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Abstract 

This study explores the impact of real economic policy (business condition risk) 
on the oil–stock nexus risk connectedness during the COVID‑19 pandemic. It uses 
multivariate wavelet coherency and partial wavelet coherency methods to isolate 
the effects of global risk indices, such as the US economic uncertainty index, the crude 
oil volatility index, and the geopolitical risk index, on risk connectedness. The study 
is based on daily data from January 2018 to December 2020 and finds a strong impact 
of real economic uncertainty indices on risk connectedness, with time‑varying and fre‑
quency‑sensitive patterns. The results also show that during the COVID‑19 crisis, higher 
coherencies between oil and equity volatilities exist at lower frequencies. This research 
provides useful insights for regulators and portfolio diversifiers.
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1 Introduction
The correlation between stock prices and other assets prices, particularly crude oil 
prices, is of great importance for portfolio investments and risk diversification. Crude 
oil has become a necessary asset for investment particularly to diversify or hedge against 
equity market volatility because it is driven by various business cycles generated by con-
ventional financial markets (Roll 2013), and confirmed to have weak associations with 
stock markets (Boako et  al. 2020). Accordingly, information transmission between oil 
and stock markets has become an issue of concern to researchers. The dilemma of eco-
nomic policy uncertainty has become more important after the global crises such as the 
2008 Global Financial Crisis (GFC), the European bond crisis and increasing policy dis-
putes in the United States (Baker et al. 2016). Theoretically, Gomes et al. (2012) and Pás-
tor and Veronesi (2012, 2013) demonstrated that the uncertainty in government policies 
can depress stock prices, and lead to higher volatilities and correlations in stocks via its 
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negative impact on investment decisions. The effects of oil prices on the global economy 
were examined by earlier studies, including Hamilton (1983), Balassa (1985), and Mork 
(1989). They suggested that shocks in oil prices influence exports and policies decisions. 
Since then, research studies have attempted to provide new empirical evidence on the 
impact of oil price shocks and other markets.

The integration of financial markets has greatly tightened linkages across oil and stock 
markets, raising widespread concerns about network risk transmission. This phenome-
non is particularly evident during and following turbulent period. As the world’s primary 
energy source, crude oil is the most important commodity which plays a key role in both 
production and consumption. Given the historical increase in the oil price variations 
since early 1970s, uncertainty in the oil market, therefore, influences the world economy 
and global financial markets as well (Aguilera and Radetzki 2017). However, different 
conclusions were found by the literature in which some papers found a negative effect 
of oil price shocks on stock returns (Papapetrou 2001; Driesprong et  al. 2008; Yousaf 
and Hassan, 2019), while others reached to a positive impact (Boubaker and Raza 2017; 
Wang and Wang 2019; Cui et al. 2021a, b; Mensi et al. 2022, among others).

Oil price risk (measured by volatility) can transmit into equity markets through impor-
tant channels. For instance, volatility in oil prices may cause variations in the earnings 
of oil-related companies, which may translate into high volatility in their equity prices 
(Maghyereh et al. 2016; You et al. 2017). Shocks in oil price, especially in recent years, 
due to the supply and demand mechanism may affect the discount rate. An increase 
in oil price shocks is often seen as an indication of inflationary pressure, where cen-
tral banks raise the interest rate due to an increase in the inflation rate (Huang et  al. 
1996; Miller and Ratti 2009). As the relationship between changes in oil prices and stock 
markets has effects on portfolio management, the degree to which oil market volatility 
spreads to stock markets depends on how much oil market volatility affects real eco-
nomic uncertainty and then economic growth.

Given the cyclical nature of the demand for both oil and equities, which may lead 
to a positive association between those assets, risk transmission across oil and equity 
markets could contribute to real economic shocks. As an increase in economic policy 
uncertainty (EPU) can cause economic downturns (Baker et al. 2016), it can be con-
sidered a main driver and/or an important source of the risk connectedness between 
oil and equities. Particularly, real economic uncertainty reflects the unpredictabil-
ity and ambiguity surrounding economic conditions, such as GDP growth, inflation, 
employment, and fiscal policies. According to the portfolio theory, during periods 
of high economic uncertainty, market participants become more cautious and risk-
averse, leading to increased correlations and interdependencies between different 
financial markets and assets, (Forbes and Rigobon 2002; Bekaert, et  al. 2010; Fran-
kel, and Saravelos 2012). This heightened risk aversion can result in a synchronized 
response to economic shocks, leading to a stronger link between financial assets 
including oil and stock market volatilities. In addition, uncertain economic conditions 
can lead to changes in consumer behavior, business investment decisions, and overall 
market sentiment. For example, during periods of economic uncertainty, consumers 
may reduce discretionary spending, which can impact oil demand, while businesses 
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may postpone investment plans, affecting stock market performance. These com-
bined effects can lead to a higher level of risk connectedness between oil and stocks.

Furthermore, real economic uncertainty can also influence other macroeconomic 
variables and global risk factors that are known to affect both oil and stock markets 
(Bloom 2009; Jurado et  al. 2015; Baker et  al. 2016; Cesa-Bianchi and Rebucci 2017; 
Barbi and Macovei 2020). For instance, changes in economic uncertainty can influ-
ence currency exchange rates, interest rates, geopolitical tensions, or policy decisions, 
which, in turn, can impact directly impact both the oil and stock markets, leading to a 
higher degree of risk interconnectedness.

