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Several studies have emphasized the potential role of oil price volatility as a leading macroeconomic indicator, since it provides prominent information to energy traders, market participants and policymakers. In an effort to shed fresh insights on the underlying factors of wide oil price changes, the objective of this paper is twofold. First to capture large oil price changes caused by the arrival of surprising news (i.e., jumps); second to distinguish between short-, medium-and long-term determinants of jumps in oil prices due to changes in oil supply and demand fundamentals, factors associated with the market power of oil producers, speculation, geopolitical risks and OPEC's spare capacity. Using an Empirical Mode Decomposition (EMD), we find that oil supply and demand forces are the most prevalent in determining oil price changes in the long run, which is quite predictable. OPEC gains increasing importance in the medium-and long-terms. Our method also allows us to show that OPEC's use of spare capacity moderately reduces oil price volatility in the short-term, thus suggesting a limited stabilizing influence on the oil market. We consider broader policy implications for our results.

Introduction

In recent years, oil prices have shown unrivalled severity and frequency in movement.

High frequency returns of most financial assets including oil exhibit volatility clustering and large jumps caused by the arrival of important and surprising news. This has triggered a debate over the potential factors explaining crude oil price developments, particularly jumps. The interaction of oil supply and demand has produced severe oil price fluctuations. In this context, several studies have documented that oil demand represents the major determinant behind oil price shocks (inter alia: [START_REF] Krichene | World Crude Oil Markets: Monetary Policy and the Recent Oil Shock[END_REF][START_REF] Dees | Assessing the Factors Behind Oil Price Changes[END_REF][START_REF] Hamilton | Understanding Crude Oil Prices[END_REF][START_REF] Hicks | Did Unexpectedly Strong Economic Growth Cause the Oil Price Shock of 2003-2008?[END_REF][START_REF] Kilian | Not All Oil Price Shocks Are Alike: Disentangling Demand and Supply Shocks in the Crude Oil Market[END_REF]. This rationale is sustained by the fact that the prices of almost all other commodities have risen along with oil prices. On the supply side, the oil price is dominantly affected by exogenous shocks to the physical availability of crude oil (i.e., flow supply). On the demand side, the oil price is highly determined by movements in the global business cycle (i.e., flow demand), and to a lesser extent by speculative behaviour of investors (i.e., speculative demand).

Accordingly, [START_REF] Kilian | Not All Oil Price Shocks Are Alike: Disentangling Demand and Supply Shocks in the Crude Oil Market[END_REF] disentangled oil price shocks into three components: crude oil supply shocks; shocks related to the global demand for all industrial commodities; and oil demand shocks that are idiosyncratic to the crude oil market. [START_REF] Kilian | Not All Oil Price Shocks Are Alike: Disentangling Demand and Supply Shocks in the Crude Oil Market[END_REF] asserted that supply shocks explain less of the oil price movements than demand shocks. The latter mainly stems from precautionary demand associated with heightened doubts over future shortfalls. Other elements of the explanation include the power of the Organization of the Petroleum Exporting Countries (OPEC) 1 in the crude oil market (for example, Dees et al., 2008;[START_REF] Kaufmann | Oil Prices, Speculation and Fundamentals: Interpreting Causal Relations among Spot and Future Prices[END_REF] 1 OPEC is an oil organization consisting of the world's biggest oil-exporting countries, namely Algeria, Angola, Ecuador, Gabon, Indonesia, Iran, Iraq, Kuwait, Libya, Nigeria, Qatar, Saudi Arabia (the de facto leader), the United Arab Emirates (UAE) and Venezuela. OPEC was founded in 1960 and its stated mission is to manage the supply of oil in order to set the oil price in the global market and to prevent excessive volatility that might harmfully affect the economies of both oil-producing and -purchasing countries. This organization is also a potential provider of information about the international crude oil market. [START_REF] Kaufmann | Oil Prices, Speculation and Fundamentals: Interpreting Causal Relations among Spot and Future Prices[END_REF]Chen et al., 2016). It must be pointed out at this stage that OPEC's members often have difficulties agreeing on policy decisions since they differ largely with respect to export capacities, production costs, reserves, wealth levels, budgetary situations, absorptive capacities as well as their political conditions.

Advocates of market fundamentals who foreground the prominence of global production classify the balance between oil supply and demand as a potential driver of extreme oil price fluctuations. Accordingly, [START_REF] Breitenfellner | Determinants of Crude Oil Prices: Supply, Demand, Cartel or Speculation?[END_REF] and [START_REF] Wurzel | Recent Oil Price Movements: Forces and Policy Issues[END_REF] showed that these factors (in particular, European demand and refining capacities) play a significant part in driving up crude oil price movements. Besides, OPEC's production quotas, a factor associated with the oil market structure, appear to be prevalent in explaining crude oil price fluctuations.

Other empirical studies explain at least some oil price movements by citing the varying behavior of financial market participants or speculation (see for example, [START_REF] Breitenfellner | Determinants of Crude Oil Prices: Supply, Demand, Cartel or Speculation?[END_REF][START_REF] Einloth | Speculation and Recent Volatility in the Price of Oil[END_REF][START_REF] Phillips | Dating the Timeline of Financial Bubbles during the Subprime Crisis[END_REF]Ederington et al., 2011;Fattouh et al., 2012). [START_REF] Breitenfellner | Determinants of Crude Oil Prices: Supply, Demand, Cartel or Speculation?[END_REF] claimed that speculation plays a more important role than supply and demand fundamentals in determining price volatility. In the same context, Kilian and Murphy (2011) have tried to quantify the impact of speculative demand shocks and demonstrated there were various episodes in which speculation played a major role in determining oil prices. Likewise, Fattouh et al. (2012) suggested there were noticeable changes in the behavior of the price of oil during the period 2003-2008, mainly caused by the financialization of oil futures markets, highlighting the significant role that speculation plays.

