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Connectedness between crude oil and US equities: The impact of COVID-19 pandemic 

 

Abstract  

In this paper, we exploit multifractal detrended cross-correlation analysis (MF-DCCA) to 

investigate the impact of COVID-19 pandemic on the cross-correlations between oil and US equity 

market (as represented by the S&P 500 index). First, we examine the detrended moving average 

cross-correlation coefficient between oil and S&P 500 returns before and during the COVID-19 

pandemic. The correlation analysis shows that US stock markets became more correlated with oil 

during the pandemic in the long term. Second, we find that the pandemic has caused an increase 

in the long range cross correlations over the small fluctuations. Third, the MF-DCCA method 

shows that the pandemic caused an increase of multifractality in cross-correlations between the 

two markets. In sum, the pandemic caused a closer correlation between oil and US equity in the 

long range and a deeper dynamical connection between oil and US equity markets as indicated by 

the multifractality tests.  

 

 

Keywords: COVID-19 Pandemic; Oil; US Equity; Multifractaity; Cross-correlations; 
Connectedness  
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1. Introduction  

 

 Since the start of COVID–19 virus in Wuhan in December 2019, the virus caused global health 

crises with 9,005,326 people infected and 468,712 deaths in 215 countries and territories as of June 

21, 2020 (Worldometer Data Tracker (WDT), 2020). Governments imposed quarantine, isolation 

and social distancing which led to enormous economic repercussions.1 For example, The US 

unemployment rate increased 3.6% in January 2020 to 14.7 percent in April, the highest level since 

the Great Depression (Washington post report, 2020).2  Many researchers responded to the need 

to investigate the outcome of the pandemic on economy and stock markets. S&P 500 index price 

declined almost 31% from $3,240.09 on December 30, 2019 to $2,237.4 on March 23, 2020. 

According to Global Energy Review (2020), countries with full and partial lockdown witnessed 

on average a decline in energy demand by 25% and 18% per week, respectively. The West Texas 

Intermediate (WTI) oil experienced a fall by around 20% two months following the start of the 

COVID-19 epidemic in Wuhan city.  

 Despite the quickly growing studies that examine the impact of COVID-19 on S&P 500 (e.g., 

Gormsen and Koijen, 2020; Yilmazkuday, 2020; Baker et al., 2020; Cheng and Yen, 2020) and oil 

(e.g. Bakas and Triantafyllou, 2020; Sharif et al., 2020), our study is the first to examine the cross-

correlations and connectedness between oil and US equity during the pandemic. Also, this study 

is the first to examine the multifractality of oil and US equity returns during the pandemic. 

Specifically, we apply the multifractal detrended cross-correlation analysis (MF-DCCA) and the 

enhanced dynamic connectedness measure of Antonakakis et al., (2020) for analyzing the 

 
1 Well over 100 countries worldwide had instituted either a full or partial lockdown by the end of March 2020, Dunfor 
et al., (2020). https://www.bbc.com/news/world-52103747. 
2 The report can be accessed on this website: https://www.washingtonpost.com/business/2020/05/08/april-2020-jobs-
report/) 
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connectedness and cross-correlations between oil and US equity markets during the pandemic. The 

first measure allows examining the long-range correlation and the complexity of the relation 

between the two markets. Specifically, MF-DCCA can deduct long-range correlation taking into 

account the multifractality between financial time series. Multifractality in time series can be 

attributed to long-range temporal correlations or to the fat-tailed probability distributions of 

variations (Kantelhardt et al., 2002; and Zhou, 2008). The second measure is more flexible than 

Diebold and Yılmaz (2014) approach because no rolling-window analysis is required, thus 

preserving the loss of observations from calculating the measure. Moreover, we do not need to 

arbitrarily set the rolling-window size.  

 This study focuses on the US market for two main reasons. First, crises in US market and their 

associated volatility and return outcome can be transmitted to other markets and sectors (see for 

example, Bekaert et al., 2014; Syriopoulos et al., 2015). Hence, our analysis of the influence of 

COVID-19 on the correlation between oil and US market sheds light on the correlation between 

oil and other stock markets. Second, the pandemic has caused the largest spread in terms of 

reported cases and deaths in United States, thereby studying the US markets provide 

unprecedented event for the correlation between oil and stock market returns.  

 Throughout our study, we  compare between the period before the emergence of COVID-19 

(January 1st, 2019 to December 31, 2019) and the period during the emergence of COVID-19 

(January 1st, 2020 to October 30th, 2020) documenting the following findings. First, the detrended 

moving average cross-correlation between oil and S&P 500 increases in the long term during the 

pandemic. Second, the small (rather than large) fluctuations of long range cross correlation 

increases during the pandemic indicating more consistency in the long correlations between oil 

and US equity market. Third, the multifractality in cross-correlations between the two markets has 
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increased during the pandemic mainly due to the fat-tail distributions. Overall, the findings reveal 

that US stock markets are now more exposed to oil price fluctuation in the long term than before 

the pandemic.  

 In addition, using the dynamic connectedness measure of Antonakakis et al., (2020), we 

document the following two findings. First, during the early period of pandemic, the connectedness 

decreased steadily reaching a minimum value of approximately 7.5% during February 2020. From 

that time, the trend reversed and started to increase upward reaching a maximum value of 25% 

during March of the same year. However, the connectedness measure decreased again reaching a 

lower level than observed before the pandemic. Second, we find that oil is a net transmitter of 

shocks to the forecast error variance of S&P 500 during March, April and May, 2020 whereas S&P 

500 is a net transmitter to oil during the early period of the pandemic (January and February, 2020).  

 Our findings can offer practical implications to policy makers and investment practitioners. 

First, it is more complicated to predict the performance of S&P 500 index based on oil during the 

pandemic due to high multifractality (complexity). Nevertheless, it is less difficult to predict the 

S&P 500 performance during the long term horizon given the increase in long term cross-

correlations between oil and S&P 500. Second, our findings confirm that modelling the 

dependence between oil and US equity may require using nonlinear (multifractal) econometric 

technique during the pandemic. Moreover, describing the dynamics of the cross-correlations 

during the pandemic require separating the short-term connectedness from the long term one. 

Third, investors who have allocations in stocks which are sensitive to oil price should not hold 

portfolio containing these stocks with fixed weight as the correlation and its multifractality 

fluctuate over time ( i.e. short versus long terms). Finally, the emergence of S&P 500 (oil) as a net 

transmitters during early (later) sample period of pandemic is a crucial finding from a dynamic (or 
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time-varying) portfolio diversification standpoint because mitigating portfolio investment risk 

should focus on the asset that distributes risk to the other asset.   

 The rest of the paper is organized as follows. The next section includes a brief review of the 

related literature. Section 3 describes the methodology. Section 4 describes the data and descriptive 

statistics. Section 5 provides the empirical analysis. Finally, Section 6 concludes. 

