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Abstract

:

This study employed a dynamic conditional correlation–mixed-data sampling (DCC–MIDAS) approach and panel data analysis to examine the factors that influence the long-term correlation between crude oil and stock markets. Our study shows that there is a positive long-term conditional correlation between oil prices and stock markets, except during the 2008 global financial crisis and the 2011 European debt crisis. We also found that macroeconomic factors have a significant impact on this correlation. Specifically, risk-free rate has a positive effect, whereas economic activity and credit risk has a negative effect. Our results provide useful information for investors and monetary authorities.
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1. Introduction


Studies on the co-movement between crude oil and stock markets have important implications for the formulation of energy policies and portfolio diversification. As one of the most important inputs in industrial production, crude oil significantly influences general price levels as well as economic activity. In the financial economic realm, the risk premium has a significant impact on the asset price of both crude oil and stock prices; for example, credit risk, interest rate, and volatility. As suggested by Hamilton [1], there has been a growing interest in the effects of oil prices on stock returns and the economy. In this paper, we mainly address the question of which kinds of factors can affect the co-movement between crude oil and stock markets. Understanding these factors will provide the additional information that is needed for portfolio diversification and policy-making. The time-varying correlation has been well documented (Malik and Hammoudeh [2]; Filis et al. [3]; Arouri et al. [4]; Tamakoshi and Hamori [5,6]; Basher and Sadorsky [7]) as a risk management tool in portfolio administration. Moreover, the financialization of the commodity markets is strengthening due to their strong correlation with other financial markets, especially stock markets. There is empirical evidence of a growing correlation between oil and stock markets (Büyüksahin and Robe [8]; Silvennoinen and Thorp [9]). Hence, there is good reason to investigate the factors affecting this correlation. Thus, we employed the dynamic conditional correlation–mixed-data sampling (DCC–MIDAS) model proposed by Colacito et al. [10] to define this long-term correlation. By utilizing the DCC–MIDAS method and panel data analysis, we could uncover the factors that influence the correlation in the long-term.



By adding crude oil to the portfolio as an alternative financial asset, we obtained an additional diversification benefit from its low correlation with the stock-based portfolio. Moreover, the co-movement of cross-assets has significant economic implications for the linkage between crude oil and stock markets, as the price of crude oil is a fundamental economic indicator. In particular, understanding the co-movement between stocks and crude oil markets in the long-term yields information about potential drivers to predict the future economy and hedge portfolio risks.



We provide useful information to investors regarding portfolio allocation or international diversification. This correlation is the key to achieving an optimal portfolio because changes in the correlation imply changes in portfolio weights. Specifically, our results indicate that macroeconomic factors work effectively in determining the correlation between oil and stock markets. Moreover, crude oil can reduce portfolio risk during a financial crisis when the correlation decreases.



Many extensive empirical studies have discussed the relationship between stocks and the stock market extensively. Generally, three types of studies can be categorized: the first type analyzes the causal relationship between stock and crude oil markets. Some studies have shown that stock market returns are significantly influenced by crude oil price movements (Aloui and Jammazi [11]; Chen [12]; Ghouri [13]; Jones and Kaul [14]; Kilian and Park [15]; Miller and Ratti [16]; Sadorsky [17]; Papapetrou [18]). These studies provided evidence of a negative effect on stock markets from a positive oil shock, although they employed different samples and consider different countries. On the other hand, other studies indicated that the relationship between the crude oil market and stock market is positive and significant. For example, Chen et al. [19], El-Sharif et al. [20], and Narayan and Narayan [21] provided evidence of a positive impact on the oil and gas sectors’ stock returns in the UK, given an increase in oil prices. In addition, other papers have provided similar evidence in developing countries (Kanjilal and Ghosh [2]; Li et al., [22]; Narayan and Narayan [21]; Zhu et al. [23]). By contrast, some of the literature has focused on the non-linear relationship between crude oil and the stock market (Narayan and Gupta [24]; Jiménez-Rodríguez [25]; Ponka [26]). Although their findings are mixed, crude oil still exhibits significant power on the stock market.