Nevertheless, as far as the impact of geopolitical risk is concerned, to the best of our knowledge, there have been only a few studies that emphasized their importance in analyzing price dynamics (in particular, Noguera-Santaella, 2016;[START_REF] Antonakakis | Geopolitical risks and the oil-stock nexus over 1899-2016[END_REF]Bouoiyour et al., 2019). Noguera-Santaella (2016) investigated the link between armed and civil conflicts and oil prices by assessing the effect of 32 different geopolitical events, ranging from the American Civil War to the recent Arab Spring. It was shown that geopolitical events exert a positive influence before the year 2000 but have a moderate effect afterwards. In addition, Venezuela's crisis. They found that the combined effects have an outsized impact on oil prices.

Some studies focus on the vital role that spare production capacity may play in the world oil market (see for example, [START_REF] Fattouh | Spare capacity and oil price dynamics[END_REF]Saudi Gazette, 2013). Recently, [START_REF] Selmi | Oil price jumps and the uncertainty of oil supplies in a geopolitical perspective: The role of OPEC's spare capacity[END_REF] attempted to examine, from a new perspective, whether OPEC members use spare production capacity to stabilize the market in periods of high geopolitical instability. They find that OPEC's use of spare capacity mitigates the response of oil prices to geopolitical risks but modestly, thus suggesting a limited stabilizing impact on the oil market. They add that the limited amount of spare production capacity leaves the oil market on a knife's edge as it fights with a host of potential supply disruptions resulting from heightened geopolitical uncertainty.

This study contributes to the existing literature in a number of ways. First, the models employed to measure oil price volatility vary considerably, which gives rise to the impression that mixed outcomes are in part the result of research strategy. Several empirical studies (for example, Hou and Suardi, 2012;Klein and Walther, 2016) have used the generalized autoregressive conditional heteroskedasticity (GARCH) models with various underlying distributional assumptions, while considering both volatility clustering and the excess kurtosis found in the return data. One source of excess kurtosis found in financial return data is related to jumps in the return series (see, for instance, Beine et al., 2002;[START_REF] Huang | Value-at-Risk analysis for Taiwan stock index futures: Fat tails and conditional asymmetries in return innovations[END_REF][START_REF] So | Empirical analysis of GARCH models in Value at Risk estimation[END_REF]. [START_REF] Maheu | News Arrival, Jump Dynamics, and Volatility Components for Individual Stock Returns[END_REF] have proposed an autoregressive conditional jump intensity framework combined with a GARCH model, termed the GARJI model, to consider such jumps in the return series.

We use this technique to extract the oil price jump component and examine its driving forces. The technique is much more flexible than the standard GARCH extensions since the asymmetric effect of good versus bad news can be different. These relatively new characteristics allow a richer characterization of volatility dynamics, particularly with respect to events in the tail of a distribution. Second, the Empirical Mode Decomposition is particularly suited for identifying potential determinants of jumps. The lack of a consensus in the literature suggests the use of relatively newly econometric tools may be beneficial in this respect. In other words, the use of techniques that acknowledge shifts in the dependence structure between oil prices and their determinants can be very useful and beneficial towards the design of more appropriate regulatory frameworks and can also limit systemic risks during stressed market scenarios.

The Empirical Mode Decomposition (EMD) in particular has proved to be effective when applied to a broad range of applications designed to extract signals from data generated through noisy nonlinear and non-stationary processes [START_REF] Huang | The Empirical Mode Decomposition and Hilbert Spectrum for Nonlinear and Non-stationary Time Series Analysis[END_REF][START_REF] Huang | A confidence limit for the empirical mode decomposition and the Hilbert spectral analysis[END_REF][START_REF] Huang | Global energy markets: reducing volatility and uncertainty[END_REF]. This is an advantage over using the Fourier and wavelet decompositions which accommodate stationary and linear processes. The EMD allows us to decompose signals into scale components, to manage non-stationary data and to provide an alternative representation of the relationship between time series on a scale-by-scale basis. This technique is appealing as the behavior of oil market often seems to go through different phases.

Our results reveal that oil price jumps are caused by oil supply and demand, structure of the oil market, speculation, geopolitical risks, weather conditions and OPEC's use of spare capacity, although with a varying extent of impacts. While the oil supply and demand fundamentals and OPEC's power in the oil market play a substantial role over the mediumand long-term, geopolitical risks, speculation and weather conditions affect oil prices in the shortrun. Our results also suggest that the OPEC's use of spare capacity calm the oil market.

The remainder of the paper is organized as follows. Section 2 discusses the methodology and presents a detailed description of the oil price determinants used throughout this study.

Section 3 quantifies the relative importance of each determinant over time and discusses our findings. Section 4 concludes and provides policy implications.

Methodology and data

2.1.A GARCH with jump intensity model

As the type of oil shocks are critical to properly examine the determinants of oil price fluctuations, this study differentiates between oil price changes due to normal innovations and those owing to unusual innovation or unexpected events (i.e., jumps). In this way, the GARCHjump model for returns maintains an unobserved news process that directs the time series returns. In general, news events together with investors' expectations of these events lead to changes in time series.

The present study does not focus on the latent news process directly but rather uses a model, proposed by Maheu and McCurdey (2004), of the conditional variance of returns implied by the impacts of various types of news. The latent news process is presumed to have two dissimilar components, dubbed normal and unusual news events. These are identified through their impacts on the return volatility. In particular, the impact of unobservable normal news innovations is assumed to be captured by the return innovation component ( t , 1

 ). This causes smoothly evolving changes in the conditional variance of returns. The second component of the latent news process is assumed to generate large changes in returns. The effect of the unusual news events is labelled jumps (

t , 2  ).
We start by identifying the components of returns. Given the information set at time t-1, which consists of the history of returns  determine the returns,
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The conditional variance of returns divided into two components as follows,
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where g(•) is a function of the parameter vector  or the feedback coefficients from past return innovations, and
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is the total return innovation observed at time t-1. The GARCH volatility component ( 2 t  ) enables past shocks to exert influence on expected volatility and detects thereafter the smooth autoregressive changes in the conditional variance that are predictable based on past news impacts.