2. Related Literature  

 In this section, we summarize the main findings of studies relating to the impact of COVID-

19 on stock markets (mainly the S&P 500 index) and oil, and the dependence between oil and 

stock markets using multifractal detrended cross-correlation analysis (MF-DCCA). 

 Onali (2020) examines the effect of COVID-19 cases and deaths on the conditional mean and 

volatility of the Dow Jones and S&P500, finding that the pandemic affects the volatility but not   

the stock returns once changes in conditional volatility are controlled. Gormsen and Koijen (2020) 

examine how the COVID-19 revised dividend growth expectations in the US. They find that 

investors revised growth expectations down by 40% from the expected growth on the three-year 

horizon of around 18%. Also, they argue that drop in the stock market is also likely to be driven 

by an increase in discount rates. Yilmazkuday (2020) finds that an increase in cumulative daily 

COVID-19 cases by one percent leads to a decrease in cumulative  daily (monthly) S&P 500 Index 

by about .01 (.03)  percent, respectively, where the reduction is mainly observed in march 2020. 

Baker et al., (2020) find that the daily US stock market (as represented by the S&P 500 index) 

experienced 18 market jumps out from 22 trading days, more than any period with the same 

number of trading, for the time period spanning from 24 February to 24 March 2020. Their findings 

are mainly caused by the COVID19 pandemic and its related government policy responses of 

restrictions on commercial (i.e. service) activity and social distancing.  
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 There also a few studies investigating the effect of COVID-19 pandemic on oil price volatility. 

Using wavelet coherence, Sharif et al., (2020) examine the connectedness between the COVID-

19, economic policy uncertainty, US stock market and crude oil prices. Their findings document 

that oil is the main source of systematic risk for the US stock market. In particular, oil price leads 

the US stock market over the 4 to 8-days frequency bands and the coherence between oil and US 

COVID-19 is high over the 16-days frequency band during the a sample period from January, 21, 

2020 to March, 30, 2020. Albulescu (2020) studies the impact of COVID-19 new infection cases 

on oil prices, whilst controlling for the role of US economic policy uncertainty and financial 

volatility during the period from January 21– March 9, 2020. Using Autoregressive Distributed 

Lag Regression method, he finds that the new COVID-19 daily cases exert a marginal negative 

impact on the crude oil prices in the long run. 

 Bakas and Triantafyllou (2020) applied a multivariate VAR model to analyze the response of 

oil and gold commodity volatility to the uncertainty shock caused by the COVID-19 pandemic. In 

contrast to the above studies, they show that oil volatility response to the pandemic is negative. 

The main explanation resides on less uncertainty caused by the low aggregate demand and supply 

levels during the pandemic.3 This is against the findings of the positive response of US equity 

market volatility to the pandemic (as detailed earlier). Given the opposing effect of COVID-19 

pandemic on oil and equity market, this study fills the gap by identifying the cross correlation 

between oil and US equity during the pandemic. So it is in this context that we use dynamic 

detrended correlation and multifractility tests to unveil the dynamic relation between these two 

markets during the pandemic.   

 
3  The pandemic uncertainty creates a higher elasticity of oil aggregate demand and supply and the equilibrium level 
is adjusted more by quantities rather than oil price. As such, oil price fluctuations (or oil volatility) decreases during 
the pandemic.  
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 Ferreira et al., apply the detrended cross-correlation to examine the relation between oil price 

and twenty different stock markets. Their results show an increase in correlations during the 2008 

global financial crises. Ramirez et al., (2008) and Wang et al., (2011) were earlier studies that 

applied the detrended fluctuation analysis (DFA) in order to detect the long-range correlations in 

time as it has the advantage of dealing with short time size series. Kantelhardt et al., (2002) 

proposed a multifractal characterization into the DFA and hence created method called MF-DFA 

that can determine the multifractal scaling behavior in financial markets. Zhou (2008) extends the 

detrended cross-correlation analysis to multifractal method (MF-DCCA) to study the long-rang 

power-law cross-correlation of two non-stationary time series.   

 Ma et al., (2013) applied MF-DCCA to examine the cross-correlation relationship between 

crude oil and the stock markets of the BRIC countries finding a multifractal properties especially 

in the short term. Yang et al., (2016) compared between the MF-DCCA and vector auto-regression 

(VAR) model to investigate the cross-correlations and multifractality between oil and ten sectors 

of the Chinese market. They conclude that the VAR model cannot express dynamics of the cross-

correlations between oil and financial market. Accordingly, it is crucial that we use the MF-DCCA 

method to examine the complicated statistical correlations between oil and S&P 500 during the 

COVID-19 pandemic. 

 
3. Methodology 

 

3.1 MF-DCCA approach 

 In this paper, we apply the MF-DCCA approach to analyze how COVID-19 changes the 

correlations between oil price and US equities. This procedure was first proposed by Zhou (2008) 

to investigate the correlation and multifractal characteristics of two series. The method combines 
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between multifractal detrended fluctuation analysis (MF-DFA) suggested by Kantelhardt et al., 

(2002) and the detrended cross-correlation analysis (DCCA) method proposed by Podobnik and 

Stanley (2008). We describe the MF-DCCA in the following sections.  

 Assume that 𝑥(𝑖) and 𝑦(𝑖) are two time series which have the same length 𝑁, where 𝑖 =1, … , 𝑁.4 We first obtain the cumulative deviation of the two time series as follows 

𝑋(𝑖) = ∑(𝑥𝑘−�̅�)𝑡
𝑘=1 ,       𝑌(𝑖) = ∑(𝑦𝑘−�̅�)              𝑖 = 1, … , 𝑁                          (1)𝑡

𝑘=1   
where �̅� and �̅� are the means of the two time series, respectively. The cumulative deviation series 𝑋(𝑡) and 𝑌(𝑡) are then divided into 𝑁𝑠 ≡ 𝑖𝑛𝑡(𝑁 𝑠⁄ ) nonoverlapping segments, each has the same 

length 𝑠. Since the length 𝑁 of the series may not be an integer and multiple of sub-interval length 𝑠, a short part segment will remain at the end of each series. In order to get all part of the series 

and obtain the 2𝑁𝑠 sub-series altogether, we repeat the same dividing procedures starting from the 

opposite end. Then for each 2𝑁𝑠 sub-series, the least squares method is applied in order to find the 

local trends �̃�𝑣(𝑖) and �̃�𝑣(𝑖) with a polynomial of kth order fit as �̃�𝑣(𝑖) = 𝛼1𝑖𝑘 + 𝛼3𝑖𝑘−1 + ⋯ +𝛼𝑘𝑖 + 𝛼𝑘+1 and �̃�𝑣(𝑖) = 𝛽1𝑖𝑘 + 𝛽3𝑖𝑘−1 + ⋯ + 𝛽𝑘𝑖 + 𝛽𝑘+1, where 𝑖 = 1,2, … , 𝑠; 𝑘 = 1,2, … ; 𝑣 =1,3 … , 2𝑁𝑠. Next, the detrended covariance 𝐹𝑣(𝑠, 𝑣) for each 𝑣 = 1,3 … , 2𝑁𝑠 can be determined 

as 𝐹𝑥𝑦𝑣 (𝑠, 𝑣) = 1𝑠 ∑ |𝑋(𝑣−1)𝑠+𝑖(𝑖) − �̃�𝑣(𝑖)|𝑠𝑖=1 |𝑌(𝑣−1)𝑠+𝑖(𝑖) − �̃�𝑣(𝑖)|                              (2)               

