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Abstract

:

We examine the daily dependence and directional predictability between the returns of crude oil and the Crude Oil Volatility Index (OVX). Unlike previous studies, we apply a battery of quantile-based techniques, namely the quantile unit root test, the causality-in-quantiles test, and the cross-quantilogram approach. Our main results show evidence of significant bi-directional predictability that is quantile-dependent and asymmetric. A significant positive Granger causality runs from oil (OVX) returns to OVX (oil) returns when both series are in similar lower (upper) quantiles, as well as in opposite quantiles. The Granger causality from OVX returns to oil returns is only significant during periods of high volatility, although it is not always positive. The findings imply that the forward-looking estimate of oil volatility, reflecting the sentiment of oil market participants, should be considered when studying price variations in the oil market, and that crude oil returns can be used to predict oil implied volatility during bearish market conditions. Therefore, the findings have implications regarding predictability under various conditions for oil market participants.
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1. Introduction


Large price fluctuations in the crude oil market have become a staple of the last two decades, subsequent to changes in supply–demand fundamentals [1], global economic activity [2], geopolitical risk [3], and various crisis periods such as the COVID-19 outbreak [4,5]. On 20 April 2020, crude oil prices experienced huge and unprecedented turbulence, during which the price of US benchmark crude oil West Texas Intermediate (WTI) futures plunged to below USD 0 a barrel for the first time in history. This was particularly due to two main factors. The first is the slowdown in the world economy following the rapid spread of the COVID-19 pandemic, which eventually spawned a sharp decrease in crude oil demand and an oversupply of crude oil. The second is the conflict between OPEC and non-OPEC producers on the oil production level, including the oil price war between Saudi Arabia and Russia.



Oil price volatility is a major concern for consumers, corporations, and governments. This is not surprising given that oil price fluctuations potentially have considerable effects on the investment decisions of investors and corporations as well as the global economy [6,7,8,9]. Usually, volatility is computed based on historical price data using realized volatility estimators, GARCH-based models, and stochastic volatility models. Another way to compute volatility is via the so-called implied volatility, based on data from the options market. Several studies indicate that implied volatility is superior to the former models [10,11,12,13]. In this regard, one of the indicators that investors and analysts regularly follow to assess the future state of crude oil volatility is the Chicago Board Options Exchange (CBOE) Crude Oil Volatility Index (OVX), which was introduced in 2007. OVX represents the 30-day forward-looking market estimate of volatility and is viewed as a barometer of investor sentiment about the crude oil market. Compared to historical volatility, it offers a more timely assessment of risk as it comprises both past market information and future anticipation [13,14]. Accordingly, OVX can reasonably transmit trading signals for market operators because it allows market participants to identify and link the movement of OVX to overall market confidence and panic in the crude oil market.



Interestingly, the risk-return trade-off is a crucial component of investment decisions and portfolio management. Despite the importance of this relationship, there is no clear agreement on its direction among researchers and analysts. Previous studies mainly concentrate on the relationship between returns and historical volatility in financial markets [15,16,17,18,19], while providing mixed results. Some show that the relationship is positive [20,21,22], while others find evidence of a negative relationship [23,24,25]. With the emergence of implied volatility and its role as a barometer of risk assessment [13,14], much attention has been paid to the return–implied volatility link in financial markets [26]. However, such research in the context of the oil market is relatively scarce. As noted by Ji and Fan [27], recommendations deduced in the stock market cannot be easily adopted to OVX in virtue of the more complex structure of crude oil options. Existing studies using OVX consider its predictive power for oil return volatility (e.g., [10,28,29,30,31,32,33]), or the spillover effect between oil and equity markets based on implied volatility indexes (e.g., [34,35,36,37]), whereas limited studies concentrate on the relationships between crude oil returns and OVX. In this regard, most studies examine the linear relationship between oil returns and OVX (e.g., [38,39,40]), whereas fewer consider the non-linear dependence. Agbeyegbe [41], Ji and Fan [27], Liu et al. [21], and Echaust and Just [42] use approaches based on copula models; Li et al. [43] apply a multiscale multivariate multifractal detrended fluctuation analysis; and Shaikh [44], Silva Junior [45], and Fousekis [46] use approaches based on quantile regression methods. Nevertheless, none of these studies assess the Granger causal relationship between crude oil returns and OVX based on quantile-based techniques accounting for various market conditions. Moreover, the disagreement in outcomes regarding the relationship between the two metrics indicates that the issue is still largely open to empirical investigation. In this paper, we examine the dependence and directional predictability between the returns of crude oil and OVX using daily data and various quantile-based techniques. Taking daily data from 10 May 2007 to 17 April 2020, we apply a battery of quantile-based techniques, specifically the quantile unit root test developed by Galvao [47], the causality-in-quantiles test of Troster [48], and the cross-quantilogram of Han et al. [49].



This paper contributes to the existing literature in the following ways. Firstly, to the best of our knowledge, this is the first study to cast new light on the Granger causal interaction between crude oil returns and changes in implied volatility using the quantile unit root test developed by Galvao [47], the causality-in-quantiles test of Troster [48], and the cross-quantilogram of Han et al. [49]. These tests can show whether variables are nonstationary or exhibit a heterogeneous causal structure across quantiles. Particularly, the test of Troster [48] has the merit of taking into account potential nonlinear causal links in conditional quantiles of the distribution, while the approach of Han et al. [49] is advantageous in at least two aspects. Notably, it is less prone to misspecification and takes into account large lags in the causality test. These approaches, based on a non-linear econometric framework, fit perfectly in our context, given that the causality links between oil prices and OVX are potentially non-linear and specific to market conditions and volatility states. Secondly, our analysis allows us to investigate not merely the magnitude but also the sign, duration, potential asymmetry, and Granger causal quantile of the dependence between the variables under consideration. Thirdly, the existence of causality in tails advocates the utility and significance of our modelling approach, and therefore casts doubt on the suitability of the conventional conditional mean-founded causality test, which gives only a partial picture by relying on the conditional mean.



The main findings reveal the existence of significant bi-directional predictability between oil returns and OVX. Notably, the relationship is found to be quantile-dependent and asymmetric across various market conditions. In fact, a significant positive dependence running from WTI (OVX) returns to OVX (WTI) is seen when both oil returns and oil implied volatility are in similar lower (upper) quantiles. Evidence of dependence is also reported when they are in opposite quantiles; for example, WTI returns Granger-cause OVX during extreme and moderate market conditions. For the reverse case, the relationship appears to be significant only during periods of high levels of OVX, but is not always positive. Furthermore, the quantile dependence from WTI returns to OVX is different from that from OVX to WTI returns, suggesting an asymmetry. Henceforth, investor sentiment in the oil market, as reflected by OVX, can be considered a driver of forthcoming variations in the returns in the oil market, and WTI returns affect OVX.



The rest of the paper is structured as follows. Section 2 provides a brief review of the related literature. Section 3 presents the econometric methodology. Section 4 defines the data and offers a preliminary investigation. Section 5 presents and discusses the empirical results. Section 6 concludes.




2. Literature Review


How the expected return of an investment is linked to the expected risk is widely documented in the academic literature [50]. Risk-return trade-off is an essential component of investment decisions and assessing portfolios. Interestingly, with the emergence of implied volatility [13,14], much attention has been paid to the return–implied volatility link in financial markets [26], but less evidence exists on the implied volatility in the context of the oil market.



The existing literature on OVX can be divided into three main strands. The first strand focuses on the predictive power of OVX for oil return volatility. For example, Szakmary et al. [10] find that the implied volatility (IV) is superior to the historical volatility (HV) as a predictor of the afterward realized volatility. They note that the IV embeds a significant amount of information that should be taken into consideration. Consequently, the authors propose a combined version of GARCH and IV models to improve oil volatility predictions. Likewise, Dutta [30] proves that OVX has a better predictive power for oil volatility than realized volatility (RV) measures. By incorporating GARCH models in the analysis, Agnolucci [51] shows that these models, mainly with Generalized Error Distribution (GED) residuals, outperform implied volatility (IV). In the same context, Lux et al. [29] evaluate the forecasting performance of various competing volatility models (GARCH with linear and non-linear dynamics, implied volatility, and multifractal models (MSM)), and show the superiority of MSM models over the other ones, across various forecasting horizons and sub-periods. This superiority is equally maintained in predicting the value-at-risk (VaR). Chen et al. [32] reveal that integrating OVX-based implied volatility into GARCH-type models generally ameliorates the predictive performance of volatility in crude oil market. Using the heterogeneous autoregressive-realized volatility (HAR-RV) models, Haugom et al. [28] show that econometric models can be enhanced by integrating implied volatility. Utilizing similar models, Lv [31] show evidence of the significant and positive effect of OVX on future realized volatility. Furthermore, the impact of a large OVX on future volatility is larger than a small OVX. Recently, Benedetto et al. [33] apply an entropy-based method and find a surge in the information flow between OVX and the spot variance of Brent returns and a corresponding drop in the information flow with WTI. Nevertheless, the causal flow running from the oil spot variance to OVX is larger in magnitude and more statistically significant for WTI than for Brent.