The second component is denoted as:
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where  refers to the number of jumps and potential jump clustering or the jump-persistence coefficient,  is the jump-size standard deviation parameter, and t  is the conditional jump intensity. Based on Equation ( 4), the contribution to the conditional variance from jumps will change over time as the conditional jump intensity varies.

2.2.The Empirical Mode Decomposition

The EMD is used throughout this study to identify the determinants of oil price jumps over distinct frequencies, ranging from highly fluctuating components (short-run) to less fluctuating modes (long-run).

The EMD is designed to extract the Intrinsic Mode Functions (IMFs), level by level. 
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The difference between the original data and m1 is the first component, which is referred to as 1 h .

1 1 ) ( h m t X   (6) If 1
h is not an IMF, we have to repeat the sifting process until it is reduced to an IMF.

Then, in subsequent steps of the sifting process, the first component 1 h is treated as if it were the data, that is,
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where m11 is the first derived component from the sifting process.

The sifting process is carried out k times within acceptable levels of accuracy:
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If the resulting time series k h 1 is an IMF, then it is written as 1 c , that is the real first component that satisfies the definition for IMFs. Equation ( 6) can be rewritten as follows:
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where X(t) is the original signal and c1 is the resulting h1k from the sifting process (or the real first component).

Equation ( 9) is applied several times until the residue ( r ) becomes a monotonic function from which no more IMFs can be extracted. The last residue is the trend of the data. Ultimately, Equation ( 9) can be denoted as:
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In brief, the decomposition of the signal into IMFs is carried out as follows (see Figure 1). After determining the positive peak (maxima) and the negative peak (minima) of the original signal, we construct the lower and upper envelopes of the signal via the cubic spline method.

In addition, we measure the mean values by averaging the upper and lower envelopes of the signal. We then subtract the envelope mean from the original signal to find the first intrinsic mode function (IMF1). Thereafter, we calculate the first residual component by subtracting the IMF1 component from the original signal. We repeat the above steps until the final residual component becomes a monotonic function and until no more IMFs can be extracted. Finally, and after partitioning the original series into different scales, the correlations are then estimated at each scale.

2.3.Data

The price of crude oil is measured by the West Texas Intermediate (WTI), which we collected from the Federal Reserve Bank of St. Louis. For the group of demand-side variables commonly documented as being principally responsible for the jumps in oil prices, this study uses the time series for the GDP growth of China (GDPchina) and the euro area (GDPEU). China had become the world's largest net importer of total petroleum and other fossil fuels since 2013.

In 2017, an average of 56 percent of Chinese crude oil imports came from OPEC countries. The size of China's economy, its relatively high GDP growth, its massive population as well as its own oil and gas production challenges make China increasingly reliant on oil. In addition, the EU has become increasingly dependent on crude oil imports. EU oil imports accounted for almost 89% of the region's total oil consumption in 2016, compared to 76% in 2000. 2 On the supply side, we incorporate the entire worldwide oil supply (WS). Because upward movements in costs are affected by weather conditions (for example, hurricanes) we employ a dummy variable to identify one of these events. Specifically, a variable that takes the value 1 for hurricane Ivanon Q3/2004 (Hurr), and 0 otherwise. Further, we control for the effect of OPEC market power by accounting for the OPEC production quota (OPECQ). Moreover, based on the analysis conducted by Gurrib (2007) and Fattouh et al. (2012), we utilize the Commodity Futures Trading Commission's net positions in the commodity futures market (CFM) as a proxy for the speculative behavior of market participants.

As a geopolitical uncertainty indicator, we employed geopolitical risk index (GPRI), recently developed by Caldara and Iacoviello (2018). This is constructed based on searching the number of articles related to geopolitical events and tensions in eleven leading newspapers for each month. The articles were regrouped into six categories of words related geopolitical risk: military-related tensions; nuclear tensions; war; terrorist threats; and current geopolitical events (not solely risks) which can be expected to yield to a rise in geopolitical uncertainty surrounding terrorist acts or the beginning of a war.

Following [START_REF] Fattouh | Spare capacity and oil price dynamics[END_REF] and [START_REF] Selmi | Oil price jumps and the uncertainty of oil supplies in a geopolitical perspective: The role of OPEC's spare capacity[END_REF], this research also tests whether OPEC's use of spare capacity (OSC) can stabilize oil price volatility. Munro (2014) defined this as the difference between nominal capacity and the fraction of that capacity actually available to markets. Monthly variation in the spare capacity of OPEC is collected from the International Energy Agency (IEA).

Table 1 displays the descriptive statistics of the quarterly returns of the variables of crude oil price (WTI) and the determinants discussed above. We show that the average quarterly returns of all the time series are positive. Mean returns are close to zero for all series and appear small relative to their standard deviations, which would imply that there is no significant trend in the data. Standard deviations indicate that WTI and GPRI are highly volatile. The skewness coefficient of all variables is negative, and the kurtosis coefficient above three, indicating that the probability distributions skewed and leptokurtic, thereby rejecting normality. All the return series are non-normal as indicated by the Jarque-Bera test.

We then test the occurrence of nonlinearities using the BDS test3 of nonlinearity in the residuals recovered from the OLS models. Our findings are summarized in Table 2 which show strong evidence of nonlinearity, as they reject the null hypothesis of an independent and identical distribution (i.i.d). This suggests that all variables are non-linearly dependent, which is one of the indications of chaotic behavior and also justifies the appropriateness of assessing the nonlinear relationship between the change in the oil price and its determinants; hence gives grounds for deploying Empirical Mode Decomposition.