Despite the increase in the body literature that investigates the risk transfer 
between oil and equities (Arouri et  al. 2012; Maghyereh et  al. 2016; Awartani et  al. 
2016, 2018; Mensi et al. 2021a, 2021b; Liao et al. 2021; Hung and Vo 2021; Maghyereh 
and Abdoh 2022), it rarely investigates the effect of EPU on the risk transmission of 
the oil–stock nexus during turmoil periods. Studies in this case (Kang and Ratti 2013; 
You et  al. 2017; Fang et  al. 2018; Ali et  al. 2022; Uddin et  al. 2018; among others) 
focused mostly on the impact of economic uncertainty on the return spillovers among 
oil and stock returns. These studies have largely ignored the effect of real economic 
uncertainty (business condition risk, ADS) but mostly focused on using only the EPU 
index designed by Barker et al. (2016). While the news-based EPU index specifically 
targets economic policy uncertainty and aimed to quantify the degree of uncertainty 
arising from policy-related factors (Karanasos and Yfanti 2021) the ADS index pri-
marily focuses on business conditions and provides a comprehensive measure of 
economic activity. It captures a wide range of macroeconomic variables related to 
employment, production, income, and sales. This broader coverage allows for a more 
holistic assessment of the overall state of the economy, making it particularly suit-
able for analyzing real economic uncertainty in real-time (Diebold 2020). Therefore, 
while the EPU index is relevance may be more pronounced when studying the effects 
of policy-related uncertainties on specific economic sectors or policy-driven events, 
the ADS index is more relevant when the impact of real economic shocks. Further-
more, the ADS index has been widely used and validated in empirical research, dem-
onstrating its robustness and accuracy in capturing changes in business conditions 
(e.g., Diebold 2020; Uluceviz and Yilmaz 2021; Cenesizoglu 2022). It has been shown 
to have a strong correlation with key macroeconomic variables, such as GDP growth 
and industrial production. This makes it a reliable tool for assessing real economic 
uncertainty and its impact on the business environment.

Existing studies (Sharif et al. 2020; Bahloul and Khemakhem 2021; Belhassine and Kar-
amti 2021, among others) have paid less attention in their analysis to isolate the effect of 
different global risks indices (the US economic uncertainty index (EPU), the crude oil 
volatility index (OVX) and the geopolitical risk index (GPR)) on risk connectedness. In 
addition, the bulk of the earlier studies calculated market volatility using low-frequency 
interval data (e.g., daily and weekly), thereby ignoring the information embedded in the 
latter. Indeed, high-frequency intraday data enables a more thorough examination of the 
pricing process as well as more accurate volatility estimates (Dhaene and Wu 2020). As 
a result, in this paper, we calculate market volatility using the continuous record of the 
return processes.
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The contribution of this paper to the existing literature is in twofold. First, it is the 
first to explore the impact of the real economic uncertainty [the index of business con-
ditions (ADS)], as proposed by Aruoba et al. (2009)) on the volatility spillovers among 
oil and stock prices during the turbulent period of the COVID-19 pandemic. To per-
form the analysis, the partial wavelet coherency (PWC) and multivariate wavelet coher-
ency (MWC), as suggested by Aguiar-Conraria et al. (2018a, 2018b) and Verona (2020), 
are implemented.1 PWC is used when the influence of economic conditions and the 
economic policy uncertainty indices are filtered out. The MWC model is used to infer 
the coherence of multiple independents (i.e., the oil–stock nexus) on a dependent (i.e., 
economic conditions or economic policy uncertainty). Second, the risk connectedness 
between oil and equity is measured by “realized volatility” as a proxy measure of risk. 
The realized volatility is measured using high-frequency (intraday transaction prices) of 
the futures contracts rather than the spot prices of the underlying. Therefore, our vola-
tility estimate is a consistent measure of the latent volatility process, and thus, it will be 
more suitable to use in a time series framework.

The paper finds evidence of strong multiple wavelet coherency (MWC) and partial 
wavelet coherency (PWC) between real-economy uncertainty index (ADS) and risk 
connectedness in the oil–stock nexus with event-specific patterns, time varying and 
frequency sensitive. During the coronavirus disease (COVID-19) crisis, higher mul-
tivariate coherencies between ADS and risk transmission with respect to other global 
factors (EPU and GRP) were found at higher frequencies. However, when isolating the 
other global risk factors, our results also show that during the COVID-19 crisis, higher 
coherencies between ADS and the risk transmission in the oil and equity nexus existed 
at lower frequencies. This observation is noteworthy as it suggests that the relationship 
between the two assets became more pronounced during this period of significant eco-
nomic disruption. These results have practical implications for regulators and portfo-
lio diversifiers. Regulators responsible for overseeing financial markets can benefit from 
understanding the increased interconnectedness between oil and equity risks during 
times of crisis. This knowledge can help in formulating appropriate risk management 
policies and interventions to mitigate potential systemic risks. For portfolio diversifiers, 
understanding the time-varying and frequency-sensitive patterns of risk connectedness 
allows for improved risk assessment and allocation strategies.

The rest of the paper is structured as follows: Sect. 2 presents the literature review, and 
Sect. 3 discusses the methodology used in the paper. In Sect. 4, the empirical findings 
are discussed, and the conclusion is addressed in Sect. 5.

2  Literature review
The modern portfolio theory by Markowitz (1952) suggests that the interrelation 
between various assets is vital for portfolio’s return maximization. Its main assump-
tion is that investors can diversify the risk of their portfolios by allocating different asset 
classes with various levels of risks. In periods of high volatility, investors can diversify 

1 A number of studies have used the wavelet analyses (MWC and PWC) (among others, Das and Kumar 2018; 
Albulescu and Mutascu 2021; Choi 2022; Hkiri et al. 2018; Wu et al. 2020; Maghyereh et al. 2022a, b; Sharma et al. 2021; 
Kinkyo 2022).
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the risk of their portfolios by investing in assets which are weakly correlated or not 
intercorrelated. Therefore, identifying the degree and the direction of risk transmission 
among assets are essential to identify the possible risk diversification opportunities dur-
ing different periods.

Risk spillovers among different asset classes have been extensively examined in the lit-
erature, but existing studies have not been able to arrive at the consensus. Arouri et al. 
(2011a) found strong volatility spillovers among world oil prices and the Gulf Coopera-
tion Council (GCC) stock markets, via the generalized VAR-GARCH approach. Using 
similar methodologies, Arouri et al. (2011b) found a strong volatility spillover among oil 
and stock markets in Europe and the US at the sectoral level. Arouri et al. (2012) found 
that risk spillovers between oil prices and sector stock returns are strong at both the 
aggregate and sector levels of European stock markets. By considering the 2014 oil price 
crash crisis, Awartani et al. (2016) argued that the risk transmission from oil to equity 
markets rose during this crisis. In a similar vein, Maghyereh et al. (2016) found that risk 
spillovers between oil and eleven major international equity markets were largely domi-
nated by spillovers from the oil market to equity markets and not the other way around 
due to the start of global economic recovery after the 2008 global financial crisis (GFC).