And for each 𝑣 = 𝑁𝑠 + 1, 𝑁𝑠 + 2, … , 𝑁𝑠, 

𝐹𝑥𝑦𝑣 (𝑠, 𝑣) = 1𝑠 ∑|𝑋𝑁−(𝑣−𝑁𝑠)𝑠+𝑖(𝑖) − �̃�𝑣(𝑖)|𝑠
𝑖=1 |𝑌𝑁−(𝑣−𝑁𝑠)(𝑖) − �̃�𝑣(𝑖)|                       (3) 

 
4 Most notations and symbols in this section are obtained from Wang et al., (2020a,b) and Ji et al., (2020) 
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Based on Eqs. (2) and (3), we can obtain the 𝑞𝑡ℎ-order fluctuation function 𝐹𝑥𝑦𝑞 (𝑠) by averaging 

the detrended covariances as 

𝐹𝑥𝑦𝑞 (𝑠) = { 12𝑁𝑠 ∑[𝐹2(𝑠, 𝑣)]𝑞22𝑁𝑠
𝑣=1 }1𝑞    𝑓𝑜𝑟 𝑞 ≠ 0,                                                         (4) 

and  𝐹𝑥𝑦0 (𝑠) = 𝑒𝑥𝑝  { 12𝑁𝑠 ∑[𝐹2(𝑠, 𝑣)]2𝑁𝑠
𝑣=1 }   𝑓𝑜𝑟 𝑞 = 0                                                      (5) 

 Now, we can analyze the scale behavior of the fluctuation function by observing the log–log 

plots of 𝐹𝑥𝑦𝑞 (𝑠) versus time scale 𝑠 for each value of 𝑞. If there is a long-range cross-correlation 

between the two time series, the power-law relationship can be obtained as follows: 𝐹𝑥𝑦𝑞 (𝑠) ∝𝑠ℎ𝑥𝑦(𝑞), where ℎ𝑥𝑦(𝑞) is the generalized hurst exponent versus 𝑞. When the two series are identical, 

then MF-DCCA is reduces to the standard multifractal (MF-DFA). Furthermore, if q>0, then the ℎ𝑥𝑦(𝑞) reveals large fluctuation in the time series, and if q<0, the ℎ𝑥𝑦(𝑞) reveals the small 

fluctuation. That is to say, the decreasing scaling exponent ℎ𝑥𝑦(𝑞) with the increasing of 𝑞 implies 

that long-range correlations in the series exhibit a multifractal behavior. However, when ℎ𝑥𝑦(𝑞) is 

independent of 𝑞, it indicates the long-range correlations in the series are monofractal. The degree 

of multifractality between two series can be measured by range of ℎ𝑥𝑦(𝑞); a higher value of ∆𝐻𝑥𝑦(𝑞) = ℎ𝑥𝑦(𝑞Minimum)−ℎ𝑥𝑦(𝑞Maximum) implies a strong level of multifractal behavior.  

 In addition, the scaling exponent ℎ𝑥𝑦 (𝑞 = 2 ) > 0.5 indicates that there is a cross-correlations 

between the two series are positive persistent. If ℎ𝑥𝑦 (𝑞 = 2 ) < 0.5, the cross-correlations 

between the two series are negative persistent, meaning that the fluctuations between the two series 

of time series are opposite. Finally, ℎ𝑥𝑦 (𝑞 = 2 ) = 0.5 means no correlations. 
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 In addition, the scaling exponent (𝑅𝑒𝑛𝑦𝑖 𝑒𝑥𝑝𝑜𝑛𝑒𝑛𝑡) 𝜏𝑥𝑦(𝑞) is used to describe the nature of 

multifractal as follows: 𝜏𝑥𝑦(𝑞) = 𝑞ℎ𝑥𝑦(𝑞) − 1                                                                                                   (6) 

 If the scaling exponent 𝜏𝑥𝑦(𝑞) is not linear with q, the cross-correlation of the two series 

considered to be multifractal. Otherwise, it’s considered to be a monofractal. To describe the 

singularity content of the time series, the multifractal singularity strength 𝛼𝑥𝑦 and multifractal 

singularity spectra 𝑓𝑥𝑦(𝛼)  can be obtained by Legendre transform as 𝛼𝑥𝑦 = 𝑞ℎ𝑥𝑦(𝑞) + 𝑞ℎ𝑥𝑦′ (𝑞),                                                                             (7) 𝑓𝑥𝑦(𝛼) = 𝑞 (𝛼𝑥𝑦 − ℎ𝑥𝑦(𝑞)) + 1                                                                                  (8)                                                           

A larger ∆𝛼𝑥𝑦 = 𝛼𝑥𝑦Minimum − 𝛼𝑥𝑦Maximum  implies a stronger multifractality of cross-correlations, 

thereby showing a stronger cross-correlations between two time series and smaller  ∆𝛼𝑥𝑦 indicates 

weaker multifractality.5  

3.2 Cross-correlation test 

 To analyze the nonlinear cross-correlations between oil returns (𝑥) and US stock returns (𝑦), 

we apply cross correlation statistic 𝑄𝑐𝑐(𝑚) from Podobnik et al., (2009) by the following function:  

𝑄𝑐𝑐(𝑚) = 𝑁2 ∑ 𝑋𝑖2𝑁 − 𝑖𝑚
𝑖=1                                                                                                    (9) 

where the cross-correlation function 𝑋𝑖 is defined as 

𝑋𝑖 = ∑ (𝑥𝑘𝑦𝑘−𝑖)𝑁𝑘=𝑖+1√(∑ 𝑥𝑘2𝑁𝑘=1 )(∑ 𝑥𝑘2𝑁𝑘=1 )                                                                               (10) 

 
5 We estimated the MF-DCCA model with MATLAB R19b using a code provided by Ji et al., (2020), which we 
modified for our purposes. 
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 This statistic test is approximately distributed as 𝜒2(𝑚) with 𝑚 degrees of freedom. The null 

hypothesis of the test is that none of the first 𝑚 cross-correlation coefficient between two time 

return series is different from zero. Rejecting the null hypothesis (𝑖. 𝑒., 𝑄𝑐𝑐(𝑚) > 𝜒2(𝑚))  

indicates that the cross-correlation between the two time return series is statistically significant. 