Previous studies also examine the impact of crude oil shocks on the job market [52,53], GDP [54], and the oil-food nexus [55]. On a different front, Ma et al. [56] forecast the realized volatility of oil futures. Notably, another strand of empirical studies focuses on the spillover effect between crude oil and equity markets based on implied volatility indexes. For example, Maghyereh et al. [34] investigate the directional connectedness between oil and equities based on implied volatility indexes. The authors prove the existence of two-way information flows between the two markets, although it is stronger from the oil market to equity markets than the other way around. Bouri et al. [35] use the ARDL cointegration technique and the causality approach and suggest the existence of strong nonlinear relationships between the implied volatilities of gold and oil and that of the Indian stock market. However, their outcomes indicate no evidence of feedback link from the Indian stock market to the gold and crude oil markets. Similarly, Choi and Hong [36] use autoregressive distributed lag (ARDL) bounds and Toda–Yamamoto Granger causality tests to show that OVX and VIX exhibit a two-way causality in the period that covers the shale gas revolution, but no causal link in the period that does not. They confirm that OVX Granger-causes VKOSPI in the pre-shale gas revolution phase but fail to ascertain any causal flow between the two variables in the post-revolution phase. Recently, Naeem et al. [37] investigate the dynamic connectedness between a set of implied volatility indexes (oil (OVX), gold (GVZ), currency (EVZ), and bond (TYNVI)), and conclude that OVX is the leading driver of the inherent VIX connectedness of the global equity markets during anxiety phases.



The third strand of literature concentrates on the relationships between crude oil and OVX returns. For example, Aboura and Chevallier [38] assess the role exercised by implied volatility on the WTI crude oil price and establish that the so-called “inverse leverage effect”, which means that volatility is rising more following positive returns than following negative returns, is the main effect driving WTI crude oil price evolutions. Specifically, they argue that this stylized evidence could reflect the anxiety of oil consumers facing rising crude oil prices. Chen et al. [39] employ a Kalman filter with time varying coefficients in the regression equations and find a feeble negative link between OVX changes and future crude oil price returns, and that extreme values (high or low) of OVX cannot correctly forecast future evolutions of returns (positive or negative). Using copula quantile regressions, Agbeyegbe [41] show an inverted U-shaped relationship between oil returns and OVX, suggesting a stronger connection at the tails of the distribution than at the central part. Similarly, Ji and Fan [27] investigate the causal links between WTI returns and OVX and find evidence of a strong unidirectional causal link in-mean (in-variance) from WTI returns (OVX changes) to OVX changes (WTI returns). They also show that the contemporaneous relation between them is negative and asymmetric, which discloses that OVX manifests as a gauge of investor fear than as risk preference. Liu et al. [21] use copula models and find that WTI returns and OVX are mostly negatively linked. They note the presence of significant risk flows from OVX to WTI. In an analogous manner, Silva Junior [45] studies the relationship between United States Oil Fund (USO) returns and OVX, employing ordinary least squares (OLS), quantile regressions (QR), and the nonparametric B-splines regression model. The results show a negative, asymmetric and nonlinear contemporary relationship between the two series, that the effects of negative shocks in volatility are more obvious than positive shocks, and, excitingly, the association has no homogeneous behavior across the various quantiles. Utilizing nonparametric quantile models, Fousekis [46] reveals that the association between oil price returns and OVX is contemporaneous, negative, and asymmetric, and indicates the presence of an inverted U-shaped dependence between the two measures, indicating that the pricing of implied volatility is higher for large fluctuations than for small ones, and are lighter for large positive variations than for large negative ones. Lin and Tsai [40] examine the long-run dynamics between oil prices and OVX. They reveal that increasing OVX exhibits a larger negative influence on oil prices than declining OVX, indicating the existence of a long-run asymmetric cointegrating relationship between them. It is worth mentioning that this result of asymmetry is also recognized in previous findings [41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57]. Furthermore, Shaikh [44] uses neural network and quantile approaches and suggests that crude oil prices are aligned with OVX. They find an asymmetric relationship and show evidence that the implied volatility is likely to be calm during global financial crises and increases after the crisis periods. Echaust and Just [42] study the tail dependence behavior of WTI oil returns and OVX changes. The results suggest that the strongest tail dependence of negative oil price shocks and OVX changes happens during the pandemic crisis. They establish the ability of the OVX index to be a sentiment indicator for the crude oil market. Nevertheless, they fail to ascertain its capability to ameliorate value-at-risk estimates. Li et al. [43] explore the characteristics of the cross-correlations between the crude oil market and OVX. The findings reveal that the cross-correlated comportments of smaller changes are persistent, although large changes are anti-persistent between crude oil and OVX. Furthermore, the results confirm that oil price variations and OVX change in a positive direction in the short-term, although they change in the inverse direction in the long-term.



More recently, Raggad [58] applies the Cross-Quantilogram approach to explore whether the OVX can reliably predict WTI returns, and finds that the information content of OVX plays a role in forecasting WTI returns once it is in the higher conditional quantile, but no evidence of predictability is uncovered once the OVX is at the low to medium quantile levels.



As we can see from the above review, the existing literature does not examine the directional predictability patterns between oil returns and oil implied volatility, based on a quantile-based methodology that can potentially enrich our understanding of the sign, magnitude, duration, and asymmetric Granger causal interactions between oil returns and oil implied volatility across upper, middle, and lower quartiles. This is where we aim to contribute.




3. Methodology


The first sub-section briefly introduces the quantile autoregressive (QAR) unit root tests of Koenker and Xiao [59] and Galvao [47]. The second sub-section presents the Granger causality test in the quantiles of Troster [48]. The third sub-section describes the nonparametric cross-quantilogram approach of Han et al. [49].



3.1. Quantile Unit Root Test


Researchers give attention to quantile autoregressive (QAR) unit root tests when examining the stationarity properties of time series. A major reason for the use of this kind of test is its ability to investigate the stationarity property of data across the quantiles of the conditional distribution beyond the limitation of the conditional mean [60]. This test is of immense importance for accurately identifying the dynamic behavior and distributed characteristics of the time series data [61]. QAR unit root tests were introduced by Koenker and Xiao [59] and later generalized by Galvao [47], who explicitly incorporated covariates and a linear time trend into the QAR specification.



To formalize the idea empirically, suppose that the time series process    X t    is strictly stationary and let    Ω t  =      X  t − 1   , … ,  X  t − s      ′  ∈  ℝ d    be an information set based on the history of    Y t   . Let us denote by    F X    . ∖  Ω t X      the conditional distribution function of    X t    given    Ω t X   , so the QAR unit root test is specified by a quantile linear regression model. Specifically, the QAR model is described as:


   Q τ X     X t  ∖  Ω t X    =  λ 1   τ  +  λ 2   τ  t + β  τ   X  t − 1   +   ∑   j = 1  p   β j   τ  Δ  X  t − j   +  F u  − 1    τ   



(1)




where    Q τ X    . ∖  Ω t Y      is the τ-quantile of    F X    . ∖  Ω t X    ,    λ 1   τ      defines the drift term,   t     designates the linear time trend,   β  τ    represents the persistence measure, and    F u  − 1     denotes the inverse conditional distribution function of the errors based on various quantiles τ,   τ ∈ Γ   ⊂ [0,1].



By estimating Equation (1) for various quantiles, we obtain the estimation of the persistence measure   β ^   corresponding to each quantile of the conditional distribution    Y t   . The null hypothesis of the QAR test is expressed as:    H 0   :   β  τ  = 1  , and its respective t-test is calculated through the t-statistic suggested by Koenker and Xiao [59] and Galvao [47] for the entire range of quantiles   τ ∈ Γ  .




3.2. Granger Causality in Quantiles


As noted, the test of Troster [48] has the merit of taking into account potential nonlinear causal relations in the conditional quantiles of the return distribution. It is sufficiently flexible to test for Granger causality in specific regions of the distribution, such as the center or tails (left or right).



To formally present the test, let      Y t  ,  Z t  ,   t ∈ Z       be a jointly stationary and ergodic time series defined in some probability space     Ω , A , P     and    Y t    ∈  ℝ  be a dependent variable; and let    J t      ∈    ℝ d   , d =  s  + q, be an explanatory vector, given by:    J t  ≡      J t  Y ′   ,  J t  Z ′      ′   , where    J t Y  : =      Y  t − 1   , … ,  Y  t − s      ′    ∈    ℝ  s       and    J t Z  : =      Z  t − 1   , … ,  Z  t − q      ′    ∈    ℝ  q      .



The null hypothesis for the Granger causality test assumes that    Z t    does not Granger-cause    Y t      and is given by:


   H 0  Z ⇏ Y   :  F Y    y ∖  J t Y  ,  J t Z    =  F Y    y ∖  J t Y      f o r   a l l   y   ∈   ℝ ,        



(2)




where    F Y    . ∖  J t Y  ,  J t Z        and    F Y    . ∖  J t Y        designate the conditional distribution function of    Y t    given      J t Y  ,  J t Z      and    J t Y   , respectively. The null hypothesis defined by Equation (2) is called Granger non-causality in distribution.