Utilizing the multivariate ARMA-GARCH approach and the wavelet multiresolution 
analysis, Boubaker and Raza (2017) found that risk spillovers among oil prices and the 
BRICS stock markets were very strong due to the increase in demand on crude oil. Wang 
and Wang (2019) argued that risk spillovers between crude oil and China’s sectoral stock 
markets are almost positive and that the China’s 2015 financial crisis had a significant 
impact on the risk spillovers. However, Zhang (2017) argued that oil shocks rarely con-
tribute to the shocks of the six major international stock markets. Yousaf and Hassan 
(2019) found that risk spillover transmitted from crude oil price changes to most of the 
emerging Asian stock markets decreases during the Chinese 2015 stock market crash, 
concluding that lesser investments in crude oil can lessen portfolio risks during the Chi-
nese crisis.

Mensi et al. (2021), using the TVP-VAR approach, found strong risk spillover effects 
between oil and different global stock markets (the US, Europe, Asia and five vulner-
able European Union countries) and the effects increased during GFC, the 2014 oil price 
crisis, and during COVID-19. When applying the same methodology, Bahloul and Khe-
makhem (2021) reported strong evidence of risk spillovers among oil and Islamic stock 
markets after the COVID-19 pandemic. Another analysis was performed by Belhassine 
and Karamti (2021) who reported that oil-exporting countries showed a higher correla-
tion between oil prices and stock market indices in the long run compared to importing 
countries. Furthermore, Cui et al. (2021b) stated that the oil market received much more 
risk spillovers transmitted from different global stock markets and crises such as GFC, 
the 2014 oil price collapse, and COVID-19 had greatly contributed to the increase in the 
level of risk spillover. Another study by Mensi et al. (2022) confirmed the findings of Cui 
et al. (2021a, b) where spillover increased widely during the 2010 European debt crisis, 
the 2014 oil crash crisis, 2016 Brexit referendum, and during COVID-19. Thus, lesser 
investments in oil would reduce the overall portfolio risk.

Using the wavelet TVP-VAR approach, Younis et al. (2023) argued that the connected-
ness between oil, gold, and global equity markets increased widely, but at heterogeneous 
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levels, during the above-mentioned crises as well as during the Chinses stock market 
crash in 2015. Another study by Babar et al. (2022) found strong risk spillovers for the 
nexus between energy commodities and the nine net importers of energy Asian stock 
markets, especially during times of the turmoil events. In worldwide study, Razmi and 
Razmi (2023) argued that after the COVID-19 outbreak the US stock market lost its sig-
nificant influence on the crude oil market, but the Chinese market did not. Escribano 
et al. (2022) reported that connectedness among crude oil and stock markets is signif-
icantly noticeable during crises periods and the information is conveyed mostly from 
crude oil to stock markets where crude oil acts as a diversifier for oil-exporters. In sum-
mary, while the literature is flooded with analyses on the risk connectedness among oil 
and stock markets, the literature has failed to provide conclusive evidence for the nature 
of risk transmission among oil and stock markets.

Contrary to the research conducted on the risk connectedness, the research effort 
concerning the determinants of connectedness, especially the effect of economic uncer-
tainty on connectedness, was scant. Considering the growing concern about the impact 
of global recent economic uncertainties, crude oil volatility and geopolitical uncertain-
ties on financial risk diversification, especially after the most recent global crises (the 
GFC, the 2010 Greek crisis, the COVID-19 outbreak, the Russian–Ukrainian conflict, 
the US geopolitical tension and increasing public policy disputes in the US), different 
global risk factors have been recently invented in the literature to examine, including the 
EPU index, geopolitical risk index by Caldara et al. (2022), and the trade policy uncer-
tainty (TPU) index by Caldara et  al. (2020), among others. Thus, the empirical litera-
ture examining the impact of such global indices on the oil–stock nexus have reached to 
mixed results and inconclusive evidence.

To critically analyze the literature relating to the impact of global policy uncertain-
ties on the risk spillovers, the second strand of studies has been carried out in this sec-
tion. The theoretical frameworks provided by Pástor and Veronesi (2012, 2013) and 
Gomes et al. (2012) argued that uncertainties in government policies adversely impact 
stock markets via causing more volatilities in portfolios and more correlations among 
financial assets. Caldara and Iacoviello (2022) and Baker et al. (2016) stated that EPU can 
impact the cross-asset correlations of portfolios of different financial assets via its nega-
tive impact on investment decisions. Although the impact of EPU, and other global risk 
factors, on the risk connectedness among the oil–stock nexus, this topic is still rather 
understudied and remains scarce to some extent due to the unreachable clear evidence 
of such impact.

Starting with Kang and Ratti (2015), an increase in EPU in China had led to a less nega-
tive effect on real oil prices and real stock market returns, concluding that volatility in oil 
prices causes a significant rise in China’s EPU but reduces the real stock market returns. 
Another study by You et  al. (2017) indicates that stock returns were highly correlated 
with oil price shocks and China’s EPU. Fang et al. (2018) also reported a significant posi-
tive influence of EPU on the long-run oil–stock correlation. However, when other global 
risk factors (e.g., VIX, OVX and GPR) were used, they found a strong positive impact 
on the correlation except for the monetary policy uncertainty and national security 
uncertainty. Sharif et al. (2020) argued that the effect of the COVID-19 pandemic on the 
geopolitical risk (GPR) was substantially higher than on the US’s EPU. By utilizing the 
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quantile connectedness method, Kamal et al. (2022) pointed out that EPU and GPR had 
a positive impact only on the stock market during extreme uncertain periods.

Using the multivariate quantile VAR approach, Yuan et  al. (2022) argued that when 
the oil market was booming, EPU in China and India had a negative impact on the oil 
returns, whereas EPU in Russia and Brazil had a positive effect. Another study by Wang 
et  al. (2022) reported that GPR and global EPU had a strong impact on the global oil 
market price variabilities. Using a quantile regression approach, Zhao and Wang (2022) 
found a strong impact of EPU and monetary policy uncertainty (MPU) in the US and 
China on the oil–stock correlations. Using a combination of Q-VAR and TVP-VAR 
approaches, Dai and Zhu (2023) found the risk spillovers among EPU, gold, oil and stock 
prices were much higher in extreme market states.