 To further examine the degree of cross-correlations, we use the detrended cross-correlation 

coefficient (𝜌𝐷𝐶𝐶𝐴) introduced by Zebende (2011) and Kristoufek (2014) as follows;  

𝜌𝐷𝐶𝐶𝐴 = [𝐹𝑥𝑦𝑞 (𝑠)]2[𝐹𝑥𝑞(𝑠)𝐹𝑦𝑞(𝑠)],   𝜌𝐷𝐶𝐶𝐴 ∈ [0,1]                                                                  (11) 

where 𝐹𝑥𝑦𝑞 (𝑠) denotes the detrended covariance’s fluctuation function between  𝑥 and 𝑦 estimated 

from step 3 above. 𝐹𝑥𝑞(𝑠) and 𝐹𝑦𝑞(𝑠) represent detrended fluctuation function of 𝑥 and 𝑦 

respectively. A value of  𝜌𝐷𝐶𝐶𝐴 close to 1 indicates higher cross- correlation between two time 

series. A zero value of 𝜌𝐷𝐶𝐶𝐴 implies no cross-correlation. A positive (negative) value of 𝜌𝐷𝐶𝐶𝐴 

indicates that the cross-correlation between two time series is persistent (anti-persistent). 

 
3.3 TVP-VAR connectedness approach 

To check if results stands another specification, we  use the dynamic connectedness procedure 

based on TVP-VAR introduced recently by Antonakakis et al., (2020). This novel procedure 

allows both the VAR parameters and the variances to vary via a stochastic volatility Kalman Filter 

estimation instead of the original connectedness approach of Diebold and Yılmaz (2009, 2012, 

2014) which uses the rolling-window VAR.6 The TVP-VAR connectedness approach allows to 

 
6 Unlike the original Diebold-Yilmaz framework, the TVP-VAR connectedness approach (1) does not require to set 
the rolling window-size, thereby its results are not sensitive to window size selection, (2) there is no loss of 
observations as there is no need to arbitrarily set the rolling window-size, (3) it utilizes the entire sample, thereby there 
is no loss of observations, (4) it is not sensitive to outliers and/or skewness, and (5)  it is adjusted immediately 
following structural changes (i.e., events), which in turn enables us to track connectedness shocks between the 
variables more clearly and in a timely manner (see e.g., Antonakakis et al., 2020; Andrada-Félix et al., 2020; Bouri et 
al., 2020).  
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measure the dynamic and directional transmission mechanism between oil and US equities. Below 

is a brief overview of the TVP-VAR connectedness framework.  

Let 𝒚𝑡 and 𝒚𝑡−1 be represented by 𝑁 × 1 and 𝑁𝑝 × 1 dimensional vectors, respectively. The 

TVP-VAR model can be written as7 

𝒚𝑡 = 𝛽𝑡𝒚𝑡−1 + 𝜀𝑡 ,       𝜀𝑡|𝐹𝑡−1 ~𝑁(0, 𝑆𝑡)                                                                     (12) 𝛽𝑡 = 𝛽𝑡−1 + 𝑣𝑡 ,           𝑣𝑡|𝐹𝑡−1 ~𝑁(0, 𝑅𝑡)                                                                    (13) 

 
where 𝛽𝑡 is 𝑁 × 𝑁 dimensional time-varying coefficient matrix, 𝜀𝑡 is 𝑁 × 1 vector of disturbances 

with an 𝑁 ×  𝑁 time varying variance-covariance matrix, 𝑆𝑡,  𝑣𝑡 is 𝑁2 × 1 dimensional vectors, 

and 𝑅𝑡 is  𝑁2  ×  𝑁2 dimensional matrix.  

Once the time-varying coefficients 𝛽𝑡 and 𝑆𝑡 from the above TVP-VAR model are estimated, 

the generalized impulse response functions (GIRF) and generalized forecast error variance 

decompositions (GFEVD) can be calculated as in the generalized connectedness procedure of 

Diebold and Yılmaz (2014). The H-step ahead (scaled) generalized forecast error variance 

decomposition (GFEVD) of the 𝑖𝑡ℎ variable due to shocks to the variable  𝑗𝑡ℎ at time 𝑡 donated by 𝜃𝑖𝑗,𝑡𝑔 (𝐻) can be calculated as:  

𝜃𝑖𝑗,𝑡𝑔 (𝐻) = ∑ (𝑆𝑖𝑗.𝑡−1 2⁄ 𝐴𝐻.𝑡 ∑ 𝜀𝑖𝑗,𝑡𝑡 )2𝐻−1𝑡=1∑ ∑ (𝑆𝑖𝑗.𝑡−1 2⁄ 𝐴𝐻.𝑡 ∑ 𝜀𝑖𝑗,𝑡𝑡 )𝐻−1𝑡=1𝑁𝑖=1                                                                  (14) 

where ∑ is the variance matrix of the vector of errors 𝜀𝑖𝑗,𝑡, and ∑ 𝜃𝑖𝑗,𝑡𝑔 (𝐻) = 1,𝑁𝑗=1 ∑ 𝜃𝑖𝑗,𝑡𝑁 (𝐻) =𝑁𝑖𝑗=1𝑁. In order to get a unit sum of each row of the variance decomposition, we normalize each entry 

of the matrix by the row sum as  

 
7 Note that the text and notation in this section are quoted from Antonakakis et al., (2020). 
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�̃�𝑖𝑗,𝑡𝑔 (𝐻) = 𝜃𝑖𝑗.𝑡𝑔 (𝐻)∑ 𝜃𝑖𝑗,𝑡𝑔 (𝐻)𝑁𝑗=1                                                                                                (15) 

In the equation above, note that the decomposition including own shocks in each variable sums 

to one, i.e. ∑ 𝜃𝑖𝑗,𝑡𝑔 (𝐻) = 1𝑁𝑗=1 , and that the total decomposition over the two variables sums to 𝑁, 

i.e. ∑ �̃�𝑖𝑗,𝑡𝑔 (𝐻) = 𝑁𝑁𝑗=1 . Based on �̃�𝑖𝑗.𝑡𝑔 (𝐻) we can compute the time-varying total connectedness 

index (TCI) as  

𝑇𝐶𝐼𝑡𝑔(𝐻) = ∑ �̃�𝑖𝑗,𝑡𝑔𝑁𝑖,𝑗=1𝑖≠𝑗 (𝐻)∑ �̃�𝑖𝑗,𝑡𝑔 (𝐻)𝑁𝑖,𝑗=1 × 100 = ∑ �̃�𝑖𝑗,𝑡𝑔 (𝐻)𝑁𝑖,𝑗=1𝑖≠𝑗 𝑁  × 100                                (16) 

The TCI in (16) is used to measure the time-varying total connectedness index. The index 

measures the total information flow among the markets included in the system (i.e., oil and US 

equity markets). It is an off-diagonal addition of the proportions of the forecast error variance of 𝑦𝑖 to shocks to 𝑦𝑗, for 𝑖 ≠ 𝑗. 

