presents the wavelet coherence results for 
CPU and FTSE. Accordingly, the relationship between 

Figure 8: CPU and OMXH25 frequence domain causality  

Note: Causality in the frequency domain | H0: There is not causality at frequency Omega | p-value D.F. (2.271) | Se-
lected lag: 3 | Exogenous variables: C. CPU-OMXH25 F-Stat: 205.0034947, H0: reject. OMXH25-CPU F-Stat: 2.289961, 
H0: cannot reject 

Source: Authors’ own work. 

analysis shows the most robust causal relationship in 
the frequency range of 0.4-1.2. This result supports the 
results of the wavelet coherence analysis. However, 
there is no causality from the OMXH25 variable to the 
CPU variable. 

Figure 8 displays the causality relationship at differ-
ent frequencies. According to the causality test results, 
we cannot accept the null hypothesis that there is no 
causality from CPU to OMXH25. Moreover, the graph 

Figure 9: CPU and AEX frequence domain causality  

Note: Causality in the frequency domain | H0: There is not causality at frequency Omega | p-value D.F. (2.259) | Se-
lected lag: 7 | Exogenous variables: C. CPU-DAX F-stat: 92.53826152, DAX-CPU F-Stat: 14.389309, H0: reject  

Source: Authors’ own work. 

quency ranges, showing CPU’s significant influence on 
AEX in both the short and long term.  

Figure 9 indicates a causal relationship from CPU to 
AEX, aligning with the wavelet coherence results. The 
relationship is strongest in the 0.4-1.2 and 2-3.2 fre-



 
Muge Saglam Bezgin, Selim Gungor  
Does climate policy uncertainty move with stock markets? Evidence from advanced 
economies with the best climate change performance 

Financial Internet Quarterly 2025, vol. 21 / no. 3 

Figure 10: CPU and OMXSPI frequence domain causality  

Note: Causality in the frequency domain | H0: There is not causality at frequency Omega | p-value D.F. (2.259) | Se-
lected lag: 7 | CPU-OMXSPI F-Stat: 247.7163093, H0: reject, OMXSPI-CPU F-Stat: 25.26559, H0: reject   

Source: Authors’ own work. 

OMXSPI. Additionally, OMXSPI has a significant causal 
effect on CPU at low frequencies, which decreases after 
0.5, slightly rises around 1, and then falls again near 
frequency 2. 

Figure 10 shows that CPU’s causality on OMXSPI is 
weak at low frequencies (0-0.5) but strengthens near 
a frequency of 1, peaking around 2-2.5 before declin-
ing. These findings support the wavelet coherence 
analysis, confirming a causal relationship from CPU to 

Figure 11: CPU and DAX frequence domain causality  

Note: Causality in the frequency domain | H0: There is not causality at frequency Omega | p-value D.F. (2.271) | Se-
lected lag: 3 | PU-DAX F-Stat: 92.53826152, H0: reject, DAX-CPU F-Stat: 14.389309, H0: reject  

Source: Authors’ own work. 

very low levels. Conversely, DAX has a moderate causal 
effect on CPU at low frequencies, decreases at medium 
frequencies, increases slightly after 1.5 and remains 
moderate at high frequencies. 

Figure 11 shows a weak causality from CPU to DAX 
at low frequencies (0-0.5), with a slight increase at me-
dium frequencies (0.5-1.5), which remains low overall. 
At high frequencies (1.5+) the causality levels off at 
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Figure 12: CPU and FTSE frequence domain causality  

Note: Causality in the frequency domain | H0: There is not causality at frequency Omega | p-value D.F. (2.259) | Se-
lected lag: 7 | CPU-FTSE F-Stat: 68.4941027, H0: reject, FTSE-CPU F-Stat: 4.3079520, H0: reject   

Source: Authors’ own work. 

ty, and investors can mitigate risks with adaptive strat-

egies such as stop-loss orders. Modern portfolio theory 

(MPT) assumes fixed correlations in portfolio optimiza-
tion, but wavelet coherence analysis shows that corre-

lations between CPU and stock indices vary over time. 

Thus, dynamic portfolio diversification and adaptive 

risk management are more appropriate than traditional 
fixed correlation models, highlighting the need for 

adaptive models in financial theories. The results ob-

tained are also consistent with the literature. In other 

words, in terms of the relationship between indices and 
uncertainty index, the results of this research are in line 

with Lasisi et al. (2022), Chen et al. (2023), Hoque et al. 

(2023), Lee and Cho (2023), Xu et al. (2023), Yao et al. 