In the context of the wavelet multiple and partial coherency approaches (MWC and 
PWC), the impact of different uncertainty factors on the risk connectedness among 
different asset classes has been rarely examined. Ko and Lee (2015) argued that EPU is 
negatively associated with stock prices, exhibiting low- to high-frequency cycles. Wu 
et al. (2020) pointed out that crude oil is a major driver of co-movement between global 
stock markets in the median and long-term frequencies. Choi (2022) found evidence of 
interdependence between the global GPR and stock market volatilities of China, South 
Korea, and Japan in the short run. However, they found more co-movement between the 
global GPR and volatility of the Korean and Japanese stock market indices when filtering 
out for the Korean’s GPR via the PWC method. Khan et al. (2023) found positive coher-
ence in the oil and Islamic stocks nexus due to the global policy uncertainty. In gen-
eral, they concluded that MWC provided a stronger correlation than PWC in the short, 
medium, and long term.

Mensi et  al. (2023) showed evidence of time–frequency co-movements between the 
developed markets and the emerging BRICS economies with respect to other global 
risk factors at medium and low frequencies. Besides, they claimed that the degree of 
co-movement had increased during the 2008 global financial crisis as well as during 
COVID-19. Alkathery et  al. (2023) reported that all global energy markets are weakly 
and positively correlated with the Gulf Cooperative Council (GCC) energy stock prices 
at lower frequencies. Besides, oil price was a stronger moderator for the GCC energy 
equities at lower frequencies relative to other global factors, especially for Kuwait’s 
energy stock price. Mishra and Debasish (2022) found that the Chinese stock market 
experienced very little shocks in the short run and significant shocks in the long and 
medium run.

Altogether, although the existing studies have examined the impact of economic pol-
icy uncertainties with respect to other global risk factors on the connectedness among 
equity and oil markets, they have reported mixed and unconvincing evidence of such 
impact. The existing literature has mostly focused on the impact of economic uncer-
tainty on price changes and returns, there is a lack of literature examining the effect of 
real economic uncertainty [business condition index (ADS) developed by Aruoba et al. 
(2009)] on the risk connectedness in the oil-equity nexus. Furthermore, one can also 
notice that they have not heavily focused on the effect of the COVID-19 crisis on the 
level of co-movements among global risk factors, and the risk spillover among oil and 
stock prices. Furthermore, although the literature has extensively used the EPU index 
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proposed by Baker et al. (2016), they overlooked the impact of the real economic uncer-
tainty index [the business conditions index (ADS)] with respect to global risk factors 
on risk spillovers. Although the literature has focused on different methodologies, such 
as DCC-GARCH, the structural VAR model, the time-varying copula-GARCH-based 
CoVaR approach, the multivariate ARMA-GARCH approach, and wavelet multireso-
lution analysis, Quantile-VAR, and VAR-GARCH, the wavelet coherencies approaches 
(MWC and PWC) is still under-used in when it comes to the role of ADS on the risk 
transmission among oil and stock markets.

3  Methodology
Time-series analysis is conducted using the novel wavelet analysis, including partial 
wavelet coherency (PWC) and multivariate wavelet coherency (MWC), as suggested by 
Aguiar-Conraria et  al. (2018a, 2018b) and Verona (2020). The PWC is used to exam-
ine for such effects when the influence of economic conditions as well as the economic 
policy uncertainty indices are filtered out. This methodology captures not only the time-
varying information of spillovers but also allows one to estimate the magnitude across 
frequencies in a multivariate setting. PWC helps identify the resulting wavelet coherence 
between two-time series after eliminating the influence of their common dependence. 
Furthermore, PWC estimates the correlation and causal relationship between oil vola-
tility and equity volatility, controlling for the influence of real economic activity. From 
the MWC model, it is possible to infer the wavelet coherence of multiple independents 
(i.e., the oil–stock nexus) on a dependent (i.e., economic conditions or economic policy 
uncertainty).

3.1  Realized volatility

The risk of oil and equity is measured by their realized volatility. The realized volatility is 
measured using the high-frequency (5-min intraday data) of the futures contracts. The 
quadratic variation method of Barndorff-Nielsen and Shephard (2004, 2006) is used to 
calculate the realized volatility of both markets. The existing body of literature widely 
concurs that employing high-frequency data for calculating realized volatility demon-
strates superior performance compared to relying solely on daily returns (e.g., Martens 
2001; Andersen et  al. 2003; Koopman et  al. 2005; Lyócsa, et  al. 2021), and it has sub-
sequently become popular in empirical studies for forecasting the volatility of oil and 
equity returns (e.g., Bollerslev and Zhou 2006; Corsi et al. 2008; Wei 2012; Souček and 
Todorova 2013; Sévi 2014; Luo and Ji 2018; Bonato et al. 2020; Cui et al. 2021a; Grøn-
borg et  al. 2022; Maghyereh et  al. 2022a,b; Cui and Maghyereh 2022, 2023a,b; among 
many others).

Consider a logged price process pt that evolves as a continuous Brownian motion:

where µs is a predictable drift and locally bounded, σs is the continuous part of volatility, 
and Ws is a standard Brownian motion. If we sample M intraday observations for T  days, 

(1)pt =

T
∫

0

µsds +

T
∫

0

σsdW s
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then over a fixed time span T  we have MT  observations and the realized volatility (RV ) 
at time t is defined as

3.2  Wavelet methods

In this paper, we apply two wavelet-based techniques: PWC and MWC, as recently sug-
gested by Aguiar-Conraria et al. et al. (2018a, 2018b) and Verona (2020). While MWC is 
useful for determining the coherence of multiple independent variables on the depend-
ent variable, PWC can help to identify the wavelet coherence after removing the power 
of common dependence between two time series on the dependent variable.

Let xt1, xt2 , and yt be three-time series representing the realized volatility, respec-
tively, and s refers to the smoothing operator on the cross-spectrum for both time and 
of oil, the realized volatility of equity, and the real economy/uncertainty proxies, respec-
tively. The wavelet transformations of these time series are correspondingly defined as 
W

x1
t (s),W

x2
t (s), andW

y
t (s) , respectively, and s refers to the smoothing operator on the 

cross-spectrums for both time and frequency. Smoothing can be attained by complex-
ity over time and scale, represented by s(w) = sscale(stime(w(s)) , where sscale and stime are 
smoothing on the wavelet scale axis and time, respectively. The cross-wavelet spectrum 
is correspondingly defined as Wx1x2

t  , Wyx1
t  , and Wyx2

t  . According to Aguiar-Conraria et al. 
(2018a, 2018b) and Verona (2020), the PWC squared between xt1andxt2 , after control-
ling for the third series yt , can be defined as follows:

where Rxt1,xt2 is the wavelet coherency of xt1 and xt2 given by Rxt1,xt2 =

∣

∣S(Wxt1,xt2)
∣

∣/
[

S

(

∣

∣Wxt1

∣

∣

2
S
∣

∣Wxt2

∣

∣

2
)]0.5

.