Empirical findings

3.1.Oil price jump dynamics

Table 3 summarizes our results. The mean equation coefficient µ is significant and close to zero implying that deviation of the squared error from its average value unimportant. The GARCH equation of the GARJI model indicates that α, the coefficient measuring the effect of the size of an innovation on volatility, is relatively moderate, whereas β, the coefficient corresponding to the persistence of volatility shocks, is high. This means that volatility does not react intensely to market movements and that innovations in the series have a weaker effect on the conditional variance when they arrive but persist for a long time. η, the coefficient referring to the leverage effect in the variance equation, appears positive which suggests negative shocks increase volatility more than positive shocks. The coefficient associated to the number of jumps ( ) appears positive and significant, highlighting the multiplicity of unpredictable events. The jump-size mean coefficient ( ) seems to be negative, suggesting that jumps on average have a negative impact. Since the jumps are closely related to the arrival of unusual news, this underscores that unusual bad news outweighs unusual, good news. Concerning the coefficients which govern the persistence of jumps and potential jump clustering (  and  respectively) we find that  is strong which signals persistence in jump intensity. The impact of innovations on the jump intensity (  ) appears to be positive and significant.

We observe from Figure 2 that the jumps in oil price volatility coincide with usual and also unusual events. Expectedly, jumps are related to movements of financial and macroeconomic variables including: hurricanes, supply-side shocks4 , the global financial crisis the Libyan war (2011), the Crimean crisis (end 2013), China's economic slowdown and OPEC conferences. It must be stressed that each of these oil-related. The global financial collapse, the Libyan war, the Crimean crisis, China's economic slowdown belong to the category of emergency events, whereas hurricanes and OPEC conferences are traditional events that often occur at an expected time. Hence, it is not surprising that the oil price responds distinctly to various shock origins and distinct characteristics of these oil-related events.

The time-scale decomposition of oil price jumps and their potential determinants

This paper attempts to identify the relative importance of the determinants of large oil price changes over different time-scales. By performing the EMD, the dependent and independent variables were divided into seven IMFs and one residue 5 . As the number of IMFs is limited and restricted to log2N where N is the length of data6 , the sifting processes produced only seven IMFs for each variable. All of the derived IMFs are listed from the high to the low frequency components and the last one is the residue (a trend). We discuss three frequency components: short-run (IMF1 and IMF2), medium-run (IMF3 and IMF4) and long-run (IMF5, IMF6 and IMF7)7 . Figure 3 presents our time scale interpretation of EMD.

Table 4 reports information on the three main mono-components which determine the oil price jumps and their potential determinants. The latter include the mean period of each intrinsic mode function (IMF), the correlation between each IMF and the original data series and the variance percentage of each IMF. As IMFs are intrinsically independent, it is possible to sum the variances and use the percentage of variances to measure the contributions of each IMF to the total variability. The jumps in oil prices, the commodity futures trading commission's net positions in the futures market (a proxy of speculation), and the geopolitical risk index are dominantly driven by high fluctuating components. For the rest of the variables (i.e., GDPEU, GDP China, WS, OPECQ, and OSC), the slowly fluctuating component (long-term hidden factors) and the residue or the trend component appear to be the main determining forces.

Regardless of the usefulness and relevance of the aforementioned results, it appears more important to determine whether hidden factors drive the relationships between oil price jumps and their determinants rather than identifying what drives the time series separately.

The scale-on-scale correlation analysis

We apply an OLS-based EMD to identify the short-, medium-and long-term determinants of oil price jumps. Our procedure involves regressing the oil price jump component extracted from the application of the GARJI model on potential explanatory variables ranging from supply and demand fundamentals, factors associated with the market power of oil producers, factors associated with the speculative behavior of market participants, geopolitical risks to the use of the spare capacity in both time domain and across various time scales.

Even though our time domain findings in Table 5 reveal there is no clearer evidence regarding the dominant determinant of oil price jumps over the whole period (i.e., Q1/1994-Q4/2017), the scale-on-scale investigation shows there are numerous drivers that vary over time. In the long-term EU and China GDP growth exert a positive influence. In addition, the worldwide supply plays a positive and significant part in driving up the crude oil price jumps in the long-term.

Our results indicate that market power of oil producers, and in particular the strategic positions of OPEC members, play a key role in explaining oil price dynamics in the mediumand the long-term. Increased OPEC production quota is positively and significantly related to oil price jumps. In the short-term, geopolitical risk, speculative behavior of market participants and weather events help explain large oil price changes. Our results also indicate that the impact of OPEC's spare capacity is weak but significant in the short-term, which implies OPEC's use of spare capacity helps offsets shocks and moderates oil price volatility.

Sensitivity analysis

Variation in the parameters across periods

The rapid growth in some Asian countries (especially, China) has expanded this region's share of oil consumption. Moreover, changing energy and environmental policies in the United States and EU as well as discoveries of unconventional petroleum deposits in non-OPEC countries, may have a a strong effect on OPEC's status as a profit-maximizing cartel. Further, structural changes may happen due to unforeseen economic or geopolitical events or market crises. This may affect the validity of the estimated findings. Thus, we identify exogenous changes that may influence the relationship between oil price jumps and their determinants.

We apply a multiple structural change model developed by Bai andPerron (1998, 2003).

Table 6 reports the main findings. We detect one break point for GDPEU, WS and OPECQ, two breaks for WTI, GDPChina, CFM and OSC and three breaks for GPRI. Note that most of the break points are observed with the onset of the 2008 global financial crisis and the noticeable collapse of oil market from mid-2014 to February 2016. By controlling for breaks, we ascertain the robustness of results from the scale-on-scale correlation analysis (EMD). As we do not have sufficient observations to estimate for the period following the global financial collapse and the oil price crash, we make two estimates for two different periods: the first corresponds to the period preceding the global financial crisis, and the second the period after. Similarly for the case of the oil price crash of 2014, we compare the regressions of oil price jumps on relevant explanatory variables for a restricted period prior to the oil price collapse and the whole period.

The relative importance of each determinant is still robust. We find that the oil demand and supply factors and to a lesser extent the power of oil producers are the main drivers of jumps. Speculation and geopolitical risks moderately raise oil price jumps in the short-term, and OPEC spare capacity plays a stabilizing role.

Endogeneity

There are many methods for dealing with endogeneity problem. Since the OLS generally produces biased and inconsistent results, we apply the 2SLS to re-analyze the dependence between oil price jumps and their fundamentals. For this purpose, in the first stage, we use all the exogenous and the lagged endogenous variables to calculate estimated values of the GDP growth variables. The predicted values from these regressions replace the original values of the endogenous variable in the second stage regression model.