The directional connectedness variable 𝑖 receives from variable j (FROM), can be calculated 
as 

                                             𝑆°𝑖𝑔(𝐻) = ∑ �̃�𝑖𝑗𝑔𝑁𝑗=1𝑖≠𝑗 (𝐻)∑ �̃�𝑖𝑗𝑔(𝐻)𝑁𝑖,𝑗=1 × 100                                                      (17) 

 
Similarly, the directional connectedness from the variable 𝑖 to variable 𝑗 (TO) is computed as 

 

                                                                𝑆𝑖°𝑔(𝐻) = ∑ �̃�𝑖𝑗𝑔𝑁𝑗=1𝑖≠𝑗 (𝐻)∑ �̃�𝑖𝑗𝑔(𝐻)𝑁𝑖.𝑗=1 × 100                                             (18) 

 
Finally, by taking the difference between Eqs. (17) and (18), we can construct the net total 

directional connectedness (NET) as follows:  

                                                                 𝑆𝑖𝑔(𝐻) = 𝑆𝑖°𝑔(𝐻) − 𝑆°𝑖𝑔(𝐻)                                                   (19) 
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The total net directional connectedness in (19) reveals which market (oil or S&P 500) is 

prevailing in the information transmissions. 

 
4. Data 

 The dataset consists of the daily S&P 500 Composite Index and the West Texas Intermediate 

(WTI) crude oil. The empirical analysis includes 372 daily observations covering the period from 

the January 1st, 2019 to June 1st, 2020.  Since our main focus in this study is on the effect of the 

COVID-19 pandemic, we include only the ‘‘normal" times that have not extreme disturbance 

events before the emergence of COVID-19. We use high frequency data (daily) in order to retain 

a high number of observations so to capture adequately the rapidity and intensity of the dynamic 

interactions among asset prices. The data were retrieved from Thomson Reuters DataStream. The 

daily continuously compounded returns for each time series, 𝑟𝑡 is computed as 𝑟𝑡 = ln ( 𝑝𝑡𝑝𝑡−1), 

where 𝑝𝑡 is the daily price at time t. 

 To examine the impact of COVID-19 pandemic on the dynamic relationship between crude 

oil and US equities (as represented by the S&P 500), we divide the time series into two sub-periods; 

one is the ‘‘normal" period before the emergence of COVID-19 (January 1st, 2019 to December 

31, 2019) and the other period is during the emergence of COVID-19 (January 1st, 2020 to the end 

of the sample period).8 The time series of S&P 500 Composite Index and the West Texas 

Intermediate (WTI) crude oil price during the two periods are shown in Figure 1. We also present 

the descriptive statistics of the rate of return for both S&P 500 and oil in Table 1.  

Insert Table 1 here 

Insert Figure 1 here 

 

 
8 The outbreak of COVID-19 pandemic was first identified in Wuhan, China, in 31 December 2019. Accordingly, we 
consider the COVID-19 period from 1st January 2020 to June 1st, 2020.  
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 The table shows that the standard deviation of US equity returns is remarkably higher during 

the pandemic (0.0305) than before it (0.0077). Also, the standard deviation of oil returns (0.0924) 

is higher during the pandemic compared to the deviation before the pandemic (0.0211). The 

increase in the volatility of US equity returns and oil was not matched by an increase in mean 

returns. In fact, on average, the return has decreased from .001 to -.0001 for US equity. Therefore, 

oil may not reduce the risk in equity investments since its standard deviation increases as well 

during the pandemic while its return remains on average at the same level. However, in order to 

judge the hedging properties of oil against equity investments, we need to examine the fractal 

cross-correlations as detailed in the following sections. Jarque–Bera statistics show that return 

distributions for US equity and oil returns series before and during the pandemic are not normally 

distributed as the null hypothesis of normal distribution is rejected at 1% significance level. The 

two time series can be characterized by fat tails because Kurtosis value is greater than 3. The 

returns are non-stationary as indicated by augmented Dickey–Fuller tests. Given the non-normality 

and non-stationarity, using multifractal detrended cross-correlation analysis (MF-DCCA) method 

is well suited in this study. For example, Zhou (2008) used the method to study the correlation and 

multifractal characteristics of two non-stationary series.  

 As shown in Figure 1, it is clearly shown that S&P index has a higher price than oil before the 

pandemic and its level even increased further during the first two months of year 2020 ( the start 

of the pandemic) while the oil decreased slowly. During March 2020, S&P 500 index decreased 

sharply but start to increase during April. Specifically, the index reached the lowest level on 23 

March and then rose by about 30 % in the last trading day in April and kept increasing steadily to 

the end of our sample period.  
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5. Empirical results 

 

5.1 Cross-correlation test 

 

 Figure 2 represents the Log-Log cross-correlation statistics 𝑄𝑐𝑐(𝑚)  between oil and S&P 500 

for the full sample and Figure 3 shows the correlation before and during the pandemic. The test 

statistic 𝑄𝑐𝑐(𝑚) is approximately 𝜒2(𝑚) distributed with m degrees of freedom. The critical value 

of the cross-correlation statistics 𝜒2(𝑚)  is represented by the black line with at 5% significant 

level. The red line denotes the cross-correlation statistic𝑄𝑐𝑐(𝑚) . This test statistics involves 

testing a null hypothesis that first m cross-correlation coefficient is different from zero. If the value 

of 𝑄𝑐𝑐(𝑚) is larger than the critical value of 𝜒2(𝑚), then the cross-correlation between oil and 

S&P 500 variables is significant. 

Insert Figure 2 here 

Insert Figure 3 here 

 

 Figure 2 shows that the cross-correlation statistic test 𝑄𝑐𝑐(𝑚) is greater than the critical value 

over all chi-square distributions with degree of freedom 𝑙𝑜𝑔(𝑚) from 0 to 3. Hence, the null 

hypothesis of no cross-correlation is rejected, which implies that there is interactive correlation 

between S&P 500 and oil returns. Figure 3, presents the 𝑄𝑐𝑐(𝑚) before and during the pandemic. 

It can be shown that during the pandemic, the cross-correlation is significantly positive and greater 

than the correlation before the pandemic at 5% level only when the log degrees of freedom of the 

chi-square distributions are greater than one. 