A similar interpretation to squared wavelet coherency R2
xt1xt2

 , the squared PWC coef-
ficient R2

xt1xt2.yt
 would satisfy 0≤ R2

xt1xt2.yt
≤ 1 in the time–frequency space. A low level of 

R2
xt1xt2.yt

 at a high level of R2
xt1xt2

 implies that series xt1 has a no significant power (impact) 
on series xt2 and time series yt dominates the variance of xt2.

To extend and refine our results, we apply the squared MWC analysis. The MWC 
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Finally, since the theoretic distribution of the PWC and MWC coefficients is 
unknown, the statistical significance level of both analyses is estimated using Monte 
Carlo simulations.

4  Empirical findings
4.1  Data and preliminary analysis

The data cover two markets: the US equity market and the oil market. To measure the 
realized volatility for both markets, we use the intraday transaction prices of the futures 
contracts rather than the spot prices of the underlying assets. To represent US equity, we 
obtain the S&P 500 E-Mini Futures contract listed on the CME.2 The oil market is repre-
sented by the oil 3-month futures traded on NYMEX, which control the future price per 
1000 barrels of WTI crude oil.

The 5-min prices from the traded 3-month futures contracts are extracted using the 
last tick method. In particular, if the intraday price is not available at the 5-min time 
stamp, we use the last observed price. Near the maturity of each contract, we roll for-
ward and extend the time series using the prices of the next 3-month traded contract. 
The continuous record of the transaction prices of the futures contracts on the two 
markets is obtained from Olsen Financial Technologies. From the continuous record, 
we compute the intraday returns and then the daily realized volatilities. The sample of 
daily volatility under study spans the period from January 2, 2007, to December 22, 2020, 
giving a total of 1087 days. For all days on which there are no prices (i.e., holidays), we 
assume that the previous day’s volatility has not changed.

We use the ADS index of business conditions, proposed by Aruoba et  al. (2009), as 
a proxy for the real economy of the United States. The index is designed to track real 
business conditions at a daily frequency. It is constructed from the (seasonally adjusted) 
high- and low-frequency blending of 50 economic indicators.3 The daily data for the 
ADS index are obtained from the Federal Reserve of Philadelphia.4 A number of recent 
studies have used this index, including Uluceviz and Yilmaz (2021) and Barunik et  al. 
(2021).

For uncertainty proxies, we use the Baker et  al. (2016) economic policy uncertainty 
(EPU) index and the Caldara and Iacoviello (2022) geopolitical risk (GPR) index. Both of 
these are available from the Federal Reserve Bank of St. Louis. The EPU index is derived 
from textual data in the form of news articles and media coverage of policy-related eco-
nomic uncertainty.5 The GPR index is derived from automated text-search results that 
count the occurrence of words related to geopolitical tensions in leading international 
newspapers.6

2 An index point move on the S&P500 contract represents $250 profit and loss. The exposure to this contract is 250 
times the index. This index is more liquid than traditional S&P500 futures contract.
3 The ADS index measures the state of the economy; a progressively higher positive value indicates that current real 
business conditions are progressively better than average conditions, whereas a progressively higher negative value indi-
cates that real business conditions are progressively worse than average conditions.
4 https:// www. phila delph iafed. org/ surve ys- and- data/ real- time- data- resea rch/ ads.
5 Detailed information about the calculation of the EPU is available at www. polic yunce rtani ty. com and in the work of 
Baker et al. (2016).
6 For details about the calculation of the GPR, see the work of Caldara and Iacoviello (2022).

https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/ads
http://www.policyuncertanity.com
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Figure 1 plots the daily evolution of each variable over the sample period. All the 
series show positive and significant return shocks, particularly during the COVID-
19 crisis. The exception is ADS, which has more high shocks in relation to negative 
returns than positive shocks. This indicates that the COVID-19 pandemic played a 
significant role in the behavior of all the series. Table 1 gives the summary descriptive 
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Fig. 1 Time series plot of daily data. The top two figures display the daily realized volatility of oil (OV) and 
equity (EV) estimated using high‑frequency data from futures contracts, with a resolution of 5‑min intervals. 
The bottom figures illustrate the daily business conditions index (ADS) proposed by Aruoba et al. (2009), the 
economic policy uncertainty index (EPU) developed by Baker et al. (2016), and the geopolitical risk index 
(GPR) introduced by Caldara and Iacoviello (2022)

Table 1 Descriptive statistics

OV realized volatility of crude oil, EV realized volatility of equity, ADS Arouba–Diebold–Scotti index of business conditions, 
EPU economic policy uncertainty index, GPR geopolitical risk index
*** Indicates significant 1% level

OV EV ADS EPU GPR

Mean 9.05E−04 4.46E−05 − 0.6328 167.0736 89.6235

Median 2.81E−04 6.42E−06 − 0.1860 115.0700 83.5358

Maximum 2.13E−02 2.00E−03 9.0799 861.1000 420.2932

Minimum 2.35E−07 0.0000 − 26.6504 4.0500 6.8074

Std. Dev 2.66E−03 1.61E−04 5.2141 138.5362 44.6327

Skewness 5.5261 7.8518 − 3.1545 1.8224 1.4660

Kurtosis 34.8817 76.5461 15.6965 6.3413 8.6619

Jarque–Bera 51568.8*** 256153.1*** 9103.8*** 1107.4*** 1841.3***
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statistics. Almost all of the series show positive mean values, and ADS is the only 
variable with a negative mean value and negative skewness. EPU has the lightest 
standard deviation, while equity volatility (EV) has the lowest standard deviation and 
the highest kurtosis value. We note that all of our series show significant evidence of 
non-normality.