As can be seen from Table 7, we confirm the previous results. We also perform a test suggested by Stock and Yogo (2005) to identify if there is a problem of weak instruments. The null hypothesis of weak instruments was rejected.

The core OPEC countries

Multiple studies have stressed that OPEC countries are dissimilar and should be assessed accordingly. We follow [START_REF] Golombek | OPEC's market power: An empirical dominant firm model for the oil market[END_REF]'s dominant firm model for the core countries, and find that all parameters remain solid, except the market power proxy and the spare capacity indicator. The coefficient associated with market power becomes less pronounced and is supported solely in the medium-run, while the spare capacity effect becomes stronger (see Table 8) compared to the results accounting for the core and non-core OPEC countries (see Table 5), but it is still evident in the short-term. The limited role of spare capacity is still robust.

Alternative method: Wavelet

A number of time-frequency transformations able to describe signals with time-varying features have surfaced in the literature, though two have gained large popularity in the analysis of complex systems: the wavelet transform and the empirical mode decomposition. Using WD, we separate the data into various frequency components, and examine each component with resolution matched to its timescale. Comparing these findings (see Table 9) with those of the correlation-based EMD (Table 5), we robustly find that oil demand and supply shocks (with the exception of weather conditions) exacerbate oil price jumps in the long-run; likewise, for OPEC. Geopolitical acts and to a less extent speculation and weather events cause price jumps in the short-term. However, OPEC's use of spare capacity helps stabilize oil price volatility in the short run.

Conclusions and policy implications

Our findings highlight that oil price jumps are the result of complex processes happening within the global economy and the political sphere. Throughout the entire period under study, we show that all the determinants play a significant role in oil price jumps. However, the correlation-based EMD enables us to classify the determinants of crude oil price jumps in many levels.

Oil demand and supply factors exert a positive and strong influence on oil price jumps in the long-term. In addition, the strategic position of OPEC members within the group of oil producing countries raises oil price jumps in the medium-and long-terms. Moreover, the speculative behavior of market participants leads to jumps in the crude oil price but these contributions are likely to be moderate and short-lived. Furthermore, our results show a positive relationship between geopolitical risk and jumps in the short-run. Weather events also play a positive influence on oil price changes especially in the short-term. More interestingly, OPEC member countries have strategic petroleum reserves which allow them to absorb unforeseen oil shocks and cushion supply outages. But from our findings, we document a modest and shortterm effect of the OPEC's use of spare capacity, highlighting its limited stabilizing influence on the oil market.

Although these findings may appear intuitive, our contribution mainly consists of identifying in a more accurate way the various variables that impact in the short, medium or long-run. This understanding is very important in terms of oil price forecasting and has also political and regulatory implications. It should be noted that the variables that play a significant role in driving oil price jumps in the short-term have a transitory effect and are different from those that have a significant long-run impact In light of the past history of oil supply disruptions market participants should assess the possibility of a future disruption and possible consequences. Those participants should take into consideration the ability of the non-affected producers to counterbalance a probable oil supply deficit. Also, there is a spare capacity that can be called upon to limit the supply loss. Such factors might help to absorb the effects of costs of geopolitical risks.

Another potential factor for the oil market to reckon with will be the significant role played by OPEC members. The OPEC's main objective is to preserve the stability of the oil market, meaning that OPEC would safeguard an oil price floor. But it must be pointed out here that there is a limit on the extent to which OPEC and others can defend the oil price. In circumstances of global recessions characterized by falling oil demand and rising global oil supply, it would be difficult for the organization to defend a high price for too long. The shortterm needs of OPEC member countries could countermand their long-term priorities and break their production discipline. Since OPEC's spare capacity is a stabilizing factor, OPEC countries should manage their oil investment to ensure that they have adequate excess capacity. On the other hand, oil importing countries should distinguish between the oil-related events that cause jumps in the short run and those that have an effect in the longer run. An adequate build up of oil inventories by these countries is highly warranted. Finally, in terms of monetary policy, if the oil price jump is short-lived, central banks such as the Fed should ride out the price jump and should not tighten monetary policy as the impact will dissipate with time. 1  t r refers to the lagged oil price returns.signifies the size effect of innovations.captures the persistence of volatility shocks. refers to the leverage effect in the variance equation. λ is the jump-persistence coefficient. denotes the impact of innovations on the jump intensity.  refers to the number of jumps and potential jump clustering or the jump-persistence coefficient,  is the jumpsize standard deviation parameter. Thereafter, the wavelet decomposition can be written as follows:

    k k J k J k k J k J d t s t f , , , , ) ( ) (  
 ) ( ....... ) ( ) ( , 1 , 1 , 1 , 1 t d t d t k k k k k J k J          (a.5)
where J is the number of multi-resolution levels.

The raw signals are then used as input for the wavelet analysis in order to find the energy distribution of each wavelet coefficient. A further step consists of regressing the decomposed the oil price jumps on their possible potential determinants.

First

  , the high frequency oscillations riding on corresponding low frequency oscillations are identified. Then, the next level of the highest-frequency local oscillations of the residual of data is extracted. The sifting algorithm for estimating the IMFs in the EMD involves two steps. First, the local extremes of time series data ) (t X are identified. Then, all local maxima are connected by a cubic spline line ) (t U , thereby generating the upper envelope of the time series and by another cubic spline line ) (t L generating the lower envelope. For this reason, we initially measure the mean 1 m (which is the first component) for different points from the upper and lower envelopes of the signal by using the cubic spline method. It is given by:

Figure 1 .

 1 Figure 1. The Empirical Mode Decomposition procedure

Figure 2 .Figure 3 .