Given the difficulty in estimating the conditional distribution, the formulation defined by Equation (2) is limited to the test for Granger non-causality in mean, which is barely a necessary condition for the expression given by Equation (3) [48]. It follows that    Z t    does not Granger-cause    Y t    in mean if:


  E    Y t  ∖  J t Y  ,  J t Z    = E    Y t  ∖  J t Y      f o r   a l l   y   ∈   ℝ          



(3)




where   E    Y t  ∖  J t Y  ,  J t Z      and   E    Y t  ∖  J t Y        represent the means of    F Y    . ∖  J t Y  ,  J t Z      and    F Y    . ∖  J t Y     , respectively.



As noted by Troster [48], the preceding specifications have two major drawbacks. Firstly, the uniform causality in mean fails to accommodate potential links in the extreme conditional quantiles of the distribution. Secondly, the null hypothesis described in Equation (3) tells us nothing of the “level of the causality” in the case of rejecting the hypothesis. To overcome these two limitations, Troster [48] proposes Granger non-causality in conditional quantiles.



By substituting    F Y    . ∖  J t Y  ,  I t Z      and    F Y    y ∖  J t Y        by their τ-quantiles, noted by    Q τ  Y , Z     . ∖  J t Y  ,  J t Z      and    Q τ  Y , Z     . ∖  J t Y     , respectively, in Equation (2), the following expression can be obtained:


   H 0  Q C ,   Z ⇏ Y   :  Q τ  Y , Z     y ∖  J t Y  ,  J t Z    =  Q τ Y    y ∖  J t Y      ,   a . s .   f o r   a l l   τ   ∈   Γ ,      



(4)




where  Γ  is a compact set such that  Γ  ⊂ [0,1], and the conditional τ-quantiles of    Y t    fulfil the subsequent constraints (conditions):


  P r    Y t  ≤  Q τ Y    y ∖  J t Y    ∖  J t Y    ≔ τ   f o r   a l l   τ   ∈   Γ  










  P r    Y t  ≤  Q τ  Y , Z     y ∖  J t Y  ,  J t Z    ∖  J t Y  ,  J t Z    ≔ τ   f o r   a l l   τ   ∈   Γ  











With an explanatory vector    J t   , we get   P r    Y t  ≤  Q τ Y    y ∖  J t Y    ∖  J t Y    = E   1    Y t  ≤  Q τ Y    y ∖  J t Y    ∖  J t Y       , where   1    Y t  ≤ y         denotes an indicator function of the event that  Y  is less than or equal to y. Therefore, Equation (4) can be written in its equivalent form:


  E {  1 [   Y t  ≤  Q τ  Y , Z     y ∖  J t Y  ,  J t Z    ∖  J t Y  ,  J t Z   ]  } = E {  1 [   Y t  ≤  Q τ Y    y ∖  J t Y    ∖  J t Y   ]  }   ,   a . s .   f o r   a l l   τ   ∈   Γ  



(5)




where the left-hand side of Equation (5) defines the τ-quantile of    F Y    . ∖  J t Y  ,  J t Z        by definition. Following Troster [48], a parametric model is required for the estimation of the τ-th quantile of    F Y    . ∖  J t Y     . To this end, suppose that    Q Y    . ∖  J t Y      is appropriately modelled by a parametric quantile specification   s   . , φ  τ     , which belongs to a set of functions   S =   s   . , φ  τ    ∖ φ  .  : τ → φ  τ  ∈ Φ ⊂  ℝ p  ,   f o r   τ   ∈ Γ ⊂   0 , 1      .



Next, under the null hypothesis given by Equation (5), the τ-conditional quantile,    Q Y    . ∖  J t Y     , is appropriately modelled by a parametric quantile specification   s      I t Y  ,  φ 0   τ      defined on the subset information    J t Y   . It follows that the null hypothesis of absence of Granger causality is reformulated as follows:


   H 0  Q C ,   Z ⇏ Y   : E   1    Y t  ≤ s    J t Y  ,  φ 0   τ    ∖  J t Y  ,  J t Z      = τ   ,   a . s .   f o r   a l l   τ   ∈   Γ ,    



(6)







Versus


   H A  Q C ,   Z ⇏ Y   : E   1    Y t  ≤ s    J t Y  ,  φ 0   τ    ∖  J t Y  ,  J t Z      ≠ τ   ,   a . s .   f o r   a l l   τ   ∈   Γ ,      



(7)




where     s    I t Y  ,  φ 0   τ      appropriately defines the true conditional quantile    Q Y    . ∖  I t Y     , for all   τ   ∈ Γ  . Equation (6) can be reformulated as    H 0  Q C ,   Z ⇏ Y   : E   1   (  Y t  − m    I t Y  ,  φ 0   τ    ≤ 0 − τ   ∖  I t Y  ,  I t Z    = 0  , for all     τ   ∈    Γ   . Furthermore, the null hypothesis of Equation (6) can be described by a sequence of unconditional moment restrictions such as:


  E   1   (  Y t  − s    I t Y  ,  φ 0   τ    ≤ 0 − τ   exp   i  ω ′   I t      = 0   ,    for   all      τ   ∈    Γ     



(8)




where   exp   i  ω ′   I t    ≔ exp   i  ω 1       Y  t − 1    Z  t − 1      ′  + ⋯ + i  ω r       Y  t − r    Z  t − r      ′      represents a weighting function for all   ω ∈  ℝ r      with   r ≤ d  , and   i =   − 1     is the imaginary root. Hence, a parametric test statistic can be formulated as the sample analogue of this expression     E   1   (  Y t  − s    I t Y  ,  φ 0   τ    ≤ 0 − τ   exp   i  ω ′   I t      :  


   v T    ω , τ   =  1   T      ∑   t = 1  T    1   (  Y t  − s    I t Y  ,  φ T   τ    ≤ 0 − τ   exp   i  ω ′   I t                               



(9)




where    φ T    is a    T   -consistent estimator of    φ 0   τ   , for all   τ   ∈   Γ  . Then, the following test statistic suggested by Troster [48] can be deduced:


   z T  : =   ∬   T W        v T    ω , τ      2  d  F ω   ω  d  F τ   τ   



(10)




where the function    F ω   .    designates the conditional distribution of a d-variate standard normal vector,    F τ   .    is a uniform discrete distribution defined on the set of T in n equally spaced random points,    T n  =        τ j      j = 1  n   , and   ω ∈    ℝ d    is the vector of weights obtained from a standard normal distribution. The expression of Equation (10) can be assessed by its sample equivalent. Consider a T × n matrix with components    ψ  i j   =  Ψ   τ j       Y i  − s    I t Y  ,  φ T     τ j         , where    Ψ   τ j     .    is the function    Ψ   τ j     ε  ≔ 1   ε ≤ 0   −  τ j   . The test is therefore based on the statistic:


   z T  : =  1  T n     ∑   j = 1  n     ψ  . j  ′  W  ψ  . j      



(11)




where  W  is the n × n matrix with components s    w  t , s   = exp (  − 0.5      J t  −  J s     2   )   and      ψ  . j  ′      designates the j-th column of Ψ. The rejection of the null hypothesis of the test is conditioned by observing large values of    z T    in Equation (11).



Following the pioneering work of Troster [48], the subsampling procedure is applied to compute critical values for    z T    in Equation (11). The procedure therefore consists of computing    z T    for the whole subsample, and the p-values are deduced from the average value of the B subsamples test statistics.



Notably, the subsample is selected of size   b =   k  T  2 / 5      , where    .    stands for the integer part of a number, and k is a constant term [62].



To obtain the    z T    test, as given in Equation (11), we follow Troster [48] and choose three QAR specifications   s  .   , for different quantiles of order  τ ,   τ   ∈ Γ ⊂   0 , 1    , under the null hypothesis of absence of Granger causality in Equation (8) as:


  Q A R 1 :    s 1     J t Y  , φ  τ    =  λ 1   τ  +  λ 2   τ   Y  t − 1   +  β t   F u  − 1    τ           



(12)






  Q A R 2 :    s 2     J t Y  , φ  τ    =  λ 1   τ  +  λ 2   τ   Y  t − 1   +  λ 3   τ   Y  t − 2   +  β t   F u  − 1    τ     



(13)






  Q A R 3 :    s 3     J t Y  , φ  τ    =  λ 1   τ  +  λ 2   τ   Y  t − 1   +  λ 3   τ   Y  t − 2   +  λ 4   τ   Y  t − 3   +  β t   F u  − 1    τ     



(14)




where the parameters   φ  τ  =      λ 1   τ  ,  λ 2   τ  ,  λ 3   τ  ,  λ 4   τ  ,  β t     ′    are estimated by a maximum likelihood method, and    F u  − 1     denotes the inverse of a standard normal distribution.




3.3. The Cross-Quantilogram


We investigate the directional quantile dependence and spillover effect between WTI returns and OVX changes across quantiles by utilizing the cross-quantilogram method of Han et al. [49]. This method has various attractive features. Firstly, it captures the correlation and causal dependence between the two variables, irrespective of the distribution region. Secondly, it is free of any distributional assumptions regarding the variables under study to test causality. Thirdly, it allows us to deal with long lags in the Granger causality test.