Figure 2 shows a 360-day rolling correlation between realized volatilities in the two 
markets [oil (OV) and equity (EV)] at different lag lengths. The figure shows a bivari-
ate of both the direction and strength of correlation between variables over time. 
The direction of correlation among these variables is mostly positive over the sample 
period, including during the early stages of the COVID-19 pandemic period, except 
in some cases where the correlation was negative and weak (e.g., in the first part of 
2018 and around the middle of 2019). The strong positive correlations among of oil 
and equity volatilities indicate that shocks of both assets move in the same direction, 
which can be considered disadvantages to investors who always attempt to diversity 
of the risk of their portfolios via allocating assets with weak and negative correlations 
in their portfolios. In general and in normal markets conditions, investors in the US 
market can trade-off between oil and equity, to reduce investment weight in one of 
these assets, or substitute one another, obtain the optimal risk-return profile. Our 
results are consistent with the findings of Cui et  al. (2021a, b), Mensi et  al. (2022), 
Younis et al. (2023) and Escribano et al. (2022) who argued that correlation between 
crude oil and international equity markets increased widely in normal and crises 
conditions, but contradict the findings of Razmi and Razmi (2023) who pointed out 
that the US stock market lost its significant influence on the crude oil market after 
COVID-19.

However, it seems that the US investors were advantageous when investing in both 
assets at once during the 2018–2019 US–China trade war due to the negative cor-
relation among oil and equity markets. Given the US is considered as an oil producer 
and at the same time a heavy importer of oil and has highly developed stock markets, 
whereas China is mostly a crude oil importer with emerging stock markets, the US 
investors could be given the opportunities to efficiently trade-off between crude oil 
and stocks when allocating their assets for profitable investments. Thus, due to the 
global pressure placed on oil and stock prices during 2018 and 2019, in some cases 

Fig. 2 Rolling window correlation. This figure presents 365‑day rolling correlation at different lags length 
between realized volatility of oil (OV) and equity (EV)
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the correlation between both assets turned to be negative and weak, allowing inves-
tors to use both assets as hedgers to portfolio risk.

We also see evidence of a strong correlation among the subject variables from the 
beginning of the COVID-19 crisis (confirmed as a health crisis by the World Health 
Organization in March 2020) up to June 2020. From that point on, which saw an 
increase in the number of people around the world vaccinated against COVID-19, the 
correlation remained positive and strong. However, the correlation later dropped sig-
nificantly, with a noticeable difference between the level of correlation of lag = 3 and 
the level of correlation of lags = 1 and 2. This indicates that the shocks caused by the 
crisis following the introduction of the vaccine had a slower effect on the volatilities 
in comparison to the early stages of the crisis. The interpretation of the strong posi-
tive correlation in the first stage of the COVID-19 crisis is that people were subject of 
fear and anxiety during the crises where the epidemic trend refused to smooth out. 
The coronavirus sharply increased spread generating in a substantial number of death 
cases around the globe, where the total number of death cases suddenly increased 
from 17 to around 4700 cases within January 2020 and then to around 6,500,600 cases 
in the mid of March 2020 (the day of confirming coronavirus as a pandemic).

Furthermore, the reaction of the global healthcare system to COVID-19 was very weak 
due to being entirely overwhelmed by the infected cases. During COVID-19, people 
were required to reside at home (and do their work duties from home) with very lim-
ited social interactions. People around the globe were cautious about spread of the virus 
because they were unable to pay for healthcare services. They were also facing a deliber-
ate suspension of normal healthcare procedures, a less care for COVID-19 patients, and 
the general lockdown of the healthcare services that prevent hospitals from providing 
the normal service provision. All these negative consequences caused a higher pressure 
in all markets, particularly the crude oil and stock markets. The impact of COVID-19 led 
to a sharp increase in the price volatilities of many assets including crude oil and stocks, 
where in some dates crude oil prices dropped to below than zero during the pandemic 
period.

However, when the coronavirus vaccination was introduced at a later time, investors 
seemed to start re-gaining their confidence in both markets (equity and crude oil) where 
prices of crude oil and stocks were started to recover, leading to a large reduction in the 
correlation among both markets. Our results are confirmed by the findings of Cui et al. 
(2021a, b) and Mensi et al. (2022) who stated that global crises, such as, GFC, the 2014 
oil price collapse and COVID-19 had greatly contributed to the increase in correlation 
between oil and equity markets. To conclude, the correlation among oil and equity vola-
tility behave differently across the sample periods, especially within periods of trade ten-
sion and health crises, supporting the possibility of the presence correlation waves and 
the use of wavelet coherence analysis.

To investigate the stationarity of our series, we apply four conventional unit root tests. 
The outputs of the stationarity tests are presented in Table  2. The results reveal that 
our series are all stationary at I(0). Further, we investigate the stationary of our series 
using the wavelet-based Fourier ADF (WADF) unit root test recently proposed by Aydin 
(2019) and Aydin and Pata (2020). Table  3 reports the results of the WADF test and 
shows that, for all the time series, we are unable to reject the null hypothesis of a unit 
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Table 2 Conventional unit root tests

ADF augmented Dickey‑Fuller test with null hypothesis that a unit root is present, PP Phillips‑Perron test with null hypothesis 
that a unit root is present, KPSS Kwiatkowski–Phillips–Schmidt–Shin test with null hypothesis of stationary around a 
deterministic trend, DF-GLS Elliott‑Rothenberg‑Stock test with the null hypothesis of a unit root against the alternative of 
stationarity. The optimal lag lengths (p) were selected automatically using the SIC
* ,**, and *** denote the significant levels at 10%, 5%, and 1%, respectively

ADF PP KPSS DF-GLS

OV − 4.2866*** − 9.4769*** 0.5720 0.4937

EV − 5.2893*** − 23.0522*** 0.0965 0.7417

ADS − 3.6788*** − 3.0951** 0.1051 1.0564

EPU − 2.9261** − 8.3792*** 0.0780 1.8874

GPR − 5.8253*** − 25.2106*** 0.3788* 0.5795

Table 3 Wavelet‑based Fourier ADF unit root test

The optimal lag lengths (p) were selected automatically using the SIC. k indicates the frequency of the Fourier term. %1, %5, 
and %10 critical values of t‑statistics are 2.85, 2.01, and 1.60, respectively. All critical values were obtained using Monte Carlo 
Simulation with 250 observations and 10,000 replications and k = 1, 2, 3, 4, 5
* ,**, and *** denote the significant levels at 10%, 5%, and 1%, respectively

Test statistics t-statistics k p

OV − 5.2134 − 2.8602*** 1 2

EV − 6.5952 − 2.8762*** 3 2

ADS − 7.1965 − 3.1538*** 2 7

EPU − 4.9619 − 2.6509** 3 5

GPR − 3.8291 − 2.0825** 1 6

Fig. 3 Wavelet power spectrums (WPS) of the time series. The hotter colors such as yellow and red 
correspond to higher volatility level, and colder colors such as green and blue correspond to lower volatility 
level. A contours black line represents statistically significant areas at 5% level, where the significance values 
are generated through Monte Carlo simulations
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root, even after accounting for the influence of nonlinear factors. This confirms that the 
adoption of wavelet analysis is more appropriate than the use of regression-based econo-
metric methods.