In contrast to the first type of study, the second type can be classified as investigating the dynamic correlation between stock and crude oil markets. Generally, the multivariate generalized autoregressive conditional heteroskedasticity (MGARCH) model has been applied in the energy finance literature (Arouri et al. [27,28]; Arouri et al. [4]; Basher and Sadorsky [7]; Conrad et al. [29]; Filis et al. [3]; Malik and Hammoudeh [30]; Malik and Ewing [31]; Sadorsky [32,33]). These studies mainly discussed the spillover effect and volatility transmission between stock and crude oil markets. For example, Filis et al. [3] provided evidence that the time-varying correlations between stocks and oil prices are similar for both oil-importing and oil-exporting countries. However, there is a bidirectional spillover effect between the US stock and crude oil market and a spillover effect from oil to European stock markets (Arouri et al. [4]; Arouri et al. [27]). As shown in the study of Conrad et al. [29], macroeconomic leading indicators will be helpful predictors of the oil–stock correlation. Basher and Sadorsky [7] provided an overview of the time-varying correlation between emerging stock and crude oil markets and estimated the hedging ratio. Bampinas and Panagiotidis [34] also summarized the time-varying cross-market linkage by considering the four major crises and found that oil can be an alternative safe haven asset during crises. Yin [35] and Nguyen and Walther [36] also found that the crude oil price responds to the macroeconomic condition sensitively in the framework of GARCH–MIDAS. Kilian [37] and Kilian [38] reported that the global real economic activity is an important driver for oil prices.



The third type of study includes other models which are employed to investigate the interdependence between stocks and oil. In most cases, this type of investigation is based on the copula model or wavelet analysis. For example, Aloui et al. [39] provided evidence of a positive dependence between oil and the stock markets in six Central and Eastern European countries. By employing the wavelet approach, Martín-Barragán et al. [40] found several correlational breakdowns caused by financial and oil shocks, both at lower and higher frequencies. Aloui and Aïssa [41] also provided evidence that the dynamics between stocks and oil prices are not constant over time, and the dependence structure of this was significantly affected by the 2007–2009 financial crisis. Cai et al. [42] analyzed the interdependence between oil and East Asian stock returns using wavelet techniques.



In summary, while numerous studies have explored the interdependence between crude oil and stock markets and volatility spillovers, little is known about the factors determining the long-term correlation between these two variables. The contribution of this study is threefold. First, we elicit detailed information from the volatility in stock and crude oil markets in both the short and long terms. As speculators are more interested in short-term investment, our study provides useful information to speculators and investors regarding hedging or portfolio management. Furthermore, the long-term co-movement between stocks and crude oil may provide an anchor for policymakers to implement economic policy. Secondly, we revealed detailed information about the time-varying correlation between stock and crude oil markets on both short- and long-term scales. Thus, we could detect dynamic structures and changes over various time periods and provide additional information regarding structural breaks in markets and economies. Specifically, instant changes in the market can be detected via short-term scales, while economic structural breaks can be identified by long-term scales. Finally, we comprehensively revealed the factors that can influence the co-movement between stock and crude oil markets. Particularly, by treating macroeconomic and financial factors differently, we could distinguish the influence of each factor, which provided us with a more detailed framework of the determinants of co-movement between stock and crude oil markets.



The rest of this paper is presented as follows. Section 2 analyzes the data based on the GARCH–MIDAS model. Section 3 identifies the factors that influence the dynamic correlation between the stock and crude oil markets in the long-term. Section 4 provides concluding remarks.




