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The ﬂuctuations of international crude oil markets have caused signiﬁcant attention around the world
and aroused strong interest in the forecasting of the systemic risk in crude oil trade. Based on the oil
imported values data of 34 major oil-importing countries from January 2005 to June 2017, we calculate
the cross-correlation functions of time lags and construct a sequence of time-evolving oil import correlation networks according to the similarities between countries. The probability distribution of time lag
shows that the time lag effect is not sensitive to positive correlations, but obvious for negative correlations. There is a longer time-lag effect in the years when positive correlations are stronger. Further, we
use a percolation analysis to quantify the structural change in the correlation network. The key result is
that abrupt percolation transition is leading spikes in systemic risk with advance of 3e11 months suggesting that this event could function as an alarm. Therefore, percolation transition in the correlation
network of oil-importing countries can be used as a means to estimate signals about future systemic risk.
The methodology and results presented in this paper bring a fresh perspective to the study of systemic
risk in crude oil importing trade, and they facilitate risk early-warning research in other energy systems
that also have interactions among their elements.
© 2019 Published by Elsevier Ltd.

1. Introduction
Crude oil is an important energy source that is often called
“black gold” and “the blood of modern industry”. It is nonrenewable and rare, and thus strongly affects the economy and
social development. As a strategic natural resource, oil remains the
worlds leading fuel and accounts for one-third of global energy
consumption [1].
The distribution of crude reserves oil is extremely uneven, and
this creates a structural imbalance in the global supply and demand
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of crude oil that generates a widespread international crude oil
market. Actually oil trade ﬂows embody the relationship among
different countries, which can form a complex network. The
network model presents countries as nodes, trade relations as
edges and trade volume as weight [2]. It offers a helpful tool for
better analyzing the trading patterns by abstracting the trade system generated by the oil ﬂows as a network [3]. This can be shown
in Refs. [4e8]. An et al. constructed a directed network model of
international oil trade to study the relationship between countries
with common trade partners [4] and designed a weighted complex
network model for examining the dynamics of the co-movement
between crude oil features and spot prices [5]. Zhong et al. studied the evolution of communities of the world oil trade network by
setting up un-weighted and weighted oil trade models using data
from 2002 to 2011, and analyzed their evolutionary features and
stabilities over the time [6]. Ji et al. identiﬁed the global oil trade
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patterns using complex network theory, discovering that the global
oil export core network displays the typical feature of complex
network, that is scale-free distribution [7]. Zhang et al. studied the
competition among oil importers using complex network theory,
combined with several alternative measures of competition intensity, to analyze the evolution of the pattern and transmission of
oil-trading competition [8]. Actually a detailed understanding of oil
trading-based network is meaningful for governments because
they are eager to increase their understanding of global oil trade in
order to avoid the market risk.
Risks in supply, pricing, and geopolitics have caused price ﬂuctuations and turmoil in the crude oil market. Kilian identiﬁed the
underlying demand and supply shocks in the global crude oil
market and estimated of how much each of the shocks contributed
to the evolution of the real price of oil during the 1975e2007 period
[9]. Hamilton found that historical oil shocks were a contributing
factor in economic recessions [10]. The ﬂuctuations in the crude oil
market are caused by risk factors that are both systemic and nonsystematic. Some studies have focused on such non-systematic
risk factors as mismatches in supply and demand, capital speculation and exchange rates, but systemic risks bring the most powerful
shocks to both the crude oil market and the global economy.
Because of its uncontrollability and its ability to cause harm, it has
been the focus of widespread concern in academia and among
policy makers, especially since the 2008 ﬁnancial crisis.
The systemic risk of crude oil importing trade system is the risk
associated with the entire system, not the risk only related to an
individual country. The issue of crude oil importing trade system is
a global complex problem owing to the complex coupling relationships among the crude-oil-import countries. For example, the
decisions of crude oil importers when they select exporters and
imported values are not simply based on their own demand, for
example, but are inﬂuenced by the behavior and decisions of other
importers [11]. Incomplete information and market uncertainties
would make it difﬁcult for an importer in isolation to make optimal
decisions. A sudden change, either increase or decrease of the oil
imported value in one or several countries will lead to corresponding changes, either direct or indirect, in other countries. How
much impact the imported value changes of one or several countries have on other oil-import countries, is determined by the
complex coupling relationships among the different countries. In
fact, various characteristic of the crude oil import market, such as
systemic risk can be reﬂected by the coupling relationships among
the crude oil importing countries. Thus understanding behavior
correlations among oil importers is essential if we are to understand systemic risk. Network correlation study has long been used
to quantify interactions, and the produced results are often useful.
It has been applied to a wide variety of disciplines, including
ﬁnance, biology, and climatology [12e29] but has seldom been
used to understand systemic risk in the crude oil market. Recently,
Wang et al. [30] built time-evolving interaction networks by using
correlations among oil dependent countries, and proposed a formula, which is the linear combination of the topological indexes of
the correlation networks, for measuring the evolution of systemic
risk in crude oil importing system. Their study does not take into
account how time lags delay the observable correlations among the
imported values of different oil importing countries. However, time
lag effect in fact exists among the correlation behavior of different
oil importing countries. Thus we add the time lag inﬂuence to the
oil import correlation network, where nodes are major oil importers and edges are correlations among the oil-import returns in
different countries. Because understanding the structure and evolution of the early warning mechanism of systemic risk is important
to governments and policy makers, our goal is to measure the
correlation of oil-import behavior of different countries and

forecast of the systemic risk in crude oil importing trade in a timely
manner.
Systemic risk is often caused by dramatic changes in the structure of the system. In statistical physics and mathematics, percolation theory is an effective tool for understanding the resilience of
connected network components to node breakdowns through
structural properties [31,32]. It has been applied to many natural
and human-made systems [29,31e36]. We here ﬁrst combine the
percolation method and network to identify the largest structural
change occurred during the evolution of oil import correlation
network, which is the signal about future systemic risk. The key