Formally, the method is presented as follows. For any two-dimensional strictly stationary time series      x  i , t   ,   t ∈ Z   ,   i = 1 , 2  , we denote by    F i   .    the cumulative distribution of    x  i , t     with density functions    f i   .    for   i = 1 , 2  . The respective quantile of the series    x  i , t     is given by    q i     α i    = i n f   u :    F i   u    ≥  α i      for    α i    ∈   0 , 1    . In a bivariate setting, the quantiles of order   α =      α 1  ,  α 2     ′    are given by        q 1     α 1    ,  q 2     α 2       ′  .   To detect the quantile dependence between the two series, the cross-quantilogram, CQ, for the α-quantile with k lags can be found by applying the formula:


   ρ k   α  =   E    Ψ   α 1       x  1 , t   −  q 1     α 1       Ψ   α 2       x  2 , t − k   −  q  2 ,   t − k      α 2            E    Ψ   α 1   2     x  1 , t   −  q 1     α 1              E    Ψ   α 2   2     x  2 , t − k   −  q  2 , t − k      α 2             



(15)







For k = 0, ±1, ±2, …, where    Ψ α   u  ≡ 1   u < 0   − α ,     the term 1[·] indicates the indicator function, while 1[   x  i , t     ≤    q i     α i     ] is recognized as the quantile hit or quantile exceedance process. It follows that the sample form of CQ, based on observed data, is defined as:


    ρ ^  α   k  =     ∑   t = k + 1  T     Ψ   α 1       x  1 , t   −   q ^  1     α 1       Ψ   α 2       x  2 , t − k   −   q ^   2 , t − k      α 2              ∑   t = k + 1  T     Ψ   α 1   2     x  1 , t   −   q ^  1     α 1                ∑   t = k + 1  T     Ψ   α 2   2     x  2 , t − k   −   q ^   2 , t − k      α 2             



(16)







Note that the     q ^  i     α i      parameter in Equation (16) designates the unconditional sample quantile of    x  i , t    , as specified by Han et al. [49]. Furthermore, Han et al. [49] suggest a quantile form of the Ljung–Box–Pierce test statistic with the null hypothesis H0:       ρ ^  α   k  = 0   for all k   ∈ 1 , … , p  . H1:     ρ ^  α   k  ≠ 0   for all   k ∈ 1 , … , p  :


    Q ^  α   p    =   T   T + 1     ∑   k = 1  p    ρ ^  α 2   k    T − k    



(17)




where     Q ^  α   p      represents the portmanteau test of directional predictability from one time series to another corresponding to p lags and quantile pair   α =    α 1  ,  α 2     . For the construction of confidence intervals for the cross-quantilogram, Han et al. [49] suggest using the stationary bootstrap inference procedure and a self-normalized approach.





4. Data and Preliminary Analysis


4.1. Data Description


We use WTI crude oil prices and OVX. WTI is a global benchmark for crude oil prices in the US. The sample period spans 10 May 2007 to 17 April 2020 (yielding 3376 daily observations), based on the availability of OVX data sourced from CBOE. Data on crude oil prices are collected from the online database of the US Energy Information Administration (EIA). Our empirical analysis employs daily WTI and OVX returns computed as log-difference    R t  = 100 ∗ ln (     S t     S  t − 1      )  ; where    S t  = W T I  , or OVX. Figure 1 shows the time evolution of the daily levels and returns series over the period of investigation, and Table 1 gives the summary statistics of the daily return series.



As shown in Figure 1, both level and return series exhibit various significant fluctuations that usually concur with major geopolitical, fundamental, or economic events that affect the oil market, such as the 2008 Global Financial Crisis (GFC), the 2009–2012 euro-zone debt crisis, the Libyan crisis of 2011, the 2014–2016 Oil Price Slump, and the oil market turmoil related to the COVID-19 health crisis. The descriptive statistics of daily returns shown in Table 1 indicate that neither WTI returns nor OVX returns are normally distributed, as shown by the excess kurtosis and evidence that the return distributions are leptokurtic with asymmetric tails. The Jarque-Bera test confirms the rejection of the null hypothesis of normality for both return series. This result is validated by the Q-Q normal plot of the series given in Figure 2, because the quantile points deviate from the reference line.



While the OVX returns have a positive skewness, the WTI returns exhibit negative skewness, demonstrating a fatter tail on the left side (losses) of the distribution. The correlation between the two variables is significantly negative (−0.325). To test for serial correlation, we use the Ljung-Box statistic. The result reveals that the null hypothesis of no autocorrelation up to 20 lags is rejected and proves the existence of conditional heteroskedasticity in the dynamics of both series. As a reaction to the influx of new information, the market adjusts the volatility forecast and, accordingly, options prices.



It is worth noting that, as a part of our preliminary investigation, we assess the presence of non-linearity by performing the Brock–Dechert-Scheinkman (BDS) test of Broock et al. [63] on the residuals of the oil and OVX returns equations in the vector autoregressive (VAR) (1) model. As Table 2 shows, the null hypothesis of i.i.d. residuals is rejected at different embedding dimensions (m), providing evidence of non-linearity in the data.



We also check for the existence of multiple structural breaks by conducting the methodology developed by Bai and Perron [64]. Unreported results provide evidence of non-linearity and the presence of at least one structural break in both WTI and OVX return series.




4.2. Unit Root Testing


We begin by examining the stationarity properties of our time series. This step is a key requirement for performing our statistical methodology. Using three familiar unit root tests, specifically the Augmented Dickey and Fuller [65] (ADF), the Phillips and Perron [66] (PP), and the Zivot and Andrews [67] (ZA) tests, Table 3 shows that the return series are stationary at the 1% significance level.



As a part of our full quantile-based statistical methodology, we also include in our analysis the QAR unit root test to check whether or not the unit root results persist across the quantiles of the conditional distribution, not only at the conditional mean. As noted by Koenker and Xiao [59], this kind of test has higher power than conventional unit root tests. Furthermore, the quantile-based unit root test outperforms conventional unit root tests in case of a deviation from the hypothesis of Gaussian residuals. The results of the quantile unit root test are given in Table 4, which shows the persistence measure estimates as well as the t-statistics at the 5% significance levels, under the null hypothesis H0: β(τ) = 1, for various quantiles τ ∈ [0.05,0.95].



Both return series are stationary, irrespective of the level of significance, for all the considered quantiles of the conditional distribution. These findings support the previous results obtained with the conventional unit root tests (Table 3). Having this in hand, we proceed to the implementation of the quantile-based methodology.




4.3. Testing for Cointegration


We conduct the linear cointegration test of Johansen [68,69] and the quantile cointegration test suggested by Xiao [70] to check whether the series are cointegrated. Panel A of Table 5 indicates that there exists a linear cointegration between the series at the 5% significance level. Panel B, the results of the quantile cointegration test proposed by Xiao [70], shows evidence of a significantly non-linear cointegration relationship between the quantiles of both series at any level of significance, indicating that the cointegration link between the variables changes over the distribution.



Overall, the non-normality of the unconditional distribution, the non-linearity, and the presence of structural breaks in our data provide preliminary support for the use of the causality in quantiles test and the cross-quantilogram approach.





5. Empirical Results


5.1. Granger Causality Test Results


To explore the Granger causal relationship between WTI returns and OVX returns, we begin by conducting the standard test of Granger causality, for the purpose of comparison. The results of the Granger causality test between WTI and OVX, with three lag-lengths, k = 1, 2, 3, are given in Table 6. They show that the null of no Granger causality existing from WTI returns to OVX changes, cannot be rejected at any level of significance. However, OVX returns are found to Granger-cause in mean WTI returns at the 5% significance level. Notably, these results should be taken with caution because the standard test of Granger causality does not account for potential non-linearity.



After verifying the stationarity of our data, we are justified in the application of the parametric test of Troster [48] to examine the Granger causality in quantiles. While the standard Granger causality test shows evidence of a mean unidirectional causal relationship running from OVX changes to WTI returns, it is important to evaluate the validity of such a relationship at each of the quantiles considered. To this end, we follow Troster [48] and estimate three different QAR models, given by Equations (11)–(13), for each dependent variable in the    z T    test, given by Equation (11). Following Sakov and Bickel [62], a subsample is chosen of size   b =   k  n  2 / 5      , where    .    corresponds to the integer part of a number, the constant parameter is given by k = 5, and n = 3373 is the sample size. The subsequent subsample size is   b = 129  , but the unreported results show that the findings are not very sensitive to other choices of subsample size.



With this quantile approach test, we can distinguish between causality affecting the various portions of the conditional distribution (i.e., lower, median, or upper quantiles). Table 7 shows the subsample p-values of the    z T    test defined by Equation (11). WTI returns oil prices Granger-cause OVX returns at the 1% significance level, for all quantiles considered, except some quantiles in the middle part of the distribution (i.e., 0.4 and 0.45). For the reverse direction, there is evidence of Granger causality from OVX returns to WTI returns. However, we fail to confirm evidence for Granger causality either at the extreme quantiles or in the near centrally located quantiles of the distribution. Notably, these results are not sensitive to lag-length defining the QAR specification, under the null hypothesis of no Granger causality. These findings are partially in line with the result of Lin et al. [71], who report that oil prices have a bi-directional relation with OVX. Similarly, in a different application, Liu et al. [17] find a significant bi-directional implied volatility transmission between oil and US stock markets.