In Figure 4, we present the detrended cross-correlation analysis (𝜌𝐷𝐶𝐶𝐴) before and during the 

pandemic across different time scales (𝑠). Before the pandemic, there was a positive and 

significant short and long-range correlations whereas during the pandemic, only the long range 

correlations are significant. When the time scale is longer than 70 days, the cross-correlation is 



17 

 

higher during the pandemic than before. In Table 2 we report the descriptive statistics of the 

correlation coefficient before and during COVID-19 pandemic. The mean and median correlation 

before the pandemic (with a value approximately equals to 0.739 and 0.74, respectively) is 

remarkably higher than the correlation during the pandemic (0.482 and 0.391, respectively). As 

indicated earlier, this is due to higher short-term correlation between oil and S&P 500 before the 

pandemic. Overall, these results suggest that US stock markets are more exposed to oil return 

during the pandemic in the long term. Stock markets are typically characterized by nonlinear 

systems with multifractal and chaotic structures (Wen-Jong, Chin-Kun and Amritkar (2004); Zeng, 

Wang, and Xu (2017); Yao, Liu and Ju (2020)). Hence, in the following section, we focus on the 

multifractal detrended cross-correlation analysis (MF-DCCA) method to investigate the cross-

correlations between crude oil and US stock market.  

Insert Figure 4 here 

Insert Table 2 here 

5.2 Multifractal detrended cross-correlation analysis (MF-DCCA) 

 

 Based on the multifractal detrended cross-correlation (MF-DCCA) method, in Figure 5, we 

show the Log–log plots of the fluctuation function 𝐹𝑞(𝑠) versus time scale for different 𝑞 values (𝑞 =  −10, −8, . . . ,8,10) between oil and US equities. The slope for each curve reflects the 

generalized cross-correlation Hurst exponent ℎ𝑂𝑖𝑙,𝑆&𝑃500(𝑞). For negative 𝑞, the  ℎ𝑂𝑖𝑙,𝑆&𝑃500(𝑞) is 

associated with time scales of small fluctuations while the ℎ𝑂𝑖𝑙,𝑆&𝑃500(𝑞) is associated with time 

scales of large fluctuations if 𝑞 is positive. If ℎ𝑂𝑖𝑙,𝑆&𝑃500(2) are greater than 0.5, it then indicates 

that the cross-correlations of the time series pair (or the variability for each series) are positive 

persistent. If ℎ𝑂𝑖𝑙,𝑆&𝑃500(2) < 0.5, the cross-correlations of the time series pair are negative 
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persistent, meaning that the fluctuations of time series move in opposite direction. If ℎ𝑂𝑖𝑙,𝑆&𝑃500(2) = 0.5, it means that there is no correlation.  

Insert Figure 5 here 

 
 As can be seen from Figure 5, almost every line shows an increasing relation between 

fluctuation function and time scales(𝑠). Thus, we conclude that a power-low cross correlations 

exists between oil and US stock market. However, the relation is stronger when 𝑞 is negative 

indicating that small fluctuation dominates the large fluctuation in describing the long range cross 

correlation between oil and S&P 500. However, during the pandemic, the power-low cross 

correlations became lower and even insignificant when the fluctuation is large (q greater than and 

zero). Over long time scales (𝑙𝑛 (𝑠) is greater than 4), power-low cross correlations exists within 

the small fluctuations. 

 To characterize the multifractal nature of our two time series, in Figure 6 we present the cross-

correlation multifractal scaling exponent 𝜏 (𝑞) (𝑅𝑒𝑛𝑦𝑖 𝑒𝑥𝑝𝑜𝑛𝑒𝑛𝑡) for 𝑞 from −10 to 10. The 

scaling exponent values vary with 𝑞 from -10 to 10 and it shows a concave relation with 𝑞 more 

during the pandemic than before. Therefore, the pandemic caused a greater extent of multifractality 

in the cross-correlation. The same conclusion can be reached by observing Figure 7. The 

multifractal spectra of the cross-correlation exhibits a bell shape and the width of the shape is 

greater during the pandemic. Moreover, the multifractalities exist in the autocorrelations of oil and 

S&P 500 series which are greater during the pandemic. As shown in Table 3, the spectra width (𝛥𝛼 =  𝛼𝑚𝑎𝑥 −  𝛼𝑚𝑖𝑛) of the cross correlation during the pandemic (0.573) is greater than before 

the pandemic (0.409) with a net difference equals to 0.164. The spectra width for oil time series 

decreases from 0.527 to -0.2498 whereas the spectra width for S&P 500 time series increases from 

0.522 to 0.699. 
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Insert Figure 6 here 

Insert Figure 7 here 

Insert Table 3 here 

 

 Furthermore, to investigate the different changes of the cross-correlation exponent ℎ(𝑞) with 

various values of 𝑞, we provide in Figure 8 the generalized Hurst exponents ℎ(𝑞) spectrum of 

cross-correlations for the two periods with q varying from −10 to 10.  

Insert Figure 8 here 

 

 When 𝑞 = 2, the cross-correlation exponent, ℎ𝑂𝑖𝑙,𝑆&𝑃500(2) , between the crude oil and the 

US stock market is larger than 0.5 during the pandemic while lower than 0.5 before the pandemic, 

suggesting that the two correlated series became more persistent or long-range dependence. With 

regard to Hurst exponent, ℎ(𝑞), when 𝑞 = 2 for each time series, we note that the value is greater 

than 0.5 for oil series before the pandemic indicating that the series was positive and persistent. 

However, the series became less persistence and almost not auto correlated during the pandemic 

as the value became closer to zero.  In contrast, the Hurst exponent of S&P 500 is greater than 0.5 

even during the pandemic 

 

5.3 The sources of multifractal and the impact of the COVID-19 pandemic 

 

 As pointed out by et al., (2002) and Zhou (2008), the multifractality in time series can be 

attributed to long-range temporal correlations or to the fat-tailed probability distributions of 

variations. To study the main cause of multifractality for our time series pair, we construct shuffled 

and phase-randomized (surrogated) original series.9  

 
9 For detailed information on how to construct the shuffled and surrogated time series from original time series, see 
Ji, Zhang and Zhao (2020), Chen et al., (2016) and Wang et al., (2020, a and b). 
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 The cross- correlations generalized Hurst exponent ℎ(𝑞) and multifractal spectrums the 𝜏(𝑞)  

of the original, shuffled, and surrogated series are shown in Figures 9 &10 respectively.  

 The scaling exponent ℎ(𝑞) of original, shuffled and surrogated series are presented in Figure 

9. The findings reveal a significant difference of the relation between Hurst exponent and  𝑞  of 

original series and shuffled series, indicating that long-range correlations play a role in explaining 

the multifractality of cross-correlation between oil and US stock markets before the pandemic. 

However, during the pandemic, long-range correlations and fat-tail distributions play a role in 

explaining the multifractality. Similar conclusion can be reached if we compare the multifractal 

spectrums of original series to shuffled and surrogated series in Figure 10. Specifically, the width 

of singularity strength α for surrogated series is more different (greater) from the original series 

than the difference between shuffled series and the original series before and during the pandemic. 

