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Abstract: Connectedness is the key to modern risk measurement and management. This study
investigates the international connectedness of crude oil prices and explores its time-varying
characteristics based on a connectedness measurement framework using daily international crude oil
prices. The international connectedness of crude oil prices is investigated from three perspectives:
total connectedness, total directional connectedness, and pairwise directional connectedness. We find
that the total connectedness of crude oil prices is 67.3%. We also find that the crude oil prices of
Tapes, Daqing, Dubai and Minas are highly affected by Brent and WTI (West Texas Intermediate)
crude oil prices. Furthermore, WTI and Brent are the price makers of international crude oil prices,
while Tapes, Daqing, Dubai and Minas are price takers. From the perspective of pairwise directional
connectedness, we find that the degree of pairwise directional connectedness between Brent and
WTI are high. Finally, the structure of international crude oil markets stays the same even after
market shocks. The main contributions of this study are identification of dynamic connectedness and
presentation of the network connectedness of international crude oil prices.

Keywords: international crude oil price; total connectedness; total directional connectedness;
pairwise directional connectedness; full sample; rolling sample

1. Introduction

Over the years, international crude oil prices have experienced sharp rises and falls and have
attracted extensive attention from policymakers, researchers, and investors [1]. As shown in Figure 1,
for example, the crude oil price of WTI (West Texas Intermediate) was $65 per barrel in May 2007,
rising to $145.3 per barrel around July 2008, and falling to $31.3 per barrel on 22 December 2008.
Another significant characteristic of the international oil market is that the crude oil prices of WTI,
Brent, Minas, Tapes, Daqing, and Dubai have synchronous trends. We can see in Figure 1 that the
plots of these six international crude oil prices nearly always overlap. Although the crude oil price of
WTI differed from the other five crude oil prices during 2011–2014, the fluctuation trends remained
generally the same. For example, six of the international crude oil prices were at the bottom in August
2011, June 2012 and March 2013, while they peaked in February 2012, August 2012 and September
2013. This co-movement of international crude oil prices has also been of great interest to policymakers,
researchers, and investors.
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Figure 1. Crude oil prices in USD per barrel (raw data). Source: Wind [2]. 
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Is the international crude oil market “a great pool”? There are two opposing views on this issue:
one holds that the international crude oil market is fragmented, and is therefore not a great pool. One of
the key proponents of this view is Weiner, who analyzes patterns of price adjustment and considers
that the world oil market is far from completely unified. The correlation and regression results of price
adjustment across regions indicates a surprisingly high degree of regionalization. Weiner insists that
there are many importing-country governments that seek special arrangements for a “secure supply”
from exporters and many oil exporters have also sought “secure outlets” for their crude oil [3]. These
arrangements make no sense if the world crude oil market is integrated. In contrast, the other side of
the argument is that the international crude oil market is integrated, namely, that the international
crude oil market is “a great pool”. A representative of the “great pool” view is Adelman, who argues
that the world oil market behaves as “one great pool” where changes in market conditions in one area
quickly affect other geographic areas [4,5]. He clarifies that the crude oil market is unified based on the
“Law of One Price”. According to this notion, arbitrage opportunities will realign prices if crude oil
prices diverge by amounts greater than the differences implied by transportation costs and quality.
With the economic globalization process, an increasing number of scholars agree that the international
crude oil market is unified in the manner of a “great pool” [6–9].

In this study, we attempt to deepen the “great pool” question, using international crude oil prices.
We start our study by raising a few questions: What is the total connectedness of international crude
oil prices? What are the time-varying characteristics of the connectedness? How can the connectedness
of international crude oil prices be presented in a more intuitive way? Existing studies have not
discussed these issues thoroughly. An in-depth analysis of these questions will help forecast the trends
of international crude oil prices, reduce losses caused by the great volatility of crude oil prices, and
promote sustainable development.