2. DCC–MIDAS Approach


2.1. GARCH–MIDAS Component Model


Following the studies of Colacito et al. [10], we summarized the DCC–MIDAS models and their empirical results in this section. (The DCC model itself was developed by Engle [43]. Also see Conrad et al. [29] and Yang et al. [44]). Suppose the vector of  n  assets’ returns    r t  =    (   r  1 , t   ,  r  2 , t   , ⋯ ,  r  n , t    )   ′   , follows    r t  ∼ i . i . d . N  (  μ ,  H t   )   , where  i  indicates each asset,  t  indicates the day,  μ  denotes the vector of unconditional means,    H t    denotes the matrix of conditional covariance, and    D t    denotes a diagonal matrix of standard deviations; that is,    H t  =  D t   R t   D t    and    R t  =  E  t − 1    [   ξ t   ξ t ′   ]   , where    ξ t  =  D t  − 1    (   r t  − μ  )   . The conditional volatilities    D t    and the conditional correlation matrix    R t    are estimated step-by-step, accordingly.



Following Engle et al.’s [45] GARCH–MIDAS model, we separate the volatility of each variable into long- and short-term components. Similarly, we employ the mean reverting daily GARCH process to estimate the GARCH–MIDAS model (Engle and Rangel [46]). Therefore, the GARCH–MIDAS process for each asset return    r  i , t    ,   i = 1 , 2 , ⋯ , n   is as follows:


   r  i , t   =  μ i  +    m  i , τ   ·  g  i , t      ξ  i , t   ,   ∀ t =  (  τ − 1  )  N + 1 , … ,   τ N ,   ∀ τ = 1 ,   … ,   T .  



(1)




where    N v    denotes the trading days of one month and   τ = 1 ,   … ,   T   signifies each month. We set    N v  = 21 .   We assume that the short-run variance    g  i , t     follows a simple mean reverting GARCH (1,1) process:


    g  i , t   =  (  1 −  α i  −  β i   )  +  α i       (   r  i , t − 1   −  μ i   )   2     m  i , τ     +  β i   g  i , t − 1    ,     α i  > 0 ,    β i  ≥ 0     and    α i  +  β i  < 1   



(2)







The short-run variance    g  i , t     is measured daily. In addition, a weighted sum of    K v i    lags of realized variances (  R V  ) over a long horizon is given by a low-frequency mixed-data sampling (MIDAS) component    m  i , τ     as follows:


    m  i , τ     =   m ¯  i  +  θ i   ∑  l = 1    K v i     φ l   (   ω v i   )  R  V  i , τ     



(3)






  R  V  i , τ   =  ∑  j =  (  τ − 1  )     N v  + 1   τ    N v       (   r  i , j    )   2   



(4)




where τ denotes the time span, which is set at one month. To guarantee that the covariance is a stationary process with positive variance, the restriction conditions     m ¯  i  > 0   and   0 <  θ i  < 1   must be satisfied for the parameters     m ¯  i    and    θ i   . The secular component    m  i , τ     contains information on the effect of expected global/macroeconomic variances on volatility, while the realized variance involves    N v    daily squared returns.



The beta weights in Equation (3) are defined as follows:


   φ l   (   ω v i   )  =      (  1 − l /  K v i   )     ω v i  − 1      ∑  j = 1    K v i       (  1 − j /  K v i   )     ω v i  − 1     ,  



(5)




where the weight of past-realized variances is determined by parameters    ω v i    and    K v i   . In addition, the pattern of decay is ensured by the weighting scheme    φ l  (  ω v i  )  , while the size of    ω v i    among the different series determines the rate of decay; that is, a larger    ω v i    indicates a pattern of a higher rate of decay. Following Colacito et al. [10], we assume that the parameters    K v i   , and    ω v i    remain the same across all series and are independent of i; that is,    K v i  =  K v  = 36  , and    ω v i  =  ω v   .