While the test of Troster [48] provides some insight into the causal relationships in conditional quantiles, it has one major drawback, which is common for parametric approaches, which is that it might be subject to ambiguous results owing to misspecification and consequently may lose its full ability to capture the true causal relationships between the return series. Additionally, the test of Troster [48] does not indicate the extent or sign of the relationship for the variables in question. Subsequently, to overcome these potential problems and for reasons of comparability, we apply the nonparametric cross-quantilogram approach of Han et al. [49].




5.2. Cross-Quantilogram Analysis


The results of the CQ are graphic, and in each plot we report the sample cross-quantilograms for lag k = 1, 2, …, 30, in conjunction with the 95% bootstrapped confidence intervals for no directional predictability with 1000 bootstrapped replicates, distinguished by red-dashed lines. The findings for the relationship between WTI and OVX returns are given in Figure 3, Figure 4, Figure 5 and Figure 6, when both markets are in the same quantiles, i.e., for the grid of 19 quantiles   τ =   0.05 ;   0.95    , and in Figure 7, Figure 8, Figure 9, Figure 10, Figure 11 and Figure 12 when both markets are in opposite quantiles. Note that if    ρ k   α  = 0  , there is no dependence or directional predictability from an event      x  2 , t − k   ,   ≤    q  2 , t − k      τ 2    : k = 1 , … , p     to an event      x  1 , t − k   ,   ≤  q  1 , t − k      τ 1      : k = 1 , … , p    . In contrast, if    ρ k   α  ≠ 0  , there is a quantile dependence or directional predictability between the two events. In our framework, the lead/lag parameter k, defined in terms of days, governs the delay in the predictability from one return time series to another.



5.2.1. Results When Both Return Series Are in the Same Quantiles


Figure 3 and Figure 4 show the cross-quantilogram and Box–Ljung test statistics for the directional predictability from WTI returns to OVX returns. The results show that WTI returns have a positive and significant effect on OVX returns when both are at their lower quantiles (less than 0.4). However, in general, this OVX quantile reliance on WTI is dispelled for larger lags, with a few non-substantial exceptions for some lags, suggesting that the relationship weakens over time. On the other hand, there is no sufficient evidence of dependence between the two return series when they are at intermediate to higher quantiles, except for some quantiles such as 0.45 and 0.5. We note that the quantile dependence is asymmetric as the negative spillover is stronger than the positive spillover.



In the case of the spillover from OVX to WTI, as shown in Figure 5 and Figure 6, OVX exhibits a positive and significant impact on WTI when both return series are at the upper quantiles. We, however, do not see any sufficient evidence of causality when the two return series are in lower to intermediate quantiles. These findings indicate that oil prices surge as OVX, which includes investor sentiment or a fear component, surges. In other words, when there is increasing uncertainty in the crude oil market, as reflected by an increasing OVX, both crude oil prices and OVX tend to leap upwards together. This result is in line with previous studies such as Jagerson (2008), who postulates that OVX can forecast oil prices, and Aboura & Chevallier [38], who establish that a surge in the oil price is followed by a surge in volatility. The results support the findings of Liu et al. [21], who show that WTI returns are more sensitive to OVX upsurges than OVX declines. Equally, we note that the quantile dependence is asymmetric as the spillover between right tails is higher than the spillover between left tails.



Based on the above analysis, we reveal the quantile dependence between the two return series when both are in the same quantiles, and generally find that OVX (WTI) tends to co-crash (boom) with WTI (OVX). Furthermore, the dependence between both return series is essentially found to be significant when both return series are in the tails of the distribution.



We next examine the interdependence between OVX and WTI returns when the returns series are in opposite quantiles.




5.2.2. Results When the Return Series Are in Opposite Quantiles


To capture the potential quantile dependence and directional predictability of one series to the other when the return series are in opposite quantiles, we present the cross-quantilogram of lag k = 1, 2, …, 30 when the distributions of the series returns are in bear, bull, and normal states, i.e., three quantiles are considered: low (τ = 0.1), high (τ = 0.9), and median (τ = 0.5). The full results for other quantiles and the Box–Ljung test statistic results are available from the authors upon request.



We first provide the results (Figure 7) of the cross-quantilogram when the WTI returns are in the lower quantile, i.e.,    q 2     α 2      for    α 2  = 0.1  , and the OVX returns are in the other 19 quantiles, i.e.,    q 1     α 1      for    α 1    ϵ     0.05 ,   0.10 , … ,   0.95    . OVX is found to have a dependence of negative and positive signs on WTI. This outcome, though, is mainly significant in the lower quantiles, suggesting that the structure of dependence between the two series is mostly seen during the low OVX state. Next, we consider the scenario when WTI returns are in the median quantile, i.e.,    q 2     α 2      for    α 2  = 0.5  , with positive (negative) and significant cross-quantilogram estimates, for some lags, at the upper (lower) quantiles of OVX returns (see Figure 8). When WTI returns are lower than the median, OVX returns have a positive (negative) dependence on WTI returns in the lower (upper) quantiles. Finally, we present the upper quantile scenario, when oil returns are in the higher quantile,    q 2     α 2    = 0.9  , and OVX returns are in the other 19 quantiles, i.e.,    q 1     α 1      for    α 1    ϵ     0.05 ,   0.10 , … ,   0.95    . In Figure 9, we see evidence of spillovers from WTI returns to OVX returns. Overall, there is no consistency in either the sign or the pattern of the cross-quantilogram estimates. Furthermore, a significant negative dependence is only seen for some lower quantiles of OVX returns. This suggests that the relationship between the two return series is very weak. Interestingly, a comparison of Figure 7, Figure 8 and Figure 9 reveals that the predictive ability of WTI returns over OVX returns is usually more noticeable during bearish market conditions.



In the case where OVX returns are in the lower quantile, i.e.,    q 2     α 2      for    α 2  = 0.1   and WTI returns are the other 19 quantiles, i.e.,    q 1     α 1      for    α 1    ϵ     0.05 ,   0.10 , … ,   0.95    , the results are given in Figure 10. Overall, the sample cross-quantilograms are statistically insignificant, suggesting that no significant dependence exists between WTI returns and OVX returns when the latter is in lower quantiles. Similarly, once the OVX returns are at the medium quantile (Figure 11), there is no sufficient indication justifying the quantile association between the return series. This advocates that, once OVX is in a normal condition, OVX returns do not have the ability to predict WTI returns.



Figure 12 shows that when OVX is in the higher quantile,    q 2     α 2    = 0.9  , the cross-quantilogram estimates are negative (positive) and statistically significant for some lags in the lower (upper) quantiles. This outcome indicates that when OVX returns are very high, revealing rising uncertainty in the crude oil market, OVX returns exhibit a substantial impact on WTI returns. However, this impact is only found in the extreme quantiles (very bearish or very bullish conditions) of oil price returns. A comparison of Figure 10, Figure 11 and Figure 12 shows that the forecasting ability of OVX returns over WTI returns is usually more pronounced during soaring investor sentiment about the state of the crude oil market.



To sum up, the results indicate that when WTI and OVX return series are in different quantiles, WTI returns can be useful to predict extreme low/high variations in OVX returns during bearish market conditions. Indeed, they show that the lower quantile of WTI returns positively and significantly influences the quantiles of OVX returns, but the dependence is reversed during bear market conditions. Under normal market circumstances, the dependence can be either positive or negative. These results are quite comparable to Benedetto et al. [33], who present evidence of predictability from OVX to WTI, although our results are more nuanced and account for upper, middle, and lower quantiles. For the reverse relationship, OVX returns are found to be helpful in predicting extreme fluctuations in WTI returns. Indeed, evidence indicates that high OVX returns have significant and negative effects on the lower quantiles of WTI returns, but the dependence turns positive at upper quantiles. Furthermore, during low and middle OVX returns, the evidence does not support any directional predictability, which validates the results of Liu et al. [21], who show that oil price returns are reacting more to OVX increase than to OVX decrease. This also confirms the findings of Agbeyegbe [41] and Ji and Fan [27], who postulate that OVX is favored as a gauge of investor fear over risk preference.



Broadly, our findings prove that the relationships between OVX and oil prices exhibit heterogeneous behavior across quantiles and asymmetric dependence. These findings are partly in line with Agbeyegbe [41], Chen and Zou [57], Silva Junior [45], Lin and Tsai [40], Shaikh [44], and Fousekis [46], who show evidence of asymmetric relationships between OVX and oil prices. Furthermore, our findings are partly in accordance with Aboura and Chevallier [38], who establish the existence of an inverse leverage effect, which characterizes a larger increase in volatility following an upsurge in oil prices than following a decrease in oil prices of the same magnitude. However, the findings do not agree with Chen et al. [39], who find that a feeble negative association exists between OVX changes and future crude oil price returns, and that extreme levels of OVX cannot appropriately forecast future fluctuations of returns. However, it is worth noting that the studies mentioned above do not rely on quantile approaches as we do, particularly in relation to causal links between the two return series. Our comprehensive analysis allows us to cover the detailed interplay between oil prices and oil implied volatility.






6. Conclusions


In this study, we analyze the Granger causal interplay and directional predictability between crude oil returns and the returns of the Crude Oil Volatility Index (OVX), under various market conditions. To this end, we apply various quantile-based tests and models, specifically the quantile unit root test developed by Galvao [47], the parametric test of Granger causality in quantiles of Troster [48], and the nonparametric cross-quantilogram approach of Han et al. [49].