Answering these questions requires a multidimensional directional study of the connectedness
of international crude oil prices. By connectedness, we mean the state of being linked, being related,
or being connected. Existing studies have proposed several methods for measuring relevance.
We divide these studies into two categories. One category discusses the relevance of different
variables. Representative methods include cointegration test and Granger causality test [10,11],
correlation coefficients [12,13], Baba, Engle, Kraft and Kroner-generalized autoregressive conditional
heteroscedastic (BEKK–GARCH) models [14,15], principal-components analysis [16], and others.
Another category focuses on the measurement of risk spillovers and the contribution of individual
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institutions to systemic risk. Representative methods include marginal expected shortfall (MES) [17]
and the conditional value at risk (CoVaR) [18,19]. Both categories are based on market data and have
their own advantages. However, these categories have the following two shortcomings. The first is
the lack of a unified framework that considers the relevance of different dimensions; for example,
correlation-based methods are limited to the correlation between variables, without considering the
relevance of the entire system. The second shortcoming is that most of these methods can only show
correlation levels, ignoring the directions of connectedness. In fact, the directions of connectedness of
international crude oil prices are as important as its levels for risk measurement and control of crude oil
markets. To address these problems, Diebold and Yilmaz developed and applied a unified framework
for conceptualizing and empirically measuring connectedness at various levels, from pairwise through
system-wide [20]. Based on assessing shares of forecast error variation in different crude oil prices
due to shocks arising elsewhere, this method not only measures the levels of connectedness but also
identifies the directions of connectedness [21]. In addition, the method is closely linked to the network
structure diagram, which can visualize the levels and directions of connectedness [22,23].

To accurately measure the connectedness of international crude oil prices, this study draws on
the connectedness measurement framework proposed by Diebold and Yilmaz [20]. This approach
measures connectedness from three perspectives: total connectedness, total directional connectedness,
and pairwise directional connectedness. Total connectedness is an overall description of the degree of
system connectedness. Total directional connectedness from others represents the share of volatility
shocks received from others in the total forecast error variance of each price, while total directional
connectedness to others stands for each price’s contribution to the others’ forecast error variances.
Pairwise directional connectedness indicates the directional connectedness between two variables.
We first perform a full-sample analysis to explore static connectedness, and then turn to a rolling-sample
to explore dynamic connectedness. We use the daily data of six international crude oil prices over
the sample period from 2 January 2003 to 17 August 2018. The main contribution of this study is the
identification of dynamic connectedness through rolling sample windows and visualizing the network
connectedness of international crude oil prices using network structure diagrams.

We proceed as follows. The next section introduces the methodological framework. Section 3
presents the empirical analysis and treats the connectedness measurements. Section 4 discusses and
draws conclusions.

2. Materials and Method

2.1. Data Description

Considering data availability and sample representativeness, we select the crude oil prices of the
WTI, Brent, Dubai, Daqing, Minas and Tapes as the sample. Crude oil prices of WTI, Brent and Dubai
are three important international oil price benchmarks. China is the world’s second largest crude oil
consumer, and the crude oil price of Daqing is the most representative oil price for China. The crude oil
price of Minas in Indonesia is the benchmark price for most of the intermediate, low-sulphur crude oil
in Asia, while the crude oil price of Tapes in Malaysia is a typical price for Southeast Asia. Therefore, the
crude oil prices of WTI, Brent, Dubai, Daqing, Minas and Tapes that we select are highly representative.
High-frequency data are more useful in reflecting actual prices and reducing measurement errors. We
use high-frequency daily data over the sample period of 2 January 2003 to 17 August 2018, resulting in
3351 samples for each price. All these data are from the Wind database, and the unit of crude oil prices
is USD per barrel. Table 1 shows the data’s descriptive statistics. The augmented Dickey–Fuller (ADF)
tests show that the series of crude oil prices in the major international markets are non-stationary,
while the series in first differences are stationary.
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Table 1. Descriptive statistics of crude oil prices in major international markets.

WTI Brent Minas Tapes Daqing Dubai

Mean 69.6 73.1 73.5 76.9 70.6 70.3
Median 68.3 69.2 68.8 73.1 65.8 66.6

Max 145.3 144.2 149.7 156.1 143.4 140.5
Min 23.7 22.8 22.3 25.5 20.1 22.4

Std Dev 24.9 29.1 30. 6 30.5 29.6 28.7
Skewness 0.2 0.2 0.3 0.2 0.3 0.2
Kurtosis 2.1 1.8 1.8 1.9 1.8 1.8

ADF −2.2 −1.8 −1.8 −1.8 −1.7 −1.8
1st-ADF −60.3 *** −56.3 *** −39.9 *** −61.1 *** −58.9 *** −60.5 ***

Note: *** indicate significance at 1%.