 23 Figure 2. Oil jump components extracted from the GARJI model

  [START_REF] Antonakakis | Geopolitical risks and the oil-stock nexus over 1899-2016[END_REF] examined the effects of global tension, friction and conflict. They found that the oil market seems highly influenced by geopolitical tensions in terms of return and volatility. Bouoiyour et al. (2019) separated shocks due to geopolitical acts from those due to geopolitical threats. They showed that acts generate a positive and strong impact on oil price

dynamics, where the effect of threats appears to be moderate or non-significant. Moreover, to accommodate more recent oil-related events, those authors constructed a composite geopolitical risk indicator by accounting for contemporaneous sources of geopolitical risks, namely the global trade tensions, US-China relation risks, US-Iran tensions, Saudi Arabia's uncertainty and

Table 1 .

 1 Descriptive statistics of return series : Std. Dev. symbolizes the Standard Deviation; the p-values correspond to the test of normality based on the Jarque-Bera test. WS represents the world's petroleum supply, OPECQ indicates OPEC's oil quota, CFM denotes the commodity futures market and OSC stands or OPEC's spare capacity.

		WTI	GDPEU	GDPChina	WS	OPECQ	CFM
	Mean	0.0037	0.0216	0.0265	0.0345	0.0148	0.0411
	Median	0.0027	0.0186	0.0257	0.0512	0.0127	0.0321
	Std. Dev.	4.0486	0.1134	0.0393	0.0341	0.1956	0.0156
	Skewness	-0.2351	-0.0500	-0.086	-0.0371	-0.1950	-0.0672
	Kurtosis	6.0366	3.6500	3.6753	4.2356	3.6266	4.1024
	Jarque-Bera	78.682	11.2636	11.4933	13.892	24.778	19.052
	p-value	0.0056	0.0014	0.0068	0.0039	0.0097	0.0234
	(Continued)						
		GPRI	OSC				
	Mean	0.0168	0.0345				
	Median	0.0808	0.0225				
	Std. Dev.	3.0458	0.0991				
	Skewness	-0. 1764	-0.4516				
	Kurtosis	4. 5175	4.1567				
	Jarque-Bera	15.855	21.489				
	p-value	0.0000	0.0000				

Notes

Table 2 .

 2 The BDS test based on the residuals of the return series : m denotes the embedding dimension of the BDS test. ***, ** and *indicate the rejection of the null of the residuals being iid at the 1%, 5% and 10% levels of significance, respectively.

	Dimensions	m=2	m=3	m=4	m=5	m=6
	WTI	3.4712**	1.9123*	4.1562**	3.9124***	4.1278***
	GDPEU	2.0772*	2.6284***	3.3410***	4.0333***	4.2134***
	GDPChina	2.3451**	2.5410**	3.1962***	3.4182***	3.2456***
	WS	8.0844***	9.6261***	10.3970***	10.8126***	11.3246***
	OPECQ	1.5965*	1.0347*	1.1904*	1.3315*	1.3112*
	CFM	5.7185***	6.0511***	7.4964***	8.7352***	9.8141***
	GPRI	1.9719**	6.4523**	4.3512**	6.7921***	8.0412***
	OSC	1.9452*	1.9123*	4.1562**	3.9124***	4.1278***

Notes

Table 3 .

 3 Oil price jumps: Estimation output of the GARJI model

			Mean Equation
		-0.3572**
			(0.0068)
	t r	1 	0.0139*** (0.0001)
			Variance Equation
		5.3178*
			(0.0114)
			0.0143**
			(0.0038)
		0.4216**
			(0.0013)
			0.2341*
			(0.0175)
			0.1345***
			(0.0002)
			-0.1928*
			(0.0136)
			0.6973*
			(0.0110)
			0.1244*
			(0.0321)
	Notes: ***, ** and * imply significance at the 1%, 5% and 10%,
	respectively;	

Table 4 .

 4 Correlations and variance of components

		Pearson	Kendall	Variance as % of the sum
		correlation	correlation	of (IMFs+Residue)
		WTI jumps		
	High frequency component	0.534***	0.502***	60.73%
	Low frequency component	0.094*	0.088*	5.25%
	Trend component	0.151**	0.124**	13.09%
		GDPEU		
	High frequency component	0.114**	0.098*	6.07%
	Low frequency component	0.378**	0.321**	44.15%
	Trend component	0.266**	0.208***	23.09%
		GDP China		
	High frequency component	0.097**	0.088*	5.26%
	Low frequency component	0.332***	0.309***	49.07%
	Trend component	0.297***	0.281**	33.15%
		WS		
	High frequency component	0.089**	0.76**	8.11%
	Low frequency component	0.351***	0.342**	50.43%
	Trend component	0.286**	0.255**	31.72%
		OPECQ		
	High frequency component	0.161**	0.157*	8.17%
	Low frequency component	0.411***	0.391***	49.18%
	Trend component	0.311***	0.269**	22.43%
		CFM		
	High frequency component	0.502***	0.492***	55.23%
	Low frequency component	0.049*	0.037	3.24%
	Trend component	0.319**	0.267**	28.15%
		GPRI		
	High frequency component	0.512***	0.493***	56.3%
	Low frequency component	0.104*	0.096*	6.5%
	Trend component	0.313***	0.258**	22.8%
		OSC		
	High frequency component	0.085*	0.076	6.85%
	Low frequency component	0.312***	0.245***	43.55%
	Trend component	0.194**	0.161**	13.17%
	Notes: ***, ** and *: Correlations are significant at the 1%, 5% and 10% levels, respectively (2-tailed); The high
	(low) frequency component is the short-run (long-run) hidden factors.	

Table 5 .