2.2. DCC–MIDAS Models


To investigate the factors influencing the dynamic conditional correlation (DCC) between oil price and stock price in both the short and long term, we follow Engle and Rangel [46] by incorporating the MIDAS polynomial into the GARCH and DCC model. Therefore, we construct the matrix    Q t    to calculate dynamic correlations through volatility-adjusted (standardized) residuals    ξ  i , t     as follows:


   Q t  =  (  1 − a − b  )    R ¯  t  + a  ξ  t − 1    ξ  t − 1  ′  + b  Q  t − 1   ,  



(6)




where    Q t    denotes an approximate conditional correlation. To satisfy stationary conditions, parameters a and b must be greater than 0 and their sum must be less than 1. The conditional correlation matrix   d i a g    {   Q t   }    −  1 2     Q t    d i a g    {   Q t   }    −  1 2      is used to obtain    R t   .



The elements    q  i , j , t     in    Q t    in Equation (6) are expressed by


   q  i , j , t   =   ρ ¯   i , j , t    (  1 − a − b  )  + a  ξ  i , t − 1    ξ  j , t − 1   + b  q  i , j , t − 1   ,  



(7)






    ρ ¯   i , j , t   =  ∑  l = 1    K c  i j      φ l   (   ω r  i j    )   c  i , j , t − l   ,  



(8)






   c  i , j , t   =    ∑  k = t −  N c  i j    t   ξ  i , k    ξ  j , k        ∑  k = t −  N c  i j    t   ξ  i , k  2       ∑  k = t −  N c  i j    t   ξ  j , k  2      ,  



(9)




where the weighting scheme is similar to Equation (5). Specifically, the short-term covariance is described by    q  i , j , t    . The short-term correlation is described by    ρ  i , j , t    ; that is,    ρ  i , j , y   =  q  i , j , t   /    q  i , i , t        q  j , j , t      . The long-term correlation is described by     ρ ¯   i , j , t    . Thus, Equation (7) can be rewritten as


   q  i , j , t   −   ρ ¯   i , j , t   = a  (   ξ  i , t − 1    ξ  j , t − 1   −   ρ ¯   i , j , t    )  + b  (   q  i , j , t − 1   −   ρ ¯   i , j , t    )  .  



(10)







Equation (10) can be interpreted as the fluctuations of a daily correlation in a monthly correlation, which are different from the structure of the GARCH–MIDAS regarding the two components of volatility; that is, the classic dynamic correlation’s autoregressive structure is modeled using the short-run variations in covariance (   q  i , j , t    ), while the secular or fundamental origins of time variations in correlation are modeled by the long-run component (    ρ ¯   i , j , t    ), which is denoted as     cc   i , τ     in the following regression. Following Colacito et al. [10], we assume that the weights (   ω r  i j    ), lag length (   N c  i j     = 21), and span length of historical correlation (   K c  i j     = 144) are common to all series pairs in Equations (7)–(9).




2.3. Estimation Method


Here, we employ a two-step procedure to estimate all the parameters of the model. Initially, we employ vector   Ψ =  (   α i  ,  β i  ,  ω i  ,  m i  ,  θ i  ; i = 1 , 2 , … n  )    to estimate the parameters of the univariate conditional volatility models. Then, we employ vector   Ξ =  (  a , b ,  ω r   )    to estimate the conditional correlation model’s parameters. Hence, by maximizing the following quasi-likelihood function (Equations (11)–(13)), we obtain the estimate of each parameter.


  Q L  (  Ψ , Ξ  )  = Q  L 1   ( Ψ )  + Q  L 2     (  Ψ , Ξ  )  ,  



(11)






  Q  L 1   ( Ψ )  = −  ∑  t = 1  T   (  n l o g  (  2 π  )  + 2 log  (   |   D t   |   )  +  r t ′   D t  − 2    r t   )  ,  



(12)






  Q  L 2   (  Ψ , Ξ  )  = −  ∑  t = 1  T   (  l o g  (   |   R t   |   )  +  ξ t ′   R t  − 1    ξ t  +  ξ t ′   ξ t   )  .  