Thus, fat tail distributions play a more significant role in explaining the multifractality of cross-

correlation between oil and US stock markets that does the long range correlations. 

Insert Figure 9 here 

Insert Figure 10 here 

5.4. Dynamic connectedness 

 Figure 11 displays the total connectedness index between oil and S&P 500 over different time 

periods. The value of the index varies over time showing a clear trend in certain sub-periods. For 

example, from June 2019, there was an increasing trend reaching a maximum of 20% in late 

December 2019. That is to say, 20% of the forecast error variance in oil and S&P 500 can be 

explained by their cross connectedness. However, since the start of the pandemic, the 

connectedness decreased steadily reaching a minimum value of approximately 7.5% during 

February 2020. From that time, the trend reversed and started to increase upward reaching a 

maximum value of 25% during March of the same year. The time periods before and during the 
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pandemic are characterized by heterogeneity in connectedness fluctuation where the period before 

the pandemic shows small fluctuations in connectedness values while the period during the 

pandemic shows large fluctuations. Nevertheless, the large fluctuations are limited only to the 

early time period of the pandemic. During the pandemic, we document that the connectedness 

between oil and S&P 500 reveals large dynamic variability ranging between 1% and 25%. Overall, 

the increase in connectedness during the pandemic is not long lasting as its level goes down below 

that level witnessed before the pandemic.  

Insert Figure 11 here 

 

 Our connectedness framework allows us to examine the dynamic net-receiving or a net-

transmitting position for each asset considered here. These are provided by Figure 12. Firstly, it 

should be noted that shocks transmission from oil and S&P 500 are positive over all time periods 

indicating that these two markets are transmitter of shocks. Both assets show similar shocks 

transmission effects before the pandemic. In particular, their transmission effects increase steadily 

from October 2019 to January 2020.  However, the Bi-directional connectedness to each asset 

behaves more heterogeneously over time during the pandemic. For example, innovations in oil 

price explain more than 15% of the forecast error variance of S&P 500 market returns in certain 

periods during March 2020, whereas innovations in S&P 500 explain around 5% of the variance 

of oil market returns.  

Insert Figure 12 here 

 

 In Figure 13, we study time-varying net directional and pairwise connectedness between oil 

and S&P 500. That is, we find whether each asset is a net transmitter (positive value) or a net 

receiver of shocks (negative value) in each time point during the sample. Oil and S&P 500 appear 

to frequently switch between a net transmitter and a net receiver roles before the pandemic. During 
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the Pandemic, the roles last longer. Oil is a net transmitter of shocks to the forecast error variance 

of S&P 500 during March, April and May, 2020, whereas S&P 500 is a net transmitter to oil during 

the early period of the pandemic. The emergence of S&P 500 (oil) as a net transmitters during 

early (later) sample period of pandemic is a crucial finding from a dynamic (or time-varying) 

portfolio diversification standpoint because mitigating portfolio investment risk should focus on 

the asset that distributes risk to the other asset.   

Insert Figure 13 here  
 

 

Availability of data statement  

 

The data that support the findings of this study are available as a supplementary file.  
 
 

6. Conclusions  

 In this paper, we examine how a fundamental commodity in industrial production, the oil, 

correlates with the return of US equity as represented by the S&P 500 index during the ongoing 

COVID-19 health pandemic. By using multifractal detrended cross-correlation analysis (MF-

DCCA) we document the following findings. First, the cross-correlation between oil and S&P 500 

becomes more positive and persistent during the pandemic while the auto-correlation of oil 

becomes negative.  Second, the cross correlation between oil and S&P was positive and consistent 

across different time scales before the pandemic but its value varies now with the pandemic across 

time scales. Specifically, the correlation increases during the pandemic only in the long range. 

Finally, the strength of cross correlation of multifractality between oil and S&P 500 increases 

during the pandemic indicating that the complexity between oil and US equity markets is now 

higher than before the pandemic. By using the dynamic connectedness measure of Antonakakis, 

Chatziantoniou, and Gabauer (2020), we document the following two findings. First, during the 
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early period of pandemic, the connectedness decreased steadily reaching a minimum value of 

approximately 7.5% during February 2020. From that time, the trend reversed and started to 

increase upward reaching a maximum value of 25% during March of the same year. However, the 

connectedness measure decreased again reaching a lower level than observed before the pandemic 

by the end of our sample period, i.e. May 31, 2020. Second, we find that oil is a net transmitter of 

shocks to the forecast error variance of S&P 500 during March, April and May, 2020 whereas S&P 

500 is a net transmitter to oil during the early period of the pandemic (January and February, 2020).  

 Our findings could be helpful for investors who consider the oil commodity in their investment 

portfolio. They should consider the differing impact of the pandemic on the correlation in short 

versus long time scales for their diversification benefits analysis.  The findings also relate to firm 

managers because their firm value correlates with oil as it is an important input in most firms 

operation and production. Finally, predicting S&P 500 performance could be harder during the 

pandemic due to the increase in multifractality, thereby causing a concern from using linear 

techniques to capture the interdependencies during the pandemic. Accordingly, future research 

concerning the COVID-19 may consider other econometric methods such as the (MF-DCCA). 
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Table 1: Descriptive statistics for the returns series 

  Mean  Median  Maximum  Minimum  Std. Dev.  Skewness  Kurtosis  Jarque-Bera ADF 
Panel A: All sample (January 1st, 2019 to June 1st, 2020) 
S&P 500 0.0007 0.0009 0.0897 -0.1277 0.0176 -1.0047 18.3837 3680.6190*** -5.9595*** 
Crude Oil-WTI 0.0012 0.0000 0.3002 -0.3883 0.0526 -0.2058 21.2770 5110.7420*** -5.8485*** 
Panel B: Before the COVID-19 (January 1st, 2019 to  December 31, 2019) 
S&P 500 0.0010 0.0009 0.0338 -0.0302 0.0077 -0.6363 6.4865 150.3806*** -17.3727*** 
Crude Oil-WTI 0.0011 0.0009 0.1369 -0.0823 0.0211 0.5157 10.1480 569.3841*** -17.3314*** 
Panel C: During the COVID-19 (January 1st, 2020 to June 1st, 2020) 
S&P 500 -0.0001 0.0007 0.0897 -0.1277 0.0305 -0.5786 7.0180 77.2191*** -15.6721*** 
Crude Oil-WTI 0.0012 0.0000 0.3002 -0.3883 0.0924 -0.1483 7.7690 100.8366*** -9.7628*** 
Note: ADF is the Augmented Dickey–Fuller unit root test.. ***Indicates statistical significance at 1% level. 