 5 The empirical Mode Decompositions results: Regression of oil price jumps on their determinants

		Time domain IMF1	IMF2	IMF3	IMF4	IMF5	IMF6	IMF7
	C	6.345***	6.234**	5.867***	6.841***	6.234**	6.592*	5.928**	6.112***
		(0.0000)	(0.0031)	(0.0003)	(0.0000)	(0.0013)	(0.0378)	(0.0067)	(0.0007)
	GDPEU	0.0176*	0.0276	0.1603	0.0130	0.1345	0.0256*	0.0891*	0.0657*
		(0.0954)	(0.6156)	(0.9175)	(0.9758)	(0.7340)	(0.0552)	(0.0878)	(0.0316)
	GDPChina	0.1231*	0.1139	0.1234	0.1198	0.1243	0.1465**	0.1501**	0.1542
		(0.0515)	(0.6722)	(0.5410)	(0.4985)	(0.5127)	(0.0015)	(0.0098)	(0.1074)
	WS	0.0140**	0.0452	0.0511	0.0415	0.0348	0.0712	0.0342***	0.0329***
		(0.0062)	(0.2456)	(0.2061)	(0.1923)	(0.3672)	(0.4061)	(0.0000)	(0.0000)
	OPECQ	0.1213*	0.2547	0.1411	0.1147	0.1128*	0.1088*	0.1356	0.1843
		(0.0456)	(0.3062)	(0.2678)	(0.2276)	(0.0135)	(0.0573)	(0.3415)	(0.2358)
	CFM	0.0562***	0.0341**	0.0256**	0.0345	0.0451	0.0513	-0.1143	-0.1345
		(0.0000)	(0.0016)	(0.0040)	(0.1578)	(0.1091)	(0.1876)	(0.4567)	(0.2678)
	GPRI	0.1112*	0.1091*	0.1012*	0.0774*	0.0812*	0.1455	0.0539	0.0651
		(0.0689)	(0.0278)	(0.0512)	(0.0514)	(0.0717)	(0.2827)	(0.7218)	(0.3652)
	Hurr	0.0145**	0.044**	0.0521*	0.1041	0.0781	0.1542	0.1018	0.1321
		(0.0045)	(0.0018)	(0.0167)	(0.2155)	(0.1925)	(0.2055)	(0.1345)	(0.2568)
	OSC	-0.0483*	-0.005*	-0.0046*	-0.1154	-0.0891	-1.0078	-0.4968	0.0551
		(0.02345)	(0.0765)	(0.0091)	(0.7912)	(0.1379)	(0.2710)	(0.6478)	(0.1374)
	R2	0.81	0.79	0.82	0.81	0.80	0.83	0.82	0.81

Table 6 .

 6 Break points in return series : The break points are determined by the sequential L+1 breaks vs. L method ofBai and Perron (1998, 2003). Parameters of the break test are set as follows: Trimming 15%, Maximum breaks 5, and and the significant level is 5%. Statistics of the break test use the HAC covariance estimation, including prewhitening with lag one, Quadratic-Spectral kernel, and Andrews bandwidth. The break test allows heterogeneous error distributions across the breaks.

		WTI	GDPEU	GDPChina	WS	OPECQ	CFM
	1	2008: Q4	2008: Q4	2008: Q4	2008: Q4	2014: Q4 2008: Q4
	2	2014: Q2		2015: Q3			2014: Q2
	(Continued)					
		GPRI	OSC			
	1	2009: Q1	2008: Q4			
	2	2016: Q3	2014: Q2			
	3	2017: Q1				

Notes

Table 7 .

 7 2SLS-based Empirical Mode Decompositions results: Regression of oil price jumps on their determinants (Control for endogeneity)

		Time domain IMF1	IMF2	IMF3	IMF4	IMF5	IMF6	IMF7
	C	8.145***	8.267***	9.043***	8.755***	9.51***	8.961***	10.14***	9.236***
		(0.0000)	(0.0005)	(0.0000)	(0.0000)	(0.0001)	(0.0002)	(0.0000)	(0.0001)
	GDPEU	0.0214**	0.1451	0.1378	0.1178	0.1092	0.0891	0.0913**	0.0904*
		(0.0091)	(0.3455)	(0.2569)	(0.2095)	(0.3516)	(0.1678)	(0.0094)	(0.0142)
	GDPChina	0.1401**	0.5123	0.3681	0.4153	0.2895	0.1610*	0.1738*	0.1602*
		(0.0042)	(0.4468)	(0.5571)	(0.4098)	(0.4423)	(0.0217)	(0.0105)	(0.0139)
	WS	0.0109***	0.0681	0.0729	0.0693	0.0542	0.0861	0.0505**	0.0452**
		(0.0004)	(0.3215)	(0.2659)	(0.2045)	(0.2355)	(0.3091)	(0.0061)	(0.0058)
	OPECQ	0.1194**	0.0983	0.1026	0.1055	0.1067*	0.1134**	0.1149**	0.1244
		(0.0031)	(0.1561)	(0.1874)	(0.2093)	(0.0100)	(0.0094)	(0.0067)	(0.2985)
	CFM	0.0432**	0.0512***	0.0256**	0.0345	0.0613	0.1013	0.0873	0.1983
		(0.0011)	(0.0000)	(0.0040)	(0.1578)	(0.1938)	(0.1789)	(0.1394)	(0.1567)
	GPRI	0.1087*	0.0831*	0.0652*	0.0541	0.0876	0.1342	0.0791	0.0891
		(0.0157)	(0.0145)	(0.0108)	(0.1465)	(0.1368)	(0.1528)	(0.1822)	(0.2234)
	Hurr	0.0119***	0.0351***	0.0637	0.1138	0.0813	0.1314	0.0692	0.1019
		(0.0007)	(0.0006)	(0.1239)	(0.2467)	(0.2346)	(0.1685)	(0.1146)	(0.2046)
	OSC	-0.0102**	-0.0089**	-0.0113*	-0.1056	-0.0976	0.1085	-0.3214	0.1132
		(0.0092)	(0.0064)	(0.0137)	(0.2342)	(0.1253)	(0.2346)	(0.2145)	(0.1569)
	Cragg-Donald	31.45	31.06	31.19	33.00	34.15	29.87	32.14	31.89
	F-statistic								

Notes: The result with a p-value of less than 0.05 is statistically significant. The findings are marked with one asterisk (*) if p<0.05, two (**) if p<0.01 and three (***) if p<0.001. The 10% and 15% critical values of the Stock-Yogo weak identification test are 13.85 and 17.02, respectively. The null hypothesis of weak instruments or the Cragg-Donald F-statistic test can be rejected when the associated F-statistic values appear stronger than the critical values by the thresholds provided by

Stock and Yogo (2005)

.

