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Volatility Transmission between WTI and Brent
Crude Oil Markets

Sang Hoon Kang, Sung-Yong Park and Seong-Min Yoon

Abstract—Transmission mechanisms of volatility between
crude oil markets have drawn the attention of numerous
academics and practitioners because they both play crucial roles
in portfolio and risk management in crude oil markets. However,
there has been no consensus on the evidence of volatility spillover
between WTI and Brent oil prices in the literature. In this
context, we reexamined the volatility linkages between two
representative crude oil markets using a VECM and an
asymmetric bivariate GARCH model. First, looking at the return
transmission through the VECM test, we found a long-run
equilibrium and bidirectional relationship between two crude oil
markets. However, the estimation results of the GARCH-BEKK
model suggest that there is unidirectional volatility spillover from
the WTI market to the Brent market, implying that the WTI
market tends to exert influence over the Brent market and not
vice versa. Regarding asymmetric volatility transmission, we also
found that bad news volatility in the WTI market increases the
volatility of the Brent market. Thus, WTI information is
transmitted into the Brent market, indicating that the prices of
the WTI market seem to lead the prices of the Brent market.

Keywords—Asymmetric volatility transmission; Causality;
Cointegration; GARCH-BEKK model; Volatility spillover effect.

1. Introduction

In recent years, crude oil prices have reached record highs,
and rising oil prices have posed a new threat to the global
economy. Both academicians and energy market participants
have focused on forecasting and modeling oil prices by
quantifying and managing the risks inherent in their frequent
volatilities. In particular, the information transmission of crude
oil prices has drawn the attention of numerous academics and
practitioners as crude oil prices play a prominent role in
national economies.
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Rising crude oil fluctuations affect the world economy in
many different and significant ways. For example, rising crude
oil prices increase the production costs of goods and services
and the costs of transportation and heating. Thus, consumers,
governments and practitioners are greatly concerned about the
volatility of crude oil prices and its possible negative
economic effects, such as those on business cycles [1],
macroeconomies [2,3], and inflation [4,5].

In addition, the information transmission between crude oil
markets and other financial markets is becoming of greater
interest to portfolio managers and policy makers because of
the increasing trend of globalization. Many empirical studies
have examined the interaction between the crude oil markets
and other financial markets such as energy markets [6], stock
markets [7-12] futures markets. [13,14], and exchange rate
markets [15,16]. These studies have found evidence of
significant return and volatility spillovers between crude oil
markets and other financial markets.

In contrast, this study investigated the information
transmission mechanism between two crude oil prices: WTI
(West Texas Intermediate) and Brent (Brent Blend). We began
the research with a question: Does one market lead the other in
terms of information transmission? The existence of the
spillover effect implies that one large shock increases prices
not only in its own asset or market but also in other assets or
markets. In particular, price volatility is often related to the
rate of information flow [17]. If information comes in clusters,
prices may exhibit volatility even if the market perfectly and
instantaneously adjusts to the news. Thus, studies on volatility
spillover can help us understand how information is
transmitted across crude oil markets.

The main contributions of this paper are twofold. First, this
study focuses on the return causality relationship between
WTI and Brent oil prices by employing the vector error
correction model (VECM). This allows us to analyze both the
long- and short-run lead-lag relationship between crude oil
prices. Second, this study examines the casual direction of
volatility spillover using both symmetric and asymmetric
bivariate GARCH models. In particular, we explore whether
bad news in one market leads to a larger volatility in the other
market than does good news. A good understanding of the
asymmetric volatility response to news is an important
ingredient for designing hedging strategies and optimizing
portfolios.

The rest of this paper is organized as follows. Section 2
presents the econometric methodology. Section 3 provides
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descriptive statistics of the sample data. Section 4 discusses
the empirical results. Section 5 presents our conclusions.

Methodology

A. Cointegration test

Cointegration is an econometric property of time series
variables. If two or more series are themselves non-stationary
but a linear combination of them is stationary, then the series
are said to be cointegrated. In practice, cointegration is a
means of correctly testing those hypotheses concerning the
relationship between two variables having unit roots. In the
literature, the [18] cointegration test is the most popular
approach for testing cointegration. This cointegration test is
based on maximum likelihood estimators of a vector auto
regressive (VAR) process, and the likelihood ratio test statistic
for the hypothesis of the at most r cointegrated relationship
and at least m = n — r common trend is given by
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where 2., (r) is the trace statistic, 4, (r.r +1)is the eigen-
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max statistics, Z, denotes the estimated eigenvalue, and T is

the sample size. The null hypothesis tested in 4, (r) is no

cointegration. In fact, for bivariate cointegration tests, up to
two null hypotheses can be tested. If the null hypothesis that
r = 0 is rejected, at least one cointegrating vector may exist
and the second hypothesis that » < 0 is subsequently tested.