While the Granger causality in quantiles analysis indicates a significant bi-directional predictability between oil returns and OVX returns, the results of the cross-quantilogram approach show a complete and more nuanced picture of the relationships at various quantiles. Specifically, the relationship exhibits heterogeneous behavior, which points to asymmetry across quantiles. Furthermore, the quantile dependence from oil returns to OVX returns is different from that from OVX returns to WTI returns. The predictive power of oil returns is generally seen when both return series are in similar lower quantiles, which means that when the oil market is bearish, it is possible for OVX to be declining. In opposite quantiles, however, there is evidence of quantile predictability at the middle quantile and at the tails of oil returns, particularly the left tail.



For the reverse relationship, OVX returns can be used to predict extreme low/high variations in WTI prices. Precisely, when the level of OVX is high, OVX returns have a negative and significant effect on the lower quantiles of oil returns. However, this dependence turns positive at the upper quantiles of oil returns. At middle and low OVX return quantiles, there is no evidence of directional predictability. The existence of causal links in tails advocates the adequacy and significance of our modelling strategy, which casts doubt on the suitability of the conventional conditional mean-founded causality models that give a partial picture of the WTI-OVX relationship.



The findings of the study are useful for investors in the oil market, as they offer a new perspective on the relationship between return and volatility in the market and point to the asymmetric dependence across quantiles. Although several previous studies present evidence of a significant relationship between oil returns and OVX, the innovation of our study is that it reveals that the causality is quantile-dependent and asymmetric. As a result, investors aiming to control the evolution of prices should take the level of implied volatility into account, because the level of investor sentiment in the oil market, measured by OVX, may drive upcoming variations in spot crude oil returns at some quantiles. At the same time, spot oil price fluctuations can affect implied volatility levels under specific conditions.



The results are also relevant to portfolio risk management and the hedging strategies of participants in the crude oil market. For example, investors can better forecast the return and volatility of the oil market, conditional on market states, and thus refine their trading and hedging strategies and assess their exposure to oil market risk. Additionally, they can anticipate variations in their oil portfolio values due to oil volatility shocks, and can thus adjust their investment and trading positions, considering crude oil market states such as extremely unstable or stable markets. More precisely, investors should consider an asymmetric hedging strategy under upside and downside variations in the levels of OVX, particularly extreme movements of OVX upset by oil-related events that increase the uncertainty and complexity of the international oil market.



Given that the quantile dependence between crude oil prices and oil implied volatility may depend on multitude exogenous variables, future studies could extend this research by accounting for the effect of other variables such as US stock market conditions.
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Figure 1. Evolution of daily levels and returns of WTI crude oil and OVX. 
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Figure 2. Q-Q plots of the series. 
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Figure 3. Sample cross-quantilograms, to capture directional predictability from WTI to OVX, when both return series are in the same quantiles. Results with lag k = 1, 2, …, 30. The dashed lines denote the 95% bootstrapped confidence intervals. 
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Figure 4. Box–Ljung test statistic     Q ^  α   p      for each lag p using     ρ ^  α   k   , to capture directional predictability from WTI to OVX, when both return series are in the same quantiles. The dashed lines are the 95% bootstrap confidence intervals. 
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Figure 5. Sample cross-quantilograms, to capture directional predictability from OVX to oil, when both return series are in the same quantiles. See notes to Figure 3. 
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Figure 6. Box–Ljung test statistic     Q ^  α   p      for each lag p using     ρ ^  α   k   , to capture directional predictability from OVX to WTI, when both return series are in the same quantiles. See notes to Figure 4. 
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Figure 7. Sample cross-quantilograms for WTI returns in the lower quantile, i.e.,    q 2     α 2      for    α 2  = 0.1  , to capture directional predictability from WTI return to OVX. See notes to Figure 3. 
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Figure 8. Sample cross-quantilograms for WTI returns in the median quantile, i.e.,    q 2     α 2      for    α 2  = 0.5  , to capture directional predictability from WTI to OVX returns. See notes to Figure 3. 
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Figure 9. Sample cross-quantilograms for WTI returns in the upper quantile, i.e.,    q 2     α 2      for    α 2  = 0.9   and OVX in the other 19 quantiles, i.e.,    q 1     α 1      for    α 1    ϵ     0.05 ,   0.10 , … ,   0.95   .   See notes to Figure 3. 
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Figure 10. Sample cross-quantilograms for OVX returns in the lower quantile, i.e.,    q 2     α 2      for    α 2  = 0.1  , to capture directional predictability from OVX to WTI returns. See notes to Figure 3. 
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Figure 11. Sample cross-quantilograms for OVX returns in the median quantile, i.e.,    q 2     α 2      for    α 2  = 0.5  , to capture directional predictability from OVX to WTI returns. See notes to Figure 3. 
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Figure 12. Sample cross-quantilograms for OVX returns in the upper quantile, i.e.,    q 2     α 2      for    α 2  = 0.9  , to capture directional predictability from OVX to WTI returns. See notes to Figure 3. 
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Table 1. Summary statistics of returns series for WTI and OVX.
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WTI

	
OVX






	
Mean

	
−0.036

	
0.037




	
Median

	
0.053

	
−0.27




	
Maximum

	
37.474

	
57.821




	
Minimum

	
−39.087

	
−43.991




	
Std. Dev.

	
2.747

	
4.938




	
Skewness

	
-0.402

	
1.057




	
Kurtosis

	
35.974

	
16.026




	
Jarque-Bera

	
153,031.3 ***

	
24,497.87 ***




	
Ljung–Box

	
85.20 ***

	
51.134 ***




	
Observations

	
3376

	
3376




	
Correlation

	
−0.325 ***








Notes: The sample period is 10 May 2007 to 17 April 2020. *** denotes statistical significance at the 1% level.
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Table 2. Results of Brock–Dechert–Scheinkma (BDS) statistics from VAR residuals.
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	m
	WTI
	OVX





	2
	0.029 ***
	0.018 ***



	3
	0.056 ***
	0.033 ***



	4
	0.074 ***
	0.04 ***



	5
	0.083 ***
	0.045 ***



	6
	0.087 ***
	0.046 ***



	2
	0.029 ***
	0.018 ***







Note: The values denote the BDS test built on the residuals of WTI and OVX returns in a VAR. m represents the embedding dimension of the BDS test. *** signifies rejection of the null of residuals being i.i.d. at the 1% significance level.
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Table 3. Results for conventional unit root tests for the two series.
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	OVX
	WTI





	ADF Test
	−59.922 ***
	−62.137 ***



	PP Test
	−60.180 ***
	−62.107 ***



	ZA Test
	−36.084 ***
	−29.688 ***







Note: ***, **, and * indicate the rejection of the null hypothesis at the 1% 5% and 10% significance levels, respectively.
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Table 4. Quantile autoregression unit root test results.
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WTI

	
OVX




	
   τ   

	
    β  τ     

	
T-Stat

	
CV

	
    β  τ     

	
T-Stat

	
CV






	
0.05

	
0.047

	
−10.595

	
−3.37

	
−0.154

	
−23.545

	
−2.31




	
0.1

	
0.031

	
−19.564

	
−3.35

	
−0.111

	
−42.006

	
−2.31




	
0.15

	
0.049

	
−25.391

	
−3.293

	
−0.092

	
−48.172

	
−2.31




	
0.2

	
0.075

	
−29.558

	
−3.236

	
−0.055

	
−55.28

	
−2.313




	
0.25

	
0.065

	
−34.652

	
−3.236

	
−0.047

	
−60.029

	
−2.385




	
0.3

	
0.038

	
−38.02

	
−3.208

	
−0.039

	
−62.469

	
−2.53




	
0.35

	
0.023

	
−43.397

	
−3.195

	
−0.041

	
−63.142

	
−2.588




	
0.4

	
0.015

	
−47.051

	
−3.136

	
−0.03

	
−65.601

	
−2.65




	
0.45

	
0.011

	
−48.649

	
−3.073

	
−0.029

	
−67.283

	
−2.644




	
0.5

	
−0.002

	
−51.437

	
−3.07

	
−0.024

	
−65.054

	
−2.704




	
0.55

	
−0.012

	
−53.711

	
−3.066

	
−0.02

	
−62.884

	
−2.742




	
0.6

	
−0.01

	
−52.972

	
−3.01

	
0.007

	
−59.946

	
−2.854




	
0.65

	
−0.023

	
−51.49

	
−2.964

	
0.016

	
−54.166

	
−2.895




	
0.7

	
−0.044

	
−49.292

	
−2.884

	
0.018

	
−49.539

	
−2.888




	
0.75

	
−0.067

	
−45.158

	
−2.764

	
0.038

	
−45.41

	
−2.902




	
0.8

	
−0.092

	
−39.279

	
−2.575

	
0.067

	
−41.718

	
−2.901




	
0.85

	
−0.121

	
−34.714

	
−2.491

	
0.052

	
−38.062

	
−2.914




	
0.9

	
−0.168

	
−28.373

	
−2.31

	
0.088

	
−22.758

	
−3.036




	
0.95

	
−0.149

	
−13.036

	
−2.31

	
0.075

	
−7.644

	
−3.154








Notes: This table displays the outcomes of the quantile unit root test for the grid of 19 quantiles, τ = 0.05, …, 0.95. The procedure consists of testing the null hypothesis of the unit root H0: β(τ) = 1. The null hypothesis of unit roots is rejected at quantile τ when the test-statistics are less than 5% the critical value (CV).
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Table 5. Results of linear and quantile cointegration tests.
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Panel A: Johansen Linear Cointegration Test