2.2. Connectedness Measurement Approach

Diebold and Yilmaz propose a method for measuring connectedness based on assessing the
decomposition of forecast error variance [20]. This is intimately related to the familiar econometric
notion of a variance decomposition, in which the forecast error variance of variable i is decomposed
into parts attributed to the various variables in the system. The connectedness measurement approach
is a measuring tool and has little to do with statistical tests. For a multivariate time series, we can first
fit a vector autoregressive model, then establish an H period-ahead forecast, and finally decompose
the forecast error variance for each variable with respect to shocks from the same or other variables at
time t. We use dH

ij to denote the ij-th H-step forecast error variance. In other words, dH
ij represents the

fraction of variable i’s H-step forecast error variance due to shocks in variable j. It is worth noting that
dH

ij , i, j = 1, · · ·N, i 6= j. The key is i 6= j, which emphasizes that our connectedness measures are based
on the “non-own” or “cross”.

Consider an N-dimensional covariance-stationary data-generating process with orthogonal
shocks: xt = Θ(L)ut, Θ(L) = Θ0 + Θ1L + Θ2L2 + · · · , E(ut, u′t) = I. Note that Θ0 need not be
diagonal. Contemporaneous aspects are summarized in Θ0 and dynamic aspects in {Θ1, Θ2, · · ·}.
The transformation of {Θ1, Θ2, · · ·} via variance decompositions is needed to reveal and compactly
summarize connectedness. Diebold and Yilmaz propose a connectedness table [20] (see Table 2), which
proves central for understanding the various connected measures and their relationships. The main
upper-left N × N block, which is called a “variance decomposition matrix”, denoted by DH = [dH

ij ],

contains the variance decompositions. The connectedness table increase the DH with a bottom row
containing column sums, a rightmost column containing row sums, and a bottom-right element
containing the grand average.

Table 2. Schematic of a connectedness table.

x1 x2 · · · xN From Others

x1 dH
11 dH

12 · · · dH
1N ∑N

j=1 dH
1j , j 6= 1

x2 dH
21 dH

22 · · · dH
2N ∑N

j=1 dH
2j , j 6= 2

...
...

...
. . .

...
...

xN dH
N1 dH

N2 · · · dH
NN ∑N

j=1 dH
Nj, j 6= N

To others ∑N
i=1 dH

i1 , i 6= 1 ∑N
i=1 dH

i2 , i 6= 2 · · · ∑N
i=1 dH

iN , i 6= N
1
N ∑N

i=1 dH
i2 , i 6=

j

The connectedness measures are based on the “non-own” or “cross”, which means that we focus
on the off-diagonal entries of the variance decomposition matrix DH . These off-diagonal entries are
the parts of the N forecast error variance decomposition of relevance and they represent pairwise
directional connectedness in particular. We define the pairwise directional connectedness from j to i
as follows:
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CH
i←j = dH

ij (1)

Since in general CH
i←j 6= CH

j←i, there are N2 − N separate pairwise directional connectedness
measures. Then we define the net pairwise directional connectedness as

CH
ij = CH

j←i − CH
i←j (2)

Now consider the off-diagonal row or column sums of DH . The off-diagonal row sums, labelled
“from others” in the connectedness table, give the share of H-step forecast-error variance of variable
xi coming from shocks arising in all other variables (not one single other variable). The off-diagonal
column sums, labelled “to others”, provide the share of the H-step forecast-error variance of variable
xi going to shocks arising in all other variables. We define total directional connectedness from others
to i as

CH
i←• = ∑N

j=1
j 6=i

dH
ij (3)

and total directional connectedness to others from j as

CH
•←j = ∑N

i=1
i 6=j

dH
ij (4)

There are 2N total directional connectedness measures. Just as for net pairwise directional
connectedness, we define net total directional connectedness of variable i as

CH
i = CH

•←i − CH
i←• (5)

There are N net total directional connectedness measures. Finally, the sum of “from” columns
or “to” rows measures total connectedness, which is the grand total of the off-diagonal entries in DH .
We define total connectedness as

CH =
1
N ∑N

i,j=1
j 6=i

dH
ij (6)