VECM

The term “cointegration” implies that causality exists
between the two series; however, it does not specify the
direction of the causal relationship. If cointegration exists
between the variables, then we can rule out the possibility of a
spurious correlation. Thus, in this context, we have employed
the VECM to detect the direction of the causality. The VECM
distinguishes between long- and short-term relationships
between the variables and can identify causation sources that
cannot be detected by the usual Granger causality test [19].

In this study, the VECM for the WTI (x;) and Brent (y;)
series can be written in the following manner:

B.
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where Ax, and Ay, represent the first differences between
these variables and capture their short-run disturbances; ec;_,
is the error correction term derived from the long-run
cointegration relationship and measures the magnitude of the
past disequilibrium (i.e., residuals). The error correction
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coefficients, y, and y,, represent the deviation of the dependent
variables from the long-run equilibrium, and y, and/or y,
should be significantly different from zero if the two variables
are cointegrated.

By using the coefficients of each explanatory variable, we
can test their short-run causal relationships. For example, if
the coefficients B, j(Byx ;) are significant, then we can
explain Ax,(4y.) using Ay;_;(4x,_;); in other words, we can
explain the causality relationship between the two crude oil
markets. Finally, we can use the coefficients of g,, ; and B, ;
to measure how the returns of the two markets react to their
own lagged values, which implies the degree of mean-
reverting behavior from both time series.

c. Bivariate GARCH model

Much attention has focused on how news from one market
affects the volatility process of the other. In this study, we
analyze the volatility spillovers effect between the two crude
oil markets by using a bivariate framework of the BEKK
parameterization [20]. In this model, the variance-covariance
matrix of equations depends on the squares and cross products
of innovation &, which is derived from the following mean
equation:

Ry =+ &, &|Q_1~N(O,H,), (%)

where R, is the 2x1 vector of returns at time t for each
market. The 2 x1 vector of random errors, €., represents the
innovation for each market at time t with its corresponding
2 x 2 conditional variance-covariance matrix H,. The market
information available at time t — 1 is represented by Q,_;.

This bivariate structure thus facilitates the measurement of
the effects of innovations in the mean returns of one market on
its own lagged returns and those of the lagged returns of the
other market. The standard BEKK parameterization for the
bivariate GARCH model is written as:

H =C'C+A¢_1¢'+-1A+B'H,_4B, (6)
where H; is a 2x 2 matrix of conditional variance-covariance
at time t, and C is a 2x 2 lower triangular matrix with three
parameters. A is a 2x2 square matrix of coefficients and
measures the extent to which conditional variances are
correlated past squared errors. B is a 2 x 2 squared matrix of
coefficients and shows the extent to which current levels of
conditional variances are related to past conditional variances.
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where hy, . denotes the variance of the market returns, hy, ,
denotes the covariance of the WTI returns and the Brent
returns, and h,,, denotes the variance of the Brent returns.
The significance of diagonal coefficients a  (a,,) suggests
that the current conditional variance of hyqi, (hyy,) IS
correlated with its own past squared errors, while the
significance of lagged variance b, (b,,) indicates that the
current conditional variance of hy, . (hy,.) is affected by its
own past conditional variance. In addition, the significance of
the off-diagonal coefficients a,, and b, indicates a volatility
spillover effect from the WTI market to the Brent market,
whereas the significance of off-diagonal coefficients a,, and

b,, suggests a volatility spillover effect from the Brent market
to the WTI1 market.

The standard BEKK model implies that only the
magnitude of past return innovations is important in
determining current conditional variances and covariances.
However, it has been well observed that volatility responds
asymmetrically to positive and negative innovations of equal
magnitude: volatility tends to rise higher in response to
negative shocks, such as bad news, than to positive shocks,
such as good news [21-23].

To circumvent this problem, Kroner and Ng (1998)
extended the GJR-GARCH approach to a multivariate setting
that can capture the asymmetric response to news on volatility.
The asymmetric BEKK model is written as:
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matrix of parameters and captures any asymmetry in variances
and covariance through the definition of n,_,. If the off-

diagonal coefficient d,(d,,) is positive and significant, the

where Th-1[ ] D is a 2x2 squared
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bad news volatility of the WTI market (or the Brent market)
causes a higher volatility of the Brent (or the WTI market)
than the good news volatility of the WTI market (or the Brent
market).