Table 8 .

 8 Empirical Mode Decompositions results: Regression of oil price jumps on their determinants after the control of the core OPEC

		Time domain IMF1	IMF2	IMF3	IMF4	IMF5	IMF6	IMF7
	C	11.345***	10.918***	12.034**	11.35***	8.92***	9.5124**	9.8701***	9.5542**
		(0.0000)	(0.0002)	(0.0011)	(0.0001)	(0.0008)	(0.0043)	(0.0006)	(0.0027)
	GDPEU	0.0410***	0.1138	0.1142	0.1022	0.0762	0.1019	0.0803***	0.0762**
		(0.0000)	(0.1095)	(0.1193)	(0.1683)	(0.1341)	(0.2158)	(0.0001)	(0.0055)
	GDPChina	0.0982***	1.0324	0.1450	0.1345	0.1405	0.1492**	0.1511**	0.1412***
		(0.0000)	(0.2359)	(0.1087)	(0.1061)	(0.1048)	(0.0097)	(0.0086)	(0.0009)
	WS	0.0094*	0.0582	0.0912	0.1128	0.0713	0.0663	0.0619**	0.0594**
		(0.0137)	(0.2044)	(0.1894)	(0.1768)	(0.1926)	(0.1241)	(0.0040)	(0.0032)
	OPECQ	0.0424*	0.0651	0.1510	0.0876**	0.0997*	0.1072	0.0921	0.1134
		(0.0191)	(0.1478)	(0.2342)	(0.0035)	(0.0104)	(0.1546)	(0.2041)	(0.2348)
	CFM	0.0304**	0.0436**	0.0561	0.0623	0.0592	0.0819	0.1032	0.1134
		(0.0016)	(0.0039)	(0.1356)	(0.1001)	(0.1438)	(0.2015)	(0.1096)	(0.1825)
	GPRI	0.0071***	0.0615**	0.0510**	0.0614	0.0910	0.1092	0.0456	0.3015
		(0.0003)	(0.0037)	(0.0060)	(0.2342)	(0.1574)	(0.1442)	(0.2310)	(0.2459)
	Hurr	0.0111*	0.0198***	0.0419	1.0241	0.1008	0.1109	0.1117	0.1126
		(0.0129)	(0.0000)	(0.1655)	(0.2035)	(0.1421)	(0.1845)	(0.1054)	(0.5034)
	OSC	-0.0192**	-0.0167**	-0.0287*	-0.0872	-0.0731	-0.0921	-0.0715	-0.0891
		(0.0064)	(0.0081)	(0.0105)	(0.1432)	(0.1175)	(0.1530)	(0.1669)	(0.1569)
	R2	0.81	0.79	0.79	0.70	0.71	0.73	0.83	0.82

Table 9 .

 9 The wavelet decomposition results: Regression of oil price jumps on their determinantsWhere lk and hk are respectively the low-pass and the high-pass filter coefficients. , is the smooth behavior of the signal at a specific time scale and the coefficients k

		Short-term	Medium-term	Long-term
		WD1 : 1-2Q WD2 :2-4Q WD3 : 4-8Q WD4 : 8-16Q	WD5 : More
						than 16Q
	C	8.9154***	8.3058*	8.6772***	8.6513***	8.5678*
		(0.0000)	(0.0109)	(0.0000)	(0.0007)	(0.0345)
	GDPEU	0.0702	0.0413	0.086	0.0621*	0.0712**
		(0.2346)	(0.5228)	(0.2135)	(0.0295)	(0.0051)
	GDPChina	0.1091	0.2164	0.3164	0.1346	0.1084*
		(0.1481)	(0.2424)	(0.2237)	(0.1126)	(0.0197)
	WS	1.0112	-0.2134	0.1910	0.0442*	0.0521**
		(0.2345)	(0.3018)	(0.2037)	(0.0781)	(0.0077)
	OPECQ	0.4131	0.1065**	0.0910*	0.0967**	0.1128
		(0.2927)	(0.0081)	(0.0458)	(0.0026)	(0.2154)
	CFM	0.0156***	0.0410	0.0326	0.0404	0.1018
		(0.0002)	(0.1256)	(0.1193)	(0.1156)	(0.1255)
	GPRI	0.0897**	0.0813***	0.0914	0.0651	0.1015
		(0.0091)	(0.0001)	(0.1167)	(0.2349)	(0.2410)
	Hurr	0.0215***	0.1044	0.0987	0.1054	0.1011
		(0.0000)	(0.2451)	(0.2569)	(0.3560)	(0.3154)
	OSC	-0.0032*	-0.0156	-0.0187	-0.0169	-0.0678
		(0.0100)	(0.1534)	(0.2349)	(0.2051)	(0.2344)
	R2	0.76	0.75	0.78	0.77	0.78

j d , represents deviations from the trend.

The detailed statistics of oil import dependency are available for all 28 EU Member States : https://ec.europa.eu/eurostat/statistics-explained/index.php/Oil_and_petroleum_products_-_a_statistical_overview

The BDS test developed by[START_REF] Brock | A test for independence based on the correlation dimension[END_REF] was originally designed to test for the null hypothesis of independent and identical distribution for the purpose of capturing non-random chaotic dynamics.

For more details about the United States hurricanes (dates, categories, the most damaging, etc.), the reader can refer to the following link : https://en.wikipedia.org/wiki/List_of_United_States_hurricanes

The time-scale decomposition results are available upon request for interested readers.

The EMD technique generates modes depending on the data used. For more information on the data extraction method, please refer to[START_REF] Huang | A confidence limit for the empirical mode decomposition and the Hilbert spectral analysis[END_REF].

We can adopt another grouping, for example: short-term (IMF1 and IMF2), medium-term (IMF3, IMF4 and IMF5), and long-term (IMF6 and IMF7). But this does not fundamentally change our results.

Notes: The result with a p-value of less than 0.05 is statistically significant. The findings are marked with one asterisk (*) if p<0.05, two (**) if p<0.01 and three (***) if p<0.001.