There is just one total connectedness measure, which distills a system into a single number.
For the case of orthogonal shocks discussed so far, the variance decompositions are easily

calculated, because the variance of a weighted sum is a weighted sum of variance. However, in the
case of non-orthogonal shocks, the variance decompositions are not as easily calculated as before,
because, in the non-orthogonal case, traditional methods such as Cholesky-factor identification may be
sensitive to ordering. Following Diebold and Yilmaz [20], a generalized Vector Autoregression (VAR)
decomposition that is invariant to ordering, proposed by Koop et al. and Pesaran and Shin [24,25],
is used. The H-step generalized variance decomposition (GVD) matrix DgH = [dgH

ij ] with entries,
which is

dgH
ij =

σ−1
jj ∑H−1

h=0 (e′ iΘh∑ ej)
2

∑H−1
h=0 (e′ iΘh∑ Θ′hei)

(7)

where ej is a selection vector with j-th element unity and zeros elsewhere, Θh is the coefficient matrix in
the infinite moving average representation of the non-orthogonalized VAR, Σ is the covariance matrix of
the shock vector, and σjj is its j-th diagonal element. Because we work in the Koop–Pesaran–Potter–Shin
generalized VAR framework and shocks are not necessarily orthogonal in this framework, sums of
forecast error variance contributions are not necessarily unity. Hence, we normalize each entry of
the generalized variance decomposition (GVD) matrix by the row sum to obtain pairwise directional
connectedness from j to i:

d̃g
ij =

dg
ij

∑N
j=1 dg

ij
(8)
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By construction, ∑N
j=1 d̃g

ij = 1 and ∑N
i,j=1 d̃g

ij = N. We can calculate the generalized connectedness

measures using D̃g
ij.

3. Results and Discussion

3.1. Connectedness Analysis Using the Full Sample

Table 3 shows the connectedness of major international crude oil prices using the full sample.
Many features are notable: the diagonal elements (own connectedness) appear to be the largest
individual elements of the table, but total directional connectedness (from others or to others) tends to
be much larger, and total connectedness is close to 70%. Next, we analyze Table 3 in the order of total
connectedness, total directional connectedness, and pairwise directional connectedness.

Table 3. Connectedness table of international crude oil price using the full sample.

WTI Brent Minas Tapes Daqing Dubai From

WTI 53.3 25.1 4.5 6.4 5.4 5.3 46.7
Brent 20.3 39.3 8.5 11.5 10.2 10.1 60.7
Minas 12.6 12.1 28.5 15.3 18.2 13.2 71.5
Tapes 17.0 15.0 13.2 24.2 16.5 14.0 75.8

Daqing 14.6 13.7 15.9 16.6 24.5 14.7 75.5
Dubai 16.5 14.2 12.3 15.1 15.7 26.3 73.7

To 81.0 80.1 54.4 64.9 66.0 57.4 67.3
NET 34.3 19.5 −17.0 −10.9 −9.5 −16.3

3.1.1. Total Connectedness Using the Full Sample

Total connectedness is an overall description of the degree of system connectedness. As shown in
the bottom right corner of Table 3, total connectedness is 67.3%, which indicates that about 70% of the
change in international crude oil prices is caused by the mutual influence of the major international
crude oil prices. This result is supported by a series of studies [5–9], which confirm that the world
crude oil market is as a “great pool”, and the elements that constitute the world oil markets have been
closely linked.

3.1.2. Total Directional Connectedness Using the Full Sample

The values in the rightmost column of Table 3 are the total directional connectedness from other
prices to each of the six prices and represent the share of volatility shocks received from other prices in
the total variance of the forecast error for each price. By definition, it is equal to 100% minus the own
share of the total forecast error variance. As seen from Table 3, the total directional connectedness in
the “From” column ranges between 46.7% and 75.8%. There are four prices more than 70%, including
Tapes (75.8%), Daqing (75.5%), Dubai (73.7%) and Minas (71.5%), which indicates that these four crude
oil prices are highly affected by other prices. WTI (46.7%) and Brent (60.7%) are less affected by other
crude oil prices.

Similarly, the values in the second row from the bottom of Table 3 represent the total directional
connectedness from each price to other prices and stand for each price’s contribution to the others’
forecast error variances. The results from Table 3 show that the total directional connectedness in
the “To” column has large differences, varying from 54.4% (Minas) to 81.0% (WTI). According to the
characteristics of the values, we know that crude oil prices of Brent (80.1%) and WTI (81.0%) have
greater impact on other prices.