The parameters of the bivariate GARCH model can be
estimated by the maximum likelihood estimation method
optimized with the Berndt, Hall, Hall, and Hausman (BHHH)
algorithm. The conditional log likelihood function L(6) is
expressed as:

L(B) = —Tlog2u, + &, &1 ~N(0,H,), (10)

where T is the number of observations and 0 denotes the
vector of all the unknown parameters

m. Data and descriptive statistics

This study analyzes the information transmission between
the crude markets. To do this, we consider two representative
crude oil prices, the WTI and Brent prices. The data sets
consist of the weekly Friday closing prices spanning January
5, 1990 to August 26, 2011 (a total of 1,130 observations)
provided by the US Energy Information Administration (EIA).
Figure 1 shows the dynamics of the two sets of oil price data.

The spot prices of crude oil have been influenced by events
with economic and geo-political effects. For example, (1) the
First Gulf war in 1990-91 collapsed oil production, resulting
in the doubling of the price of crude oil; (2) oil prices went
down in 1997-98 owing to the Asian currency crisis; (3)
Organization of Petroleum Export Countries (OPEC) curtailed
the production of crude oil by 4.2 million barrels per day
between 2000 and 2001, resulting in increased crude oil
prices; (4) the uncertainties associated with the 9/11 terror
attack in 2001 and the subsequent US military action in Iraq
beginning in March 2003 reversed the trend in oil prices; (5)
crude oil prices rose owing to global economic growth,
growing demand, and stagnant supply in 2004-07; (6) crude
oil prices experienced their biggest decrease owing to the US
recession in 2007-08; (7) current oil prices have rebounded up
to $120 owing to concerns about the political unrest in the
Northern Africa region and the European debt crisis.
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Figure 1. Dynamics of weekly crude oil prices.
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The return series of the two prices are computed by
Ry =In(pi¢/pi¢—1) X 100 for t 1,2,-,T, where R;;
denotes the continuously compounded returns for indices i at
time t, and p; . denotes the closing price of indices i at time
t. The two return series clearly show volatility clustering in
Figure 2.
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Figure 2.  Weekly returns for crude oil prices
TABLE I. Descriptive statistics of sample returns
Statistics WTI Brent
Mean 0.115 0.141
Std.dev. 4.422 44.03
Skewness -0.199 -0.270
Kurtosis 5.991 5.971
Jarque-Bera (J-B) 428.81*** 429.49%**
LB%(32) 616.63*** 411.21%**

Notes: The J-B corresponds to the test statistic for the null hypothesis of
normality in sample returns distribution. The Ljung-Box statistic, LB(32),
checks for the serial correlation of the squared returns up to the 32nd order.
*** indicates the rejection of the null hypothesis at the 1% significance level.

Table 1 shows the descriptive statistics for the two return
series. The sample mean of returns is very small, and the
corresponding standard deviations of returns are much higher.
The distribution of returns is not normally distributed, as is
indicated by the skewness, kurtosis, and Jarque-Bera test. In
addition, the null hypothesis of no serial correlation is
statistically rejected at the 1% significance level by the Ljung-
Box test statistic, LB2(32), with a lag of 32 for the squared
return series, implying that the squared returns exhibit
significant signs of serial correlation. These results are in favor
of a model that incorporates ARCH/GARCH features.

Table 2 provides the results of augmented Dickey-Fuller
(ADF) and Phillips-Perron (PP) unit root tests for the log price
series and the return series. The null hypothesis of the ADF
and PP tests is that a time series contains a unit root. As shown
in Table 2, the calculated values of both the ADF and PP test
statistic indicate that the log price series contain a single unit
root at the 1% significance level, implying that the log prices
series are non-stationary. However, in the case of return series,
both these statistics reject the null hypothesis of a unit root at
the 1% significance level, implying that the return series are
stationary in all samples.