(13)








2.4. Data


We employed the daily crude oil spot price and daily stock market price indexes to investigate the correlation between stock and crude oil markets. The West Texas Intermediate (WTI) crude oil spot price was employed to denote the crude oil price, which is the immediate delivery price of West Texas intermediate grade oil. Four major stock market price indexes were used: S&P 500, TOPIX, EURO STOXX 50, and FTSE 100—all of which represent 70% of international stock market caps. Specifically, S&P 500 describes the US market, TOPIX describes the Japanese stock market, EURO STOXX 50 describes the European stock market, and FTSE 100 describes the Britain stock market, respectively. All data were obtained from DataStream. The sample spanned from 3 January 1994 to 31 December 2015. We calculated the market returns by the first log difference times 100. The raw data are illustrated in Figure 1. Table 1 summarizes the descriptive statistics of the returns on the stock and crude oil market. Meanwhile, as suggested by the Jarque–Bera (JB) test, the returns series did not follow the normal distribution in all cases.




2.5. Empirical Results


In this section, we provide the empirical results of the GARCH–MIDAS model in Table 2. Except for decay parameters, which are significant at the 5% level, all almost parameters are significant at the 1% level. The results indicate that the short-run volatility is the mean reverting to the long-term trend with the justification of the stationary condition. The value of the decay parameter  ω  is greater than one which indicates a rapidly decreasing weighting function on the decay pattern. Figure 2 illustrates the dynamics of short- and long-term conditional volatilities, in which we can see that the volatility reached its peak for all markets when the 2008 global financial crisis occurred. In contrast, the 1997 Asian financial crisis showed a lesser influence on these markets.



Additionally, the long-term conditional volatilities are less volatile compared to the short-term conditional volatilities. Nevertheless, it still captures the extreme condition when the short-term conditional volatilities are high. For example, during the 2008 global financial crisis, the short-term conditional volatilities reach their peak while the long-term conditional volatilities exhibit the same properties. Therefore, we confirm our results.



We report the results of the DCC–MIDAS model in Table 3. We set    N v i    as equal to 21 to estimate the monthly DCC between the stock and crude oil markets. Moreover, a Fisher’s Z transformation (to ensure the conditional correlation belongs to normal distribution, we employ Fisher’s Z transformation of    ρ  i j , t   = ln  (    1 +  ρ  i j , t     1 −  ρ  i j , t      )   ) is implemented to identify the long-term conditional correlation between the stock and crude oil markets (Colacito et al. [10]; Beine and Candelon [47]). Similarly, all parameters are significant at the 5% level with the justification of the stationary condition. Note that to generate the pattern of decay, the decay  ω  is larger than 1 for all cases, that is, the weight on past-realized return variances decreases rapidly as the DCC–MIDAS model’s lags increase. Figure 3 plots the dynamic correlations between the stock and crude oil markets in both short- and long-term perspectives.



Figure 3 reveals that the dynamic correlations between stock market prices and oil prices are positive, except during the 2008 global financial crisis. To obtain the long-term conditional correlations, the model discards the 3600 observations and thus the adjusted samples period starts from August 2005. Our findings are consistent with the studies by Aloui and Aïssa [41] in that the short-term dynamic correlations are significantly influenced by the global financial crisis. However, the global financial crisis has little effect on their long-term correlation. In Figure 3, we identify a significant decrease in dynamic correlations in the long-term during the 2008 global financial crisis period, indicating that crude oil can provide effective risk diversification during financial turmoil.





3. Identification of Factors


3.1. Data


Next, we attempted to investigate the factors that can influence the dynamic correlation between the stock and crude oil markets in the long term. The monthly data on economic and financial variables from August 2005 to December 2015 were applied for the UK, Japan, the EU, and the US. In order to obtain the long-term conditional correlations, the model discarded the 3600 observations due to the 144 lags of MIDAS. Therefore, the adjusted samples period starts from August 2005. Following Bachmeier et al. [48] and Bachmeier and Cha [49], we used economic activity and inflation as macroeconomic variables. Specifically, we employed the Organization for Economic Co-operation and Development (OECD) composite leading indicator to reflect real economic activities, which indicates a favorable economic outlook when the rate is positive and vice versa. Following Pyun and An [50], Ferrer et al. [51], and Li [52], the terms spread, credit spread, and free rate are classified as financial variables. Table 4 indicates the summary statistics. All data were obtained from DataStream.