In Fig.  3, we plot the wavelet power spectrums (WPS) of each time series. In these 
charts (as well as in the coherency in the following section), the horizontal axis repre-
sents time, and the vertical axis reports period frequency (in days). The warm/hot colors 
(yellow and red) correspond to higher variability accumulation and coherency level, the 
colder colors (green and blue) correspond to lower variability accumulation and coher-
ency level, and the white lines indicate the local maxima of the WPS. The significance 
level of the WPS at 5% against red noise is represented by the contours of the black line. 
We see both OV and EV, as well as GPR, exhibit statistically significant high levels of 
local variability, with a frequency range of less than 16 days, which corresponds to the 
entire first wave of COVID-19 from March 15 to June 30. Similarly, the WPS of ADS 
and EPU was high and statistically significant, with a frequency of 32–128 days between 
the period of the first wave of COVID-19 and around October 2020. This indicates that 
difference in the degree of coherencies across the variability of the subject variables at 
lower and higher frequencies is present even within the COVID-19 crisis wave.

4.2  Wavelet analysis

This section presents the results of partial and multiple wavelet analyses. The left side 
of Fig. 4 shows the MWC of the volatility oil–stock nexus and the ADS, EUP, and GPR 
indices. The MWC represents the combined impact of the OV and each of the ADS, 

Fig. 4 Multiple wavelet coherence (MWC) and partial wavelet coherence (PWC). The figure plots the multiple 
wavelet coherence (left graph)) and partial wavelet coherence (right graph) between the oil and equity 
volatilities. The hotter colors such as yellow and red correspond to higher coherence, and colder colors such 
as green and blue correspond to lower coherence. A contours black line represents statistically significant 
areas at 5% level, where the significance values are generated through Monte Carlo simulations
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EUP, and GPR indices on equity volatility. In general, in the first wave of the period, the 
MWC graphs (a.1, b.1, and c.1) show higher coherencies for the combined impact of the 
OV and each of the ADS, EPU, and GPR indices on EV in the short run (at a lower fre-
quency of 1–16 days). However, the intensity of coherencies is different across indices, as 
the combined impact of the OV and each of EPU and GPR on EV is more intense than 
the cone of coherency for the combined impact of the OV and ADS on EV. This due to 
the serious impact of the COVID-19 pandemic on GPR which was largely higher than 
on the US’s EPU and ADS, confirming the findings of Sharif et al. (2020) and Kamal et al. 
(2022). We also notice higher coherency at the top left of the ADS and GPR graphs for 
the period between the end of 2017 and 2018, which reflects the serious political and 
trade tensions between the US and North Korea at the time, as well as the US–China 
trade war. This is can be interpreted as that ADS and GPR had a quicker and a higher 
impact of the transmission among oil and stocks in the short run in periods of trade and 
political tensions compared to the impact of the US’s EPU which had a higher impact in 
the period of health crisis. This is due to that ADS has the ability to track the daily real 
business conditions, is highly liquid compared to futures contracts and is constructed 
from the (seasonally adjusted) high- and low-frequency blending of 50 economic indica-
tors. One reason for the quicker impact of ADS relates the federal government’s attempt 
to report on regulatory activities and speed up regulatory approvals for businesses and 
the other relates to the financial compensations offered to businesses due to devastating 
cyclones and their followed geopolitical and geographical disasters between 2017 and 
2019. Furthermore, given the US geopolitical tension and increasing public policy dis-
putes in the US, GRP seems to be highly correlated with the risk transmission of the 
oil–stock nexus more than EPU at lower frequencies.

In the medium and high range of frequencies (from more than 16 to 256), we see 
strong coherency in the period of the health crisis for the combined impact of OV and 
all the uncertainty indices on EV. This strong MWC is found from the beginning of 2019 
until the end of October 2020, which is consistent not only with the severe effects of the 
COVID-19 pandemic but also with the other economic and trade conflicts across the 
globe, especially between China and the US, the two largest economies. Other causes 
underlying the high sensitivity (coherencies) are the multiple tropical cyclones in the US 
and the US presidential election. At frequencies in the long run (more than 128 days), 
we notice that coherency remains strong for the whole sample period, but that the level 
of coherency increases during the COVID-19 pandemic, from the beginning of 2020 
until October 2020. In the long run, therefore, there is strong evidence that MWC is 
driven not only by transitory short-term shocks but also by fundamental factors. Our 
results are consistent with the findings of Choi (2022), who reported strong coheren-
cies between GRP and stock market volatility in East Asian countries. The COVID-19 
pandemic caused major negative consequences to the global community which had led 
all the US risk factors to greatly correlate with the risk transmission among crude oil 
and stock prices in the long run. The negative consequences are the temporary lock-
down of business daily actions, work from home with very limited social contacts and 
reduction in employees’ income. In some cases, people were also encountering deliber-
ate suspensions of healthcare from obtaining the normal service provision, particularly 
for COVID-19 infected individuals.
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The right side of Fig. 4 shows the PWC between the volatility oil–stock nexus of each 
of the ADS, EUP, and GPR indices in graph form (a.2, b.2, and c.2, respectively). The 
PWC represents the wavelet coherence between OV and EV after filtering out the effect 
of each on the real economic uncertainty variable. The PWC between the risk connect-
edness oil–stock nexus conditional to the ADS index is shown in (a.2), conditional to 
EPU in (b.2) and conditional to GRP in (c.2).

Although the PWC is strong and significant for the entire sample period up to fre-
quencies of 16 days, its intensity increases in comparison to the MWC for all the graphs 
in Fig. 4. This means that using one of the real economic uncertainty indices while filter-
ing out the effect of the other two indices leads to a slight increase in the wavelet coher-
encies at low frequencies. However, at medium term (frequencies of 16–64 days), we see 
different results for PWC across the sample period. The results of PWC for the oil–stock 
volatility conditional on ADS (as in a.2) exhibit greater coherence during the COVID-
19 crisis. However, although the PWC for the oil–stock volatility conditional on ADS 
increases in the long run (frequencies of 64–256), isolating EPU and GRP reduces the 
magnitude of PWC in the long term to less than those reported in MWC.