TABLE II. Results of unit root test for log price and returns
WTI Brent
log price returns log price returns
ADF -1017 -17.52 -0.698 -27.98
[prob.] [0.745] [0.000] [0.845] [0.000]
PP -0.973 -30.43 -0.706 -27.98
[prob.] [0.746] [0.000] [0.843] [0.000]
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Note: MacKinnon’s [24] 1% critical value is —3.435 for the ADF and PP tests.

iv. Empirical results

A. Results of cointegration test and
causality test

Table 3 shows the results of the Johansen cointegration
test for the WTI and Brent return series. The trace statistic is
35.22, which is above the 5% critical value of 15.49, rejecting
the null hypothesis of no cointegration between WTI and
Brent series variables, H,: r = 0 at the 5% significance level.
Likewise, the max-eigen statistic is 34.60, which rejects the
null hypothesis of no cointegration at the 5% significance
level. However, under , H,: r < 1, the trace and max-eigen
statistics are equal to 0.614, which are below the 5% critical
value of 3.841. Thus, in this case, we must accept the null
hypothesis of one cointegration at the 5% significance level.
As a result, we have found at least one cointegration
relationship between the WTI and Brent series. In other words,
we have found evidence of a long-run relationship between the
two series.

TABLE IlI. Results of Johansen cointegration test
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Null Trace 0.05 Max-eigen 0.05
. - Critical o Critical
hypothesis Statistic value statistic value
r=0 35.22** 15.49 34.60** 14.28
r<i1 0.614 3.841 0.614 3.841

Notes: ** denotes rejection of the hypothesis at the 5% significance level. The
reported critical values are the [25] critical values.

TABLE IV. ESTIMATION RESULTS OF THE VECM
Ax, = Bro tVr€C g + z BrxjAxe; + Z By jAYe-j t+ Exe
Model o it
Ay = Byo +Vyece 1+ Z,-:lpy""“"’ + Zl_zlﬁyy,id}’ri + &
AXt Bx,O Vx Bxx,l ﬂxx,z Bxy,j ﬂxy,j
-0.068 -0.364 | 0.163 | -0.145
0.000 0.016
0.033 0.056 0.056 0.055
©.001) | @933 1 (00s6) | (©.036) | (0056) | (0.055)
AYt ﬁy,O yy ﬁyx,l ﬁyx,z ﬁyy,l ﬁyy,z
0001 | 0040 | 0051 (g'égg) 0.108 (8'332)
©0.001) | (0.033) | (0.057) | 99 | (gos57) | (00

Note: ** and *** indicate significance at the 5% and 1% levels.

TABLE V. ESTIMATION RESULTS OF THE GARCH-BEKK MODEL
Symmetric ‘ Asymmetric
Variable Coefficient ‘ Std. error ‘ Coefficient ‘ Std. error
Panel A: Symmetric and asymmetric GARCH(1,1)-BEKK estimations
c, 1.092%** (0.143) 0.991*** (0.139)
c, 0.383*** (0.160) 0.486*** (0.145)
C, 0.000 (0.260) -0.000 (0.001)
a, 0.416%** (0.068) 0.302*** (0.070)
a, -0.156*** (0.067) -0.158*** (0.064)
a,, -0.132*** (0.065) -0.024 (0.075)
a,, 0.366*** (0.059) 0.385*** (0.060)
b, 0.862%** (0.051) 0.909*** (0.045)
b,, 0.104** (0.052) 0.098*** (0.046)
b,, 0.064 (0.045) 0.011 (0.045)
b,, 0.876*** (0.046) 0.865*** (0.041)
d, 0.382*** (0.078)
d, 0.365*** (0.075)
d,, -0.066 (0.066)
d, 0.242%** (0.093)
Panel B: Diagnostic test
LB{(32) 28.27 [0.633] 25.29 [0.793]
LB3(32) 29.28 [0.594] 19.96 [0.951]
ARCH, (10) 0.899 [0.533] 0.675 [0.747]
ARCH,(10) 0.428 [0.933] 0.211 [0.995]
"ke'ﬁ%'oo g -5550.54 -5520.58

Notes: P-values are in brackets and standard errors are in parenthesis.The
ARCH;(10) test statistic checks the remaining ARCH effects in standardized
residuals. The LB?(32) test statistic checks for the serial correlation of
squared standardized residuals. ** and *** indicate significance at the 5%
and 1% levels, respectively.
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Furthermore, we investigated the short- and long-run
causality using the VECM. Table 4 summarizes the estimation
results of the VECM obtained from Equations (3) and (4).
According to the long-run relationship using ec;_; (an error
correction term), only the estimated coefficient ec,_, for the
WTI series is statistically significant at the 1% level,
suggesting that the Brent crude oil price is less likely to adjust
than the WTI crude oil price when the two crude oil markets
deviate from their long-term cointegration relationship.
Furthermore, we consider short-run causality between the WTI
and Brent series. Most of the transmission coefficients (
Bxy1» By, and By, ,) are statistically significant, implying a
bi-directional relationship between the WTI and Brent return
series. This evidence indicates that the WTI returns have an
impact on the Brent returns and vice versa.