3.2. Model and Empirical Results


Following Aloui and Aïssa [41], we constructed a regression model as follows:


  c  c  i , τ   =  γ 0  +  γ 1  g  r  i τ   +  γ 2  i n  f  i τ   +  γ 3  r  f  i τ   +  γ 4  c  r  i τ   +  γ 5  t  s  i τ   +  μ i  +  δ t  +  ν  i τ   ,  



(14)




where   c  c  i , τ     denotes the conditional correlation at time  τ ,    γ 0    denotes constant,   g  r  i τ     denotes the growth rate of country  i  at time  t ,   i n  f  i τ     denotes the inflation of country  i  at time  τ ,   r  f  i τ     denotes the risk-free rate of country  i  at time  τ ,   c  r  i τ     denotes the credit risk of country  i  at time  τ ,   t  s  i τ     denotes the term spread of country  i  at time  τ ,    μ i    denotes the time-invariant individual effect of country  i  at time  τ ,    δ t    denotes the time-specific intercept, and    v  i τ     denotes the error term of country  i  at time  τ . Specifically,  τ  denotes a one-month span in this section.



For economic variables in Equation (14), we selected the annualized inflation rate and annualized composite leading indicator (CLI) to reflect real economic activities. Three financial variables were applied: term spread, credit risk, and risk-free rate. Table 5 summarizes the definitions of these variables.



As a benchmark, the results of the pooled ordinary least squares method (Model 1) are reported in Table 6. Regarding panel analysis, we consider the fixed effects of our panel regression as suggested by the Hausman test. In addition, because there were only four groups in our dataset, which are much smaller than the time period (100 months), we incorporated the time effects into the fixed effects model in order to consider the possible structural changes (Models 3, 4, and 5). We found that only risk-free rate has a positive influence on the dynamic correlation, whereas both credit risk and economic activity have a negative effect on the dynamic correlation between stock and crude oil returns. Moreover, Models 4 and 5 provide additional evidence to support the estimation of Model 3. However, the results from Model 4 do not seem to support inflation rate as a factor.




3.3. Robustness Check


Since the length of the time series is much larger than the number of cross sections, our sample behaves more like time-series data than panel data. Therefore, to increase the robustness of our empirical results, the one-period-lagged term of the independent variable is used as an explanatory variable. Thus, we obtain


    cc   i , τ   =  γ 0  +  γ 1  g  r  i τ − 1   +  γ 2  i n  f  i τ − 1   +  γ 3  r  f  i τ − 1   +  γ 4  c  r  i τ − 1   +  γ 5  t  s  i τ − 1   +  μ i  +  δ t  +  ν  i τ    



(15)







Similarly to Equation (14), Equation (15) incorporated the fixed effects into the panel regression model as suggested by the Hausman test. According to Table 7, the empirical results in Model 8 confirm that risk-free rate and economic activity are important factors in determining the dynamic correlation between stock and crude oil markets. Specifically, risk-free rate has a positive effect on conditional correlation, while economic activity has a negative effect. Similarly to the results of Equation (14), financial factors are still significant. Moreover, Models 9 and 10 also confirm that economic activity and credit risk are important factors in determining the dynamic correlation between stock and crude oil markets.



The interpretation of these results is relatively straightforward. According to Bachmeier and Cha [49], a rise of the risk free rate increases the nominal returns on both the stock and crude oil markets. In addition, the relative strength of an economy raises stock market prices, with a relative decrease in oil price returns, as the currency of this economy appreciates (Basher et al. [53]). Note that the conditional correlation between the stock and crude oil markets is negatively influenced by credit risk, implying that the oil market serves as an alternative asset during periods of economic downturn. In summary, during times of economic recession, the stock market declines as the oil market rises. Moreover, we found that both the adjusted within-R2 and log likelihood are larger for the financial sector than for the macroeconomic sector, indicating that the financial sector will provide more explanation of the co-movement between the stock and crude oil markets.