The bottommost row provides the net total directional connectedness, which indicates the
difference between total directional connectedness to others and total directional connectedness
from others (to–from). The net total directional connectedness of WTI and Brent is positive at 34.3%
and 19.5%, respectively, illustrating that the impact from these two crude oil prices to other prices
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is greater than that from other prices. In other words, these two prices play a dominant role in the
international crude oil market, so they are price makers. In contrast, Minas (−17.0%), Tapes (−10.9%),
Daqing (−9.5%) and Dubai (−16.3%) have negative values in net total directional connectedness;
that is, they are price takers in the international crude oil market. Existing studies support this view:
Wlazlowski et al. pointed out that WTI and Brent are the price makers of international crude oil prices,
while Daqing, Minas and Tapes crude oil markets are price takers [26].

3.1.3. Pairwise Directional Connectedness Using the Full Sample

The off-diagonal elements of the 6 × 6 matrix in Table 3 indicate the directional connectedness
between two prices. For example, the value 20.3 in row 3, column 2, represents the percent of forecast
error variance of Brent crude oil price due to shocks from WTI. From the perspective of pairwise
directional connectedness, we have the following findings.

First, the pairwise directional connectedness between Brent and WTI appears to be very high.
The highest observed pairwise directional connectedness is from Brent to WTI (25.1%), followed by
that from WTI to Brent (20.3%). WTI and Brent crude are the most influential benchmarks for light
crude oil in North America and Europe, respectively [27]. In the decades before 2010, the prices of
WTI and Brent moved in tandem [27]. Maslyuk and Smyth highlighted a co-integration of WTI and
Brent prices in spot as well as in futures markets [28]. Two things may contribute to this result. On the
one hand, a large amount of crude oil trade may regulate supply and demand situations. Crude oil
trade follows the “Law of One Price”, and crude oil prices in various regions gradually converge
due to space arbitrage by crude oil traders. On the other hand, there is information spillover in the
futures market [29,30]. There are two major crude oil futures exchanges: the New York Mercantile
Exchange (NYMEX) and the London International Petroleum Exchange (IPE). The crude oil futures
market is dominated by these two competing benchmark grades. As benchmarks, WTI and Brent
provide a reference price against which oil around the world is traded at a premium or discount [31].
Information about crude oil is transmitted among crude oil exchanges; thus, these two crude prices are
closely linked.

Second, for China’s Daqing crude oil price, Minas and Tapes have greater impacts. The pairwise
directional connectedness from Minas and Tapes to Daqing are 16.6% and 15.9%, which are higher than
for other prices. On the contrary, for Minas and Tapes, Daqing has greater impact than other crude oil
prices. The pairwise directional connectedness from Daqing to Minas and Tapes are 18.2% and 16.5%,
respectively. This may be because the spatial distance of Daqing, Tapes and Minas is relatively short,
and the Tapes and the Minas crude oil spot prices are employed as the related time series based on
China’s oil pricing rules [32].

3.2. Connectedness Analysis Under Rolling Sample

Connectedness analysis using the full sample focuses on the static connectedness of crude
oil prices, so it does not help us understand the dynamics of connectedness [33]. The following
subsections discuss connectedness under rolling sample. Unlike using the full sample, rolling sample
analysis can reveal the dynamic connectedness of crude oil prices. Drawing on Diebold and Yilmaz’s
method [20], this study sets the rolling sample period as 200 days and the forecast period as 12 days. We
analyze the dynamic connectedness in the order of total connectedness, total directional connectedness,
and pairwise directional connectedness.

3.2.1. Total Connectedness Under Rolling Sample

As seen from Figure 2, the total connectedness of crude oil prices in the six international markets
hovered between 47.6% and 77.1% from 27 October 2003 to 17 August 2018. During the sample period,
four distinct fluctuation peaks are revealed.

The first peak occurred from May 2008 to February 2009. The total connectedness of crude oil
prices among the six markets rose rapidly from 69.5% to the peak of 76.6%, and then plummeted
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to 72.7%. During the same period, international crude oil prices experienced an unusual period of
increasing and dropping suddenly and sharply. For example, the crude oil price of WTI was 65 USD
per barrel in May 2007, rising to $145.3 per barrel around July 2008 and then falling to $31.3 per barrel
on 22 December 2008. The Brent, Minas, Tapes, Daqing and Dubai crude oil prices showed similar
trends. The simultaneous soaring and slumping of international oil prices during this period may
have been affected by the subprime crisis. Existing studies suggest that the subprime crisis lowered
the level/trend and increased the volatility of crude oil prices [34,35]. With the spread of the subprime
crisis, market elements in global oil markets linked tightly, increasing the connectedness among various
crude oil prices.