B. Volatility spillover between the
crude oil markets

In order to examine the volatility spillover effect, we use
the symmetric and asymmetric GARCH (1,1) models based on
the BEKK approach. The estimation results of the BEKK
model are reported in Table 5. To check the accuracy of the
model specifications, we employ two diagnostic tests: the LM
ARCH statistic, ARCH;(10), for standardized residuals; and
the Ljung-Box statistic, LBZ(32), for squared standardized
residuals. Note that the ARCH;(10), test statistic checks the
remaining ARCH effect in standardized residuals and that the
LB2(32) test statistic checks for the serial correlation of
squared standardized residuals. The insignificance of
ARCH;(10) and LBZ(32) statistics indicates the
appropriateness of the symmetric and asymmetric GARCH-
BEKK model.

The important coefficients in the bivariate GARCH model
are a,, and b, elements of matrices A and B , where i=1

stands for WTI, and i = 2, for Brent. As mentioned earlier, the
diagonal elements in matrix A capture the own past shock
effect, while the diagonal elements in matrix B measure the
own past volatility effect. From Table 5, the diagonal
parameters ( b, and b, ) in matrix B are statistically

significant, indicating the presence of strong GARCH effects;
the own past volatility affects the conditional variance of both
markets. Furthermore, the diagonal parameters (a, and a,,)

are significant, implying an ARCH effect in both markets.

The off-diagonal elements of matrices A and B capture
cross-market effects, such as shock spillover and volatility
spillover effects between the WTI and Brent markets. In the
symmetric GARCH model, we find evidence of bidirectional
shock spillover effect between two crude oil markets because
the coefficients a,, and a,, are negatively significant at the 1%

level. However, in the asymmetric GARCH maodel, there is a
unidirectional shock spillover effect from the WTI market to
the Brent market.

Furthermore, we identify a unidirectional volatility
spillover from the WTI market to the Brent market in both the
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symmetric and asymmetric GARCH models. For example, the
past volatility of the WTI market increases the present
volatility of the Brent market owing to the positive value of
the coefficient b, , but the reverse direction is impossible.

Thus, this evidence indicates that the WTI market appears to
play a more important role in influencing the volatility of the
Brent market.

As far as matrix D is concerned, we find evidence of an
asymmetric response to negative shocks (bad news) of the
own market for both returns because of the significance of
diagonal coefficients d,, and d,,. This evidence suggests that

the own negative shocks have more effect than the own
positive shocks on the volatility of each market. In addition,
the cross-market asymmetric response is evident from the WTI
market to the Brent market, as the coefficient d,, is positively

significant at the 1% level. This means that bad news in the
WTI market leads to a greater volatility change in the Brent
market than does good news in the Brent market.

In summary, our empirical results show a unidirectional
volatility spillover from the WTI market to the Brent market,
indicating that WTI shocks heighten Brent market volatility
but not vice versa. More importantly, bad shocks in the WTI
market cause greater volatility in the Brent market than do
good shocks in the WTI market, owing to the cross-market
hedging demand. For example, a fall in WTI prices induces an
active hedger to shift funds from the WTI market into the
Brent market. Thus, bad news in the WTI market will increase
volatility changes in the Brent market.

v. Conclusions

This paper investigated the return and volatility spillover
effects between crude oil markets using the VECM test and
bivariate GARCH-BEKK model. In particular, we considered
the symmetric and asymmetric volatility transmissions
between the WTI and Brent markets.

By employing the VECM test, we found bi-directional
returns transmissions between the WTI and Brent markets.
This evidence indicates that the WTI returns have an impact
on the Brent returns and vice versa. With regard to symmetric
and asymmetric volatility, the empirical results show
unidirectional volatility spillover from the WTI market to the
Brent market, indicating that information is transmitted from
the WTI market to the Brent market but that a reverse
direction is impossible. More importantly, bad news in the
WTI market seems to increase the volatility of the Brent
market more sharply than do good shocks in the WTI market.
Thus, these findings indicate that the WTI market appears to
play a more important role in influencing the volatility of the
Brent market.

These findings are of practical importance to crude oil
market participants and may be useful in making optimal
portfolio allocation decisions and developing hedging
strategies between the two crude oil markets. In the cross-
market hedging demand, falling WTI prices induce active
hedgers to shift funds from the WTI market to the Brent
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market. Thus, bad news in the WTI market will increase
volatility changes in the Brent market.
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