 

 

Table 2: Descriptive statistics for the correlation coefficients (𝝆𝑫𝑪𝑪𝑨) in both sub-periods  

  Mean  Median  Maximum  Minimum  Std. Dev.  Skewness  Kurtosis 

Before COVID-19 0.7386 0.7402 0.7947 0.6690 0.0349 -0.1347 2.0161 

During COVID-19 0.4816 0.3907 0.7936 0.2067 0.2256 0.3383 1.3899 

 

 

Table. 3: Multifractal spectra widths 𝜟𝜶  

 Cross Crude Oil-WTI S&P 500 
Before COVID-19 0.4090 0.5270 0.5216 
During COVID-19 0.5727 -0.2498 0.6990 
Net 0.1637 -0.7768 0.1774 
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Figure 1: Time evolutions for the time series  

 

 

 

 
Figure 2: Log-Log cross-correlation test 𝑸𝒄𝒄(𝒎) for full sample period 
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Notes: the plot represents the Log-Log cross-correlation statistics 𝑄𝑐𝑐(𝑚) for two time series pairs, full sample.  The test statistic 𝑄𝑐𝑐(𝑚) is 
approximately 𝜒2(𝑚) distributed with m degrees of freedom. The critical value of the cross-correlation statistics 𝜒2(𝑚)  is represented by the 
black line with at 5% significant level. The red line denotes the cross-correlation statistic 𝑄𝑐𝑐(𝑚).  

 

 

 
Figure 3: Log-Log cross-correlation test 𝑸𝒄𝒄(𝒎) for two periods 
Notes: the plot represents the Log-Log cross-correlation statistics 𝑄𝑐𝑐(𝑚) for two time series pairs, full sample. The test statistic 𝑄𝑐𝑐(𝑚) is approximately 𝜒2(𝑚)  distributed with m degrees of freedom. The critical value of the cross-correlation statistics 𝜒2(𝑚)  is represented by the black line with at 5% significant level. The red line denotes the cross-correlation statistic 𝑄𝑐𝑐(𝑚).  
 

 

 

 
 

 
Figure 4: Cross-correlation coefficient 𝝆𝑫𝑪𝑪𝑨for two periods 
Notes: the plot represents the detrended cross-correlation coefficient, 𝜌(𝑠), for different scale size s, varied from 10 to 90. The black line is the 
critical value of 𝜒2   and dot line is its 5% critical values to test hypotheses 𝐻0: 𝜌(𝑠) = 0 and H1: 𝜌(𝑠) ≠ 0,. The value of 𝜌(𝑠) ranges from −1 
to 1. A closer value to 1 means the series pair has a higher cross- correlation. When 𝜌(𝑠)  =  0, there exists no cross-correlation.  
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Figure 5: log-log fluctuation function versus time scale 

Notes: the plots represent the Log–log of fluctuation functions 𝐹𝑞(𝑠) versus fractal order q values (q = −10, −8, . . . ,8,10), based on a varied s.  
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Figure 6: Cross correlation scaling exponent 𝝉(𝒒)~𝒒 
Notes: the plot represents the cross correlation scaling exponents between oil and US equities with q varying from −10 to 10. 

 

 

 

 

 

 
Figure 7: The multifractal spectrums 𝒇(𝜶) of cross-correlations 

Notes: the plots represent the multifractal spectrums 𝑓(𝛼) of cross-correlations. The largest spectrum indicates strong multifractality and 
smallest spectrum indicates the weak multifractal.  
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Figure 8: cross- correlation generalized Hurst exponents 

Notes: the plots represent the Generalized Hurst exponents ℎ(𝑞) spectrum of cross-correlations with q ranges from −10 to 10. The horizontal 
axis is represented the singularity strength ℎ(𝑞) and the vertical axis is represented the singularity spectrum q. 

 

 

 

  
Figure 9: Scaling exponents of original, shuffled, and surrogated series time series 

Notes: the plots represent the Generalized Hurst exponent h(q) of the original, shuffled and surrogated series time series with q ranges from −10 
to 10.  The horizontal axis is represented the singularity strength h(q) and the vertical axis is represented the singularity spectrum q.  
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Figure 10: Multifractal spectrums of original, shuffled, and surrogated series time series 

Notes: the plots represent the multifractal spectrum 𝑓(𝛼) obtained by a Legendre transformation of 𝜏(𝑞), as a function of the singularity strength 
α for the original, shuffled, and surrogated series time series.  

 

 

 

 
Figure 11: Total connectedness index (TCI) 
Notes: The plot displays the dynamic total connectedness index (TCI) based on TVP-VAR with the lag length of order 2 and a 12-step-ahead 
forecast. 
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Figure 12: Total directional connectedness TO other 
Note: Results are based on a TVP-VAR model with lag length of order 2 (BIC) and a 12-step-ahead forecast. 

 

 

 
Figure 13: Net total directional connectedness 
Note: Results are based on a TVP-VAR model with lag length of order 2 (BIC) and a 12-step-ahead forecast. Positive (negative) values indicate 
that 𝑖 is a net transmitter (receiver) of shocks to the 𝑗.  
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Figure 6

Cross correlation scaling exponent τ(q)~q Notes: the plot represents the cross correlation scaling
exponents between oil and US equities with q varying from −10 to 10.

Figure 7

The multifractal spectrums f(α) of cross-correlations Notes: the plots represent the multifractal spectrums
f(α) of cross-correlations. The largest spectrum indicates strong multifractality and smallest spectrum



indicates the weak multifractal.

Figure 8

cross- correlation generalized Hurst exponents Notes: the plots represent the Generalized Hurst exponents
h(q) spectrum of cross-correlations with q ranges from −10 to 10. The horizontal axis is represented the
singularity strength h(q) and the vertical axis is represented the singularity spectrum q.

Figure 9



Scaling exponents of original, shu�ed, and surrogated series time series Notes: the plots represent the
Generalized Hurst exponent h(q) of the original, shu�ed and surrogated series time series with q ranges
from −10 to 10. The horizontal axis is represented the singularity strength h(q) and the vertical axis is
represented the singularity spectrum q.

Figure 10

Multifractal spectrums of original, shu�ed, and surrogated series time series Notes: the plots represent
the multifractal spectrum f(α) obtained by a Legendre transformation of τ(q), as a function of the
singularity strength α for the original, shu�ed, and surrogated series time series.

Figure 11

Total connectedness index (TCI) Notes: The plot displays the dynamic total connectedness index (TCI)
based on TVP-VAR with the lag length of order 2 and a 12-step-ahead forecast.



Figure 12

Total directional connectedness TO other Note: Results are based on a TVP-VAR model with lag length of
order 2 (BIC) and a 12-step-ahead forecast.

Figure 13

Net total directional connectedness Note: Results are based on a TVP-VAR model with lag length of order
2 (BIC) and a 12-step-ahead forecast. Positive (negative) values indicate that i is a net transmitter
(receiver) of shocks to the j.
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