The results of PWC conditional only on the effect of EPU (as in 2.b) show a decrease 
in coherency in the medium term at frequencies of 64–128 days, and the level of coher-
ency varies over the sample period. In the long-run, we notice a significant decrease in 
the partial coherencies after controlling only for the effect of EPU at the second stage of 
the COVID-19 crisis (mid 2019 until October 2020). However, during the first wave of 
the crisis, the PWC clearly increased at higher frequencies (greater than 128 days). Thus, 
the isolation of the effects of ADS and GRP led to a change in the PWC results during 
the COVID-19 crisis. The decrease in the PWC during 2019 and 2020 is also caused by 
filtering out the effects of ADS and GRP.

When the effect of GRP is included (after removing the effects of ADS and EPU), 
our results reveal that the PWC between the OV and EV significantly decreases in 
both the medium term (at frequencies less than 64  days) as well as the long term (at 
frequencies greater than 64 days) for the entire sample period, including the COVID-
19 crisis. Therefore, our results are conditional only on the effect of GRP, which gives a 
significantly lower partial wavelet coherency during the health crisis in comparison to 
MWC. This shows that ADS and EPU had a big impact on the increase in the intensity 
of PWC during the crisis. This suggests that the PWC is caused by more than just the 
COVID-19 effect, such as by the real economic uncertainty indices. The most influen-
tial uncertainties during the health crisis are the risk of business conditions and the US 
economic policy uncertainty. During the crisis period, increased uncertainties related to 
business conditions and economic factors led to higher risk aversion among investors. 
This heightened risk aversion, in turn, resulted in increased volatility in both the oil and 
stock markets. The higher volatility in these markets, stemming from the uncertainties, 
enhanced the coherence between the volatility of the oil–stock nexus. Our results are in-
line with the findings of Mensi et al. (2023), Wnag et al. (2022), Yuan et al. (2022), Khan 
et al. (2023) and Choi (2022).
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4.3  Robustness check

To check the robustness of our findings we perform bivariate wavelet coherence (WTC). 
This method estimates the wavelet coherence between the volatility oil–stock nexus 
without filtering out the effect of the real economic uncertainty. In brief, let xt and yt be 
two time series that reflect the realized volatility of oil and realized volatility of stock, 
respectively. The wavelet transformation of these time-series is correspondingly defined 
as Wx

t (s), andW
y
t (s) , respectively. Then the wavelet coherence squared between xt and yt 

can be defined as follows (See, for instance, Maghyereh et al., et al. (2020), Maghyereh 
and Abdoh (2021), Kartal et  al. (2023), and Cui and Maghyereh (2023a,b) for further 
technical details):

The squared wavelet coherence coefficient R2
xtyt

 is ranged between 0 and 1 (with 1 rep-
resenting the highest coherence). The statistical significance of WTC is calculated using 
Monte Carlo simulations.

Figure 5 plots the WTC among the two variables. We notice significant risk connect-
edness in the oil–stock nexus in the medium run (16–64-week cycles), which becomes 
stronger around turbulence episodes. These findings confirm the results from the MWC 
shown in Fig. 4. As in the previous results, volatility transmission between oil and equi-
ties increased significantly and was much higher than PWC, thereby confirming the 
prior findings that real economic uncertainty is a crucial factor driving the risk connect-
edness among stock markets and the oil market.

5  Conclusion
The paper contributed to the time–frequency domain by examining the impact of real 
economic uncertainty on the risk connectedness among oil and stock prices during the 
COVID-19 pandemic period, using the multiple and the partial wavelet coherence anal-
yses. The wavelet methods allow to isolate the effect of different global risk indices (such 

(5)R2
xt ,yt =

∣

∣S
(

Wxt ,yt

)∣

∣

2

S
(

∣

∣Wxt

∣

∣

2
S
∣

∣Wyt

∣

∣

2
)

Fig. 5 Bivariate wavelet coherence (WTC). The figure plots the bivariate wavelet coherence (WTC) between 
the oil and equity volatilities. The hotter colors such as yellow and red correspond to higher coherence, 
and colder colors such as green and blue correspond to lower coherence. A contours black line represents 
statistically significant areas at 5% level, where the significance values are generated through Monte Carlo 
simulations
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as the US economic uncertainty index (EPU), the crude oil volatility index (OVX) and 
the geopolitical risk index (GPR)) on the level of risk connectedness. Our analysis found 
that the real economic uncertainty has strong multiple and partial wavelet coherencies 
on the risk connectedness in the equity–oil nexus during the COVID-19 crisis. Although 
strong evidence of multiple wavelet coherencies was detected during the health crisis, 
different results were found for the partial wavelet coherencies analysis. Conditional 
to each uncertainty indices individually, we found significant and higher PWC at lower 
frequencies in the entire sample period, but the intensity of PWC became lesser at the 
medium frequencies with an evidence during the crisis. However, conditional to of the 
effect of ADS, PWC increased at higher frequencies during the crisis.

Overall, our findings provide some interesting and useful recommendations for inves-
tors, regulatory authorities, and policymakers. For investors, the strong coherencies 
between real economic uncertainty and risk connectedness in the equity–oil nexus 
during the COVID-19 crisis suggest that investors should carefully consider economic 
uncertainty indicators when making investment decisions. Monitoring and analyz-
ing these indicators can provide valuable insights into the interconnectedness of risks 
and help investors anticipate and navigate market fluctuations more effectively. During 
periods of high uncertainty, investors can hedge the unsystematic risk of their invest-
ments, by hold more stocks that are not highly influenced by oil prices. For regulatory 
authorities and policymakers, the strengthening regulations related to market surveil-
lance, risk assessment, and disclosure requirements can enhance market transparency 
and resilience, particularly during times of crisis. Furthermore, the increase coherencies 
at higher frequencies during the crisis, conditional on the effect of business conditions, 
suggests the importance of implementing timely crisis-specific interventions that foster-
ing investor confidence and ensuring stable economic indicators to manage short-term 
risks and support market resilience.
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