	

	
Trace statistic

H0: rank = 0 (15.41)

	
Max. eigenvalue statistic

H0: rank = 0 (14.07)




	
WTI-OVX

	
20.202 (**)

	
18.992 (**)




	
Panel B: Quantile Cointegration Test




	
model

	
coefficient

	
    S u    p   τ        V ^    n     τ       

	
critical values




	
1%

	
5%

	
10%




	
WTI versus OVX

	
beta

	
7406.825 (***)

	
250.470

	
141.558

	
115.485




	
gamma

	
935.6308 (***)

	
20.814

	
13.542

	
9.543








Notes: Panel A shows the result for the test of Johansen [68,69] for oil price and OVX, taken in natural logarithm form. Numbers in parentheses next to H0: rank = 0 are the 5% critical values of the corresponding test statistic. Panel B shows the test statistic of the quantile cointegration model between the considered variables computed using an equally spaced grid of 19 quantiles [0.05; 0.95]. *** and ** denote the rejection of the null hypothesis at the 1% and 5% significance level, respectively.
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Table 6. p-values of the standard test of Granger causality (in mean).
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Number of Lags




	

	
1

	
2

	
3






	
   H 0   :  WTI does not Granger-cause OVX

	
0.341

	
0.35

	
0.441




	
   H 0   :  OVX does not Granger-cause WTI

	
0.00 **

	
0.001 **

	
0.002 **








Notes: ** denotes statistical significance at the 5% level.
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Table 7. Granger causality in quantiles: subsample p-values.
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WTI to OVX

	
OVX to WTI




	

	
Number of Lags

	
Number of Lags




	
Quantiles

	
1

	
2

	
3

	
1

	
2

	
3






	
0.05

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.1

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.15

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.2

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.25

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.3

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.35

	
0.0003

	
0.0003

	
0.0003

	
0.0151

	
0.0031

	
0.0031




	
0.4

	
0.1624

	
0.1445

	
0.3552

	
0.3417

	
0.7967

	
0.7699




	
0.45

	
0.2597

	
0.3121

	
0.1673

	
0.0034

	
0.0111

	
0.0089




	
0.5

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.55

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.6

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.65

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.7

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.75

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.8

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.85

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.9

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003

	
0.0003




	
0.95

	
0.0086

	
0.0062

	
0.0123

	
0.9356

	
1

	
1








Note: The values in bold are the p-values indicating the rejection of the null hypothesis of no quantile Granger causality at the 1% significance level.



















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
3

an o

an o

TJhtsaraag) 2 fhboanion) 2 e g
TEE s Tiwmes Josewm
Juemalcaaa S el e H B
e - T———" =
foOCE C3EE = =
Jopaurs o H b H
= e = -
e Joremree 2






media/file4.png
Sample Quantiles

40

20

-20

40

WTI-QQ Plot

Sample Quantiles

-2 O 2

Theoretical Quantiles

40

OoOvX-QQ Plot

-2 (8] 2

Theoretical Quantiles





media/file18.png
Quantilogram
D00 005

L0 005

L0 0.05

L0 005

A0 0.05

&, =005

[ ;J fu'l'uhn
pALIRLUM LR L
1 1 1 | 1 1
i 10 2 S0
o, =025
1 1 1 | 1 1
O 10 2 S0
L -5
I W
ML LU I oL A B
1 1 1 | 1 1
o 10 2 S
=) - G55

.10 005 A0 0.05 A0 0,05 L0 005

A0 0.05

L9 S

—_ e e e —_

—_
L1 11l

Ll | | LU L LLLI L
I — T —

L1 1k

1 1 T T 1
2 3D

o, == 0.3

L 1 20 S0

) - 0.5

—— T T -

L 1 L AL

L0 005 A0 0.05 L0 0,05 L0 005

A0 0.05

&, = 0.15

__a-—\_-.__:—_,_"-\_.u.-d_.\_

1 1 | PR |
JRRLL | i LR LS il

1 1 T T 1
o 1d

&, = 075

2 3D

—_— o ™ - el =

e — el & e

S DL

T 1T T T 1
o 1d

2 3D

010 0.05 L0 0,05 L0 005

L0 005

oy =02
—_— e e — e e
- - —_— -

L -

— T T ™ am m—

1 ' P |
il | L LLUNL S

L 1 2 30

e e i T

2 1 L1 1 n
L M LLLLI NI b M

L 1 220 30





media/file21.jpg
Qunlogram
a0 00 o0 005 A0 005 a0 088

an o

= =0.08 =01 =015 & =02
g e Seer o T
o-0s o033 am0s
O] s -] 8% -] 8%
e Jemetm Jremrcrm e
= = =
P w0 Eisias o-0s
mms—" N e— N xom— S E——
e Jerrtarm TS e
= = =
vt (= e (= v R Fo—
SR fasaaay e Bz
S e 3w S e 3 w0 S e 3 w0 ST
e - 2 pr— - t: p—
Aoy Fereesy 3
ST s ST S ST
oy





media/file3.jpg
‘Sample Quantles

WTI-QQ Plot

2 o 2

Theoretical Quantiles

Sanpe Quarles

200 0 4

40

ovx-QQ Plot

—
2 o 2

Theoretical Quantiles





media/file22.png
uantilogram
00 00§

A0 005

A0 005

A0 005

A0 0,03

@, =005

T — ., — m—

o, — 035
e — —_—— -
T I | 13l
L] L] L] II
—_— —_—— -

A0 008 A0 008 A0 008 A0 008

Q.10 0.0

= -1

e W ——

T 0.5

e T e T —

L | L L

Ty oo
S| P Pl P
:JI_I__I._ -I—.-- - z L]

A0 005 A0 005 A0 005 A0 005

A0 0,05

@y =015

@, = D55

e M e e e —

L ML L

o 10 20 30
&, = 0TS

A0 005 A0 005 A0 005

A0 005

Ty e o 2

— e g o T e

| "
J LLA IO LY B L

T
i 1 2 S

o, =04

— e, — — A — T —

e — — T — —

oy =0
—'-"-\_T—_:—a——\_-\_
1 1 1 1
T T 1 T
—_— e e e — e






media/file19.jpg
Quntogrun

an o R T T T

a0

VT 2 L,
Tosgance;] 2 fsgmazs] 2 Tuascca]

ey

iz

Bl

g P TCT I § Er—
2 S o © i
= T - e





media/file7.jpg
I EEEE]

I EEEE]

IEEEEEE]

IEEEEREE]

s
s
Py
i






media/file10.png
Quantlog ram

.10

003

0.10

005

005 0.10

005

A0.10

005

A0.10

— e C— e T Te

1 1T T 11
o 10 20 30

oy =045

— e = =T T

L AL L I ||

—

T T . L (e e e

T T 1 11
0 10 2 3Sd

005

0.10

004

0.10

004

0,10

004

.10

005

0.10

L Y - i1

—_— e T e = e

L MR | B L

T 1 1 11
o 10 20 350

Oy - .7

— te— —
11 1
LI

— _— e e

— g —
I..||||I|

0 1 200 30D
) - oo

_LIutink; Gk,

_-'.—"_a-—__.-__-\__

T 1 1 11
o 10 2 S

005

0.10

005

0.10

005

.10

005

010

005

.10

oy = 015

] — —_— . -
rl-.lllll ' .|| I- 11

o m — e,

003

0.10

005

0.10

005

.10

005

A0.10

Ky - 0.2

S ™ e e
Lol s 1

—_— e e e e — e

T T 1 11
o 10 2 30

o, =04

e

[ A L

1T T T 11
o 10 220 S0

Ty - LR

1] 10 200 30






media/file14.png
Ouanilogram
Q00 003

A0 0,05

Q00 0.0

A0 0,03

Q00 0.0

— - —a—— e

1 T T 1
o 10 D

o, =085

=L

— —— ——

i 1 2k S
o, = 0BS5S

D S B S I

i 1 2k S

A0 0,05 Q00 0,05 Q00 0.0 A0 0,05

A0 0.0

i 1

Ty L1

— —

P PR I |
[ LI ) SR L

n
—

L 140 2
T oo

S

_——_—— = = -

1 i [T
| L

T T T T 1
o 1O

A0 0,08 A0 0,05 A0 0,05 A0 0,05

A0 0.0

— e T e
A

I L |

i 1

Q00 0.0 Q00 0.0 A0 0,05

A0 0,03

L 10 2D
o, =04

L e S

L 1 2 Sk
L ¥ -
: _— e e el AT e e

o 10 20 30
L+ 9 - R
I el malraltiie ¥ o

N e g | s

L 1 2 Sdb





media/file11.jpg





media/file6.png
Duantilogram
A0 005

A0 005

.10

.00 005

0.03

.10

— e—l— e e -

T T T 11
o 1o 22 S0

&, =065

T
1 1 | | | ||
o 10 20 30
@, =085

A0 005

.10

000 005

.00 005

0.03

.10

L+ 4] -1

000 005

0.03

.10

000 005

000 005

0.03

.10

L 10 200 30

@&, = 0.55

- "‘-—h"-\-_f--\——

11 1 1
II_]_I "'I"
— — — -

T T 1T T 1
L1 10 20 3D

@&, = 0.75

e T T e e e

| L 4

L 10 200 S0

L1 10 2200 30

L0 0,05

0,05

.10

L.00 0.05

L0 0,05

) - iR

.—"—"a—a—-\_-u—-u-_:-

LI II-«.--\..J'-‘I-II






media/file15.jpg
a0 05

a0 0§

Quntiogam
a0 ofs

an o

a0 0s

= =

H H

s £ feneasiss
S Jomepd o = framparec
= = =

H] S

= = Jrfpeeess

Lag





nav.xhtml


  mathematics-11-00528


  
    		
      mathematics-11-00528
    


  