Sustainability 2018, 10, x FOR PEER REVIEW  8 of 16 

increasing and dropping suddenly and sharply. For example, the crude oil price of WTI was 65 USD 

per barrel in May 2007, rising to $145.3 per barrel around July 2008 and then falling to $31.3 per 

barrel on 22 December 2008. The Brent, Minas, Tapes, Daqing and Dubai crude oil prices showed 

similar trends. The simultaneous soaring and slumping of international oil prices during this period 

may have been affected by the subprime crisis. Existing studies suggest that the subprime crisis 

lowered the level/trend and increased the volatility of crude oil prices [34,35]. With the spread of 

the subprime crisis, market elements in global oil markets linked tightly, increasing the 

connectedness among various crude oil prices. 

 

Figure 2. Total connectedness of international crude oil prices under rolling sample. Source: Own 

calculation. 

The second peak appeared during the period from August 2009 to June 2010. The total 

connectedness of the six international crude oil prices rose from 70.5% to 76.5%, and then declined 

to 71.7%. Although the financial crisis led to shrinking oil demand, the effect gradually disappeared 

with the Organization of the Petroleum Exporting Countries (OPEC) member countries’ 

implementation of a production reduction agreement. Coupled with the devaluation of the US 

dollar and the renewed involvement of international speculative capital, the international oil price 

rose to around $ 80 per barrel and maintained this status for one year. The influences of exchange 

rates and speculation on crude oil price were extensively confirmed [36,37]. The tightening of 

supply and the influence of financial factors led to a similar trend in various international crude oil 

prices, resulting in a significant fluctuation in total connectedness from August 2009 to June 2010. 

During the period from June 2012 to September 2014, the third peak of total connectedness 

occurred. The total connectedness of the six crude oil prices rose from 64.6% in June 2012 to 72.0% 

in May 2013, and then fell to 69.0% in September 2014. International crude oil prices remained 

stable at the high level of $90–$120 per barrel during this period. There are some possible factors 

that contributed to this phenomenon. First, the quantitative easing monetary policy implemented 

by the Federal Reserve during the period lowered the US dollar exchange rate [38], which pushed 

up the international crude oil price. Second, in mid-2012, the United States and the European Union 

imposed sanctions on Iran due to Iran’s nuclear activities [39]. The lowering of the US dollar 

exchange rate and the Iranian oil embargo have had an important impact on the global crude oil 

market, causing various international crude oil prices to remain at a high level during this period, 

and connectedness of the international crude oil prices was once again very high. 

The last obvious peak of total connectedness occurred from September 2014 to the end of 2017. 

The total connectedness of the six crude oil prices rose from 59.0% in September 2014 to 76.7% in 

March 2016 and remained stable at over 75% for a long time, falling to 70.9% at the end of 2017. 

Overall, international crude oil prices in 2016–2017 were on the rise in the range of $20–$70 per 

barrel. The rise in oil prices and increase in the connectedness of international crude oil prices 

during this period were driven by multiple factors, such as the attack on the Nigerian oil 

Figure 2. Total connectedness of international crude oil prices under rolling sample. Source:
Own calculation.

The second peak appeared during the period from August 2009 to June 2010. The total
connectedness of the six international crude oil prices rose from 70.5% to 76.5%, and then declined to
71.7%. Although the financial crisis led to shrinking oil demand, the effect gradually disappeared with
the Organization of the Petroleum Exporting Countries (OPEC) member countries’ implementation of
a production reduction agreement. Coupled with the devaluation of the US dollar and the renewed
involvement of international speculative capital, the international oil price rose to around $ 80 per
barrel and maintained this status for one year. The influences of exchange rates and speculation on
crude oil price were extensively confirmed [36,37]. The tightening of supply and the influence of
financial factors led to a similar trend in various international crude oil prices, resulting in a significant
fluctuation in total connectedness from August 2009 to June 2010.