4. Conclusions


This article investigated the financial and macroeconomic factors that influence the monthly correlation between crude stock and crude oil markets by employing the MIDAS approach and panel data analysis.



In the analysis of the monthly volatility in the stock and crude oil markets, we identified the 2008 global financial crisis as significantly increasing volatility for all markets. By contrast, the 1997 Asian financial crisis had a lower impact on these markets. Furthermore, by employing the DCC–MIDAS model, we investigated the conditional correlation between the stock and crude oil markets in the long term and obtained the following findings. First, the long-term conditional correlations between stock and crude oil markets are positive for all cases, except during 2008 global crisis periods. Second, the Japanese stock market prices show the smallest degree of correlation with oil prices, while the UK stock market prices show the largest degree of correlation. Third, the 2008 global financial crisis had little impact on the long-term correlation between stock and crude oil markets.



We ran panel regressions to further explore the factors that can affect the long-term conditional correlation between the stock and crude oil markets. The results of our panel regression analysis reveal that both economic activity and credit risk have a negative effect on the correlation between stock and crude oil markets in the long-term. However, the long-term correlation between crude oil and stock markets increases with increases in the risk-free rate. Our empirical results imply that a rise in the risk-free rate increases the conditional correlation between crude oil and stock returns in the long-term, while an increase in economic activity or credit risk decreases the conditional correlation in the long-term.



The reasons for these conclusions are twofold. From an economic perspective, a rise in risk-free rate in one country increases the nominal returns on both the stock and crude oil markets. Moreover, relative strength in the economy raises stock market prices, with a relative decrease in the returns on oil prices, since the currency in such an economy appreciates. From a financial perspective, stock prices decline owing to a relatively high risk-free rate environment in one country, whereas the crude oil prices remain independent in such an environment. Moreover, crude oil futures or crude oil-related derivatives may serve as a good hedge asset when the credit risk increases as the stock market slumps.



At least two policy implications can be provided by our research. From an economic perspective, because risk-free rate has a positive impact on the correlation between the stock and crude oil markets, we notice that the inflationary environment works effectively in asset pricing. Therefore, monetary authorities must be prudent when implementing their monetary policies. From a financial perspective, a diversification benefit exists between stocks and crude oil, especially during periods of financial crisis.
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Figure 1. Plots of raw data. The left axis denotes the stock market price index, while the right axis denotes the crude oil price. 
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Figure 2. Short- and long-term volatilities for crude oil (WTI, TOPIX, EURO STOXX 50, FTSE 100, and S&P 500). The red line indicates the short-term volatility, while the blue line indicates the long-term volatility. 
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Figure 3. Short- and long-term DCC–MIDAS correlations between oil and stock market prices at the aggregated levels for four country groups; that is, TOPIX, EURO STOXX 50, FTSE 100, and S&P 500. The red line indicates the short-term DCC, while the blue line indicates the long-term DCC–MIDAS correlation. 
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Table 1. Summary statistics for returns on oil and stock prices. WTI: West Texas Intermediate.
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	WTI
	TOPIX
	EURO 50
	FTSE
	S&P500





	Mean
	0.0168
	0.0013
	0.0144
	0.0105
	0.0257



	Median
	0.0000
	0.0000
	0.0299
	0.0063
	0.0288



	Std. Dev.
	0.0237
	0.0131
	0.0140
	0.0114
	0.0116



	Skewness
	−0.1759
	−0.269
	−0.0531
	−0.1632
	−0.2469



	Kurtosis
	7.9511
	9.2294
	7.6989
	9.1743
	11.708



	Jarque–Bera
	5891.576 ***
	9349.003 ***
	5282.556 ***
	9141.575 ***
	18,195.04 ***



	Obs
	5739
	5739
	5739
	5739
	5739







Notes: *** indicates significance at the 1% level. Jarque–Bera is a statistical test for normality. Obs is the sample size.
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