  





media/file16.png
Duantilogram
Q10 003 Q10 003 Q.00 005

Q10 003

Q10 003

—y —y ——y
| ] — — —
= = = [ ot
= = =1 """ 7"
= = = T T T T T 11
L) 1 el S0 i 1 e ) =1
o, — .35 o, —0.g
= _ = _ = ]
= i, Slint il = Qe zromad = ah® mo s
- — = — — = |- - —— e = _ .,_d-_l'\-\_ _____
= = =
I S B B N = T 1T 1T T 11 = T 1T 1T T 11 = T T T T T 11
L1 140 2 30 Ll 1 b 30 L) 1 el S i 1 e ) =1
L P oy — 5 oy — 55 oy =
] ——y e |
= = . —_ —— = _— e — el — o —
1T S | e — — TI TR |__1|__|_ = N T ER Tr F
— = 1 _ = N N ot et L 1 B
= = ] = |
T T T T 1 = T T T 1T 11 = T T T T 1 = T T T T 1
i 1k b i i 10 2 S i 1k el S i 10 e ) =1
oy — GBS Oy = T oy — TS oy = E
] | | |
— - = = =
1-- JListb! L LIy B LL I AL B LI L LILb I N L LI ML I L !I":F':II"—‘._' L
] == o =
] — T T T T 1 = ] — T T T T 1 = ] — T T T T 1 — - T T T T 1
i 1k b i i 10 b S LE] 1k el S i 1k e ) =1
o, =085 @, — 0.0 @, = 005

| |
f
r
§
010 0.0
| |
i
|
!
{
|
i !
n
010 003
| | |
d
B
r
{
|





media/file2.png
WTI

120 _|

80 ]

40 |

o

40

19 20

07 o8 09 10 11 12 13 14 15 16 17 18

RWTI

-20 |

40

19 20

07 o8 09 10 11 12 13 14 15 16 18

oVvX

200

160 _|

120 |

80 |

40 _|

o

19 20

07 08 69 10 11 12 13 14 15 16 17 18

ROVX

60

40 _|

20 _|

-20 _|

-40 _|

-60

19 20

15 16 17 18

07 08 o9 10 11 12 13





media/file20.png
(uanhlogram
00 003 00 005 00 003

00 003

00 003

=) - 5 Ny - o1 T - o 15 LY — ) ]

— e — "y =] =y .
] - - —_ e = :-._'\-\_'-. - —_ —_ :-._'\-\_ —_ —_—— :.-_'\-._ ———gem e —
. = = = Lol ILE o
A — e —— - A == — — A= - - R —_——— -
= = =
T T T T = I T T T 1T 11 = I T T T 1T 11 = T T T T T 11
Ll 1 2 S i 19 2 S i 14 2 S L 19 2 S
o, =025 o, = 0.3 o, = 035 o, =04
] e e e |
- —_—— I:"._'\-._ —_—— O D'_-u-—'-—f--._d--\-'u-'\-\_'\- I:'.‘_ﬂ-..-'\-\.- —_— - -—
e il TR = AT ETITH T 1171 MO = PRETTINT [T A1 (117 I Y = AT AT AT I |
"I—d——l—l-'-'\-f-:—'\- -._.-«-.d-.d-—"'\--...-lﬂ-._-'-..J-l H—d—-"ﬂ-..——l'\-""J'l '\-:-H-..-—\-..ﬂ-l-d—'\-f-l.._:-'\-._l
B = ] = ] = ]

B L S B N = I T 1T T 1T 11 = I T T T T T 1 = T T T T T T 1
L] 1 X S i 1 b S i 1 X S L] 1 b S
=) -5 =) — ) P ) - 55 =) —

— — — — — —y ]
1 'Illulnl 1 — A | 1 — " |.||r|-ﬂr. - — M ..r-l-hl . -
[ LU | JLENLIL AR Lo [ AN B L | ] PAPSRRLILERL WL M | B
= | = =
1 1 1 1 1 1 |:.'-. 1 1 1 1 1 1 |=.._ 1 1 1 1 1 1 |:.-.- 1 1 1 1 1 1
Ll 1 X S i 1 X S i 1 b S L] 1 0 S
L o] — e ] L Y] - T L+ 9] - TS L - B
] e | | e
i B — Ll i =] T . i = i T 13
AURLELE B | W LD | PR I WL u Bl L N LU I L RRALY | B L LI LI N
= = ] = ]
T T T T T = T T T — T T T T T = - T T T T 1
Ll 1« 2 S i 14 2 S L 14 2 S
oy =035 oy = D5
— — T
— — = _| -
e At = = Jroone
B N | Y LG B L i 21
LLE = = - -
I o N I N B = = T 1T 1T 1T 11

i 10 22 3D





media/file23.jpg
o o

o

o

o

St

P

an s

Enw U5 AN 0 405 AN o0 0





media/file5.jpg
* =02

Quintiogrm

=] =7 2
2 Mibatoiti] = 2 Jahatrag,
E E E
S e 3 %0 S o %0 s o 3 50 ST 3 50
@03 2005 = -04
s a7 a7 =
s S Tl aubaniaic S Tl g, S e i
' T o 10 20 30 © 10 20 30
a0 wioom.
e 2fa] 2l
Py TR
"o 10 20 30 10 20 30 T o 10 20 30
e wimes o -os
g,,MJ_.—J. T Ty = Jemrvtare
= 3 =
T o 10 20 30 T e 10 20 30 o 10 20 30
@-09 @095
] - = eoe— - = ——
ot T
= = =

o 10203 o 1030 30 © 10 20 30
Lag





media/file24.png
Quantlogram
D000 005

0§

D00

D00 005

A0 003

A0 003

o, — O.0S

- —— — —_—— -
il

L e o e

| 1 1 1 1 1
o 10 20 SO
o, — .55

i e T.f__.lh".in_nl._.:'l'l

A = —

T T T T T T
o 10 20 30
=, — O BS

A0 003 A0 003 D00 005 D00 003

A0 003

L= ] -1

T e T e e = el

LE 1k b Sk

Oy e D

A0 003 A0 003 D00 005 D00 003

A0 003

=, — 015

o 10 20 30
=, — TS

Tlihicnbdmitd i

—_— e e e e A T

T 1 T T T 1
L1 1k e ) Sk

A0 008

0008

0

A0 008

A0 008

ﬂl -—

_— e e e -






media/file1.jpg





media/file12.png
aram
4

Chuantilo

41

Ji M

40

4

i M

4

4

40

dii






media/file9.jpg
Quantogram

s

an s

an s

o1 005

a0 00

© 10 20 30

o 10 30 30

© 10 20 30

& =005 =01 & =015
Jrdopzrd S damoazes S Jancoeed S
Prrder AR S
©° 10 20 30 T o 10 20 30 T o 10 20 30 N
a -025 a-03 @, -035
SETerm - EE—— e p— Jecaeugs
B ey JeE oy IR
© 10 20 30 o 10 20 30 %o 10 20 30 © 10 20 30
@ -045 o035 a-0s
s —— (- — =z
T
© 10 20 30 - = =
@ -0.65
— g z
T
© 10 20 30 T o 10 20 30 o 10 20 30 x
085 w09 @095
Junpaacen) S Juniboral S Jeiitibed
s s






media/file0.png





media/file8.png
=
"
~
I —]
=
=+ =
= =
1 L
o o
=
T T T T T = T T T T T = T T T T = T T T T =
08 09 oF 02 0 05 oF 08 02 ar 0 F 08 02 0 0 oF 08 02 0 0
= = = =
1 1 1 1
o o o o
]
- o . o
3 3 3 T3
=] =] =] o
T T T T 1 =
0z 1 HES (= ]
& o &
= = <
1 1 1
=] =] =]
T T T T = T T T T = T T T T = T T T T T =
08 09 0 02 0 aF 05 O 0 ] i 08 02 a1 0 0s oF 0 O ar 0

e 3o nuen sy





media/file17.jpg
Quintiogram
010 005 000 005 000 005

0 005

a0 00

o 10 30 30

oS &I
3 . Bl-o.s
- Tty = P
C "o 10 20 30 T o 10 20 30
03 aos
-3 | —— 3 —
Fo s B
TR T e
sinss acsvn
e 5 BEmas
3 37 3
el % o i m e
a-on
- - = vt
LA e
amon
5] =
8 loean| 2
St
B