(2023), Zhang et al. (2023), Pijourlet (2024), Raza et al. 
(2024), Shuaibu et al. (2024), Tedeschi et al. (2024) as 

well as Athari and Kirikkaleli (2025).  

The time- and frequency-dependent causality rela-
tionship between CPU and market indices has im-
portant implications for policymakers. Especially con-
sidering that the CPU increases short-term volatility in 
some markets, climate policies must be designed to be 
more predictable, stable, and transparent. Moreover, it 
would benefit regulatory authorities to fulfill their in-
formation and guidance functions for investors more 
effectively to reduce market volatility due to uncertain-
ty.  

The results of our study suggest that Climate Policy 
Uncertainty (CPU) has significant effects on the stock 
markets of the advanced economies analyzed. This has 
several important implications for policymakers. First, 
given that CPU can contribute to market volatility, gov-
ernments and regulators should focus on reducing this 
uncertainty through coherent and long-term climate 
the Finnish and Swedish markets suggests that policy 
changes in these countries can have a rapid and signifi-
cant impact on markets. Therefore, the impact of policy 
changes should be carefully assessed and effectively 
communicated to stakeholders. In the long run, the 

Figure 12 demonstrates a causality relationship 
between CPU and FTSE. At low frequencies (0-0.5), 
CPU’s causal effect on FTSE peaks around 0.6, decreas-
es at medium frequencies (0.5-1.5), and peaks again at 
high frequencies (1.5+), around 2.5. Conversely, FTSE’s 
influence on CPU shows similar behavior, peaking at 
low and high frequencies. These findings align with the 
wavelet coherence analysis. 

 

This research examines the causality between CPU 
and selected developed markets from January 2000 to 
May 2023. Accordingly, we investigate whether there is 
a causality relationship between the CPU index and the 
major stock indices of Finland (OMXH25), Germany 
(DAX), Netherlands (AEX), Norway (OBX), Sweden 
(OMXSPI), and the UK (FTSE) by considering wavelet 
coherence and the Breitung and Candelon causality 
methods. As a result of the analysis, we cannot observe 
any causal relationship between the CPU index and the 
OBX. However, we conclude that there is a causal rela-
tionship between CPU and all other indices analyzed at 
different times and frequencies. The causality test is 
crucial for assessing the strength and timing of relation-
ships between variables, which helps investors in their 
decision-making and risk management. The frequency 
causality test, which supports the wavelet coherence 
analysis, shows a causal relationship between all indi-
ces except the Norwegian market and the CPU index at 
different periods. It shows short-term causality from 
the CPU to the OMXH25 and OMXSPI, guiding investors 
to take positions during short-term shocks to the CPU. 
The AEX index also shows short-run and long-run cau-
sality with CPU, suggesting a medium-term position for 
risk-averse investors in hedging strategies. The results 
suggest that investors adopt different market strategies 
based on CPU dynamics. However, the Norwegian mar-
ket is independent of CPU so that investors can con-
struct CPU-independent portfolios. Uncertainty in cli-
mate policy affects risk perception and market volatili-
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area of research to develop more detailed policy rec-
ommendations. 

In future research, the effects of CPU on the mar-
ket can be addressed at a micro level on a sectoral ba-
sis. Studies to be conducted, especially in sectors with 
high sensitivity to climate policies such as energy, auto-
motive, and pharmaceuticals, will provide more target-
ed results in terms of both investment decisions and 
policy design. Moreover, analyzing how markets in 
emerging economies respond to the CPU is important 
to understand the impact of economic structures and 
policy regimes on this relationship. Finally, using artifi-
cial intelligence and machine learning techniques to 
predict the relationship between CPU and stock mar-
kets can make methodologically innovative contribu-
tions to the field.  

strong causality observed in the Dutch market 
highlights the potential impact of climate policies on 
long-term investment decisions. This increases the im-
portance of policies that promote sustainable invest-
ments and are aligned with long-term climate goals.  

This study has several limitations. First, our analysis 
is limited to advanced economies with a ‘good’ CCP 
rating according to the MSCI classification. Future re-
search could examine the generalizability of these find-
ings by including countries with different levels of cli-
mate performance and emerging economies. Second, 
the CPU index used in our study is a single measure of 
climate policy uncertainty. Robustness analyses can be 
conducted using other measures of uncertainty. Finally, 
our study focuses on stock markets in general. Investi-
gating the heterogeneous effects of climate policy un-
certainty on different sectors could be an important 
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Appendinx 1: Climate change performance rating of the countries 

Source: IPCC. (2023). Climate Change 2023 Synthesis Report. https://www.ipcc.ch/report/ar6/syr/ (Accessed: 
26.06.2024). 