During the period from June 2012 to September 2014, the third peak of total connectedness
occurred. The total connectedness of the six crude oil prices rose from 64.6% in June 2012 to 72.0% in
May 2013, and then fell to 69.0% in September 2014. International crude oil prices remained stable
at the high level of $90–$120 per barrel during this period. There are some possible factors that
contributed to this phenomenon. First, the quantitative easing monetary policy implemented by the
Federal Reserve during the period lowered the US dollar exchange rate [38], which pushed up the
international crude oil price. Second, in mid-2012, the United States and the European Union imposed
sanctions on Iran due to Iran’s nuclear activities [39]. The lowering of the US dollar exchange rate and
the Iranian oil embargo have had an important impact on the global crude oil market, causing various
international crude oil prices to remain at a high level during this period, and connectedness of the
international crude oil prices was once again very high.

The last obvious peak of total connectedness occurred from September 2014 to the end of 2017.
The total connectedness of the six crude oil prices rose from 59.0% in September 2014 to 76.7% in March
2016 and remained stable at over 75% for a long time, falling to 70.9% at the end of 2017. Overall,
international crude oil prices in 2016–2017 were on the rise in the range of $20–$70 per barrel. The rise



Sustainability 2018, 10, 3298 9 of 16

in oil prices and increase in the connectedness of international crude oil prices during this period were
driven by multiple factors, such as the attack on the Nigerian oil infrastructure [40], the Kuwaiti oil
workers’ strike, and the OPEC members’ agreement to reach a production cut [41].

3.2.2. Total Directional Connectedness Under Rolling Sample

Figures 3–5 show the total directional connectedness of the six international crude oil prices.
Figure 3 shows the total directional connectedness to others, Figure 4 shows the total directional
connectedness from others, and Figure 5 shows the net total directional connectedness.
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Compared with the plots of total directional connectedness to others, the plots of total directional
connectedness from others are much smoother. That is, the former fluctuates frequently and strongly,
while the latter fluctuates less frequently with lower amplitude. This may be because the total
directional connectedness from others is less than 100%, but the total directional connectedness to
others may be more than 100% [20].

The variation of net total directional connectedness over the rolling sample windows resembles
the variation in the total directional connectedness to others [20]. According to the definition, the net
total directional connectedness is the difference between total directional connectedness to others and
total directional connectedness from others. Because the plots of total directional connectedness from
others are much smoother than the plots of total directional connectedness to others, the trends of net
total directional connectedness are similar to those of total directional connectedness to others.
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3.2.3. Pairwise Directional Connectedness Under Rolling Sample

Analyzing the pairwise directional connectedness under rolling sample can help us identify the
dynamics of pairwise directional connectedness among international crude oil prices. In particular,
by comparing the pairwise directional connectedness before and after the events, we can deepen our
understanding of how the connectedness measures across international crude oil prices vary over time.
Because we set the rolling sample period as 200 days and the forecast period as 12 days, we ended up
with 6748 pairwise directional measures and 3374 net pairwise directional measures. It is impossible to
present all the plots in the confines of this paper. Instead, to make the analysis more typical, we present
and discuss the net pairwise directional connectedness during the most critical stage. Therefore,
we use July 2008 as a base period to compare and analyze the net pairwise directional connectedness
before and after this severely turbulent period. Based on this, we choose the net pairwise directional
connectedness of international crude oil prices on 2 May 2008 and 30 October 2008 for comparative
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analysis. For a more intuitive observation, we use network structure diagrams to show the net pairwise
directional connectedness between crude oil prices [22,42]. As shown in Figure 6, the nodes represent
the prices. The larger size and the deeper color of the nodes mean that the impacts of this price on
other prices are greater. The lines between nodes represent the degree of connectedness. The deeper
the color of the lines, the higher the degree of connectedness. The arrows in the lines represent the
direction of the connectedness. We use the Gephi software to draw the network structure diagrams.
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Figure 6 illustrates how the total connectedness of the six international crude oil prices rose
rapidly from 73.4% on 2 May to 76.9% on 30 October. As shown in Figure 6, we believe that the
pattern of the net pairwise directional connectedness of international crude oil prices did not change
significantly after international crude oil prices surged and plummeted. We can easily judge from (a)
and (b) of Figure 6 that WTI and Brent play a leading role in the connectedness. On 2 May, the net
pairwise directional connectedness from WTI to Brent, Dubai, Minas, Daqing and Tapes are the top
five among all of that day’s net pairwise directional connectedness. On 30 October, the net pairwise
directional connectedness from WTI to Tapes, Minas, and Daqing are the top three among all of that
day’s net pairwise directional connectedness. The node color of WTI and Brent are deeper and their
node sizes are larger. This result further confirms the previous view that WTI and Brent are the price
makers of international crude oil prices, while Dubai, Daqing, Minas and Tapes are price takers.

3.3. Robustness Test

To verify the robustness of our results to the choice of the forecast horizon and rolling sample
window, we consider forecast horizons of 6 days, 12 days and 18 days, and rolling sample windows
of 100 days, 200 days and 300 days. Next, we observe whether changes in the forecast horizons and
the rolling sample windows cause significant variations in total connectedness. Figure 7 shows the
results. On the one hand, we fix the forecast horizons and observe the impact of the window widths.
In the case of a forecast horizon of 6 days, as the window width increases, the total connectedness
decreases slightly, but the trend and volatility of total connectedness do not change. This rule is also
true in the rolling sample windows of 12 days and 18 days. On the other hand, the rolling sample
window is fixed to observe the impact of the forecast horizons. Under the condition that the rolling
window is 100 days, as the forecast horizon increases, total connectedness increases slightly, but the
trend and volatility of total connectedness do not change. This rule also applies to the cases of 200
days and 300 days. In short, changes in the forecast horizon and rolling sample window have a minor
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impact on the relative value of total connectedness, but will not affect the trends or volatility of total
connectedness. Therefore, the conclusion of this study is robust to the choice of forecast horizons and
rolling sample window widths.
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4. Conclusions

Observing that major international crude oil prices have similar trends, we raise the question of
whether or not the international crude oil market is “a great pool”. There has been a great deal of
debate in the literature on this question. This study attempts to deepen this question using price data
within a unified framework. Based on the framework of connectedness measurement proposed by
Diebold and Yilmaz, we investigate the network connectedness of international crude oil prices and
explore its time-varying characteristics, using daily data of six international crude oil prices over the
period from 2 January 2003 to 17 August 2018.

From the perspective of total connectedness, we find that the total connectedness of the six
international crude oil prices is 67.3%, with four distinct fluctuations during the sample period.
From the perspective of total directional connectedness, the crude oil prices of Tapes, Daqing, Dubai
and Minas are highly affected by other crude prices, and crude oil prices of Brent and WTI have a
greater impact on other crude oil prices. Furthermore, according to the results of net total directional
connectedness, WTI and Brent are the price makers of international crude oil price, while Dubai,
Daqing, Minas and Tapes are price takers. From the perspective of pairwise directional connectedness,
the degrees of pairwise directional connectedness between Brent and WTI are high. Finally, we find
that the structure of international crude oil markets stays the same even after market shocks.

The main contribution of this study is the identification of the dynamic and network connectedness
of international crude oil prices. First, we set the rolling sample period as 200 days and the forecast
period as 12 days to explore the time-varying characteristics of total connectedness, total directional
connectedness, and pairwise directional connectedness. This is beneficial for us to understand the
nature of connectedness. Second, for a more intuitive observation, we draw network structure
diagrams to show the net pairwise directional connectedness between prices. Comparing the net
pairwise directional connectedness in network structure diagrams before and after the events, we can
deepen our understanding of connectedness of international crude oil prices.

In addition, we believe that these findings are relevant for policymakers and investors. We show
that the international connectedness of crude oil prices is strong and clarify the time-varying
characteristics. For policymakers, considering the connectedness of international crude oil prices
and its time-varying characteristics is conducive to predicting the effectiveness of energy policies.
The effectiveness of government policies depends to a large extent on whether the impact of the policy
action extends to other regions or remains confined to the local market [3]. For investors, considering
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the network connectedness of international crude oil prices and its time-varying characteristics is
helpful for judging the trends and relationships of different crude oil prices, which will help to identify
more arbitrage opportunities and avoid investment failures in both spot and futures markets.

There are some shortcomings in our study. First, this study focuses on the connectedness
measurements of international crude oil prices and its time-varying characteristics, ignoring the economic
mechanism of connectedness, which needs to be explored in the future. Second, six major crude oil
prices are just a part of international crude oil prices. High frequency data are more likely to reflect the
relationship among variables; however, high frequency data are rare. Due to the scarcity of daily data,
we are only able to capture the six major international crude oil prices of WTI, Daqing, Dubai, Brent,
Minas and Tapes. Fortunately, these six international crude oil prices are common and important in
world oil markets, and thus, they may be considered representative of the world crude oil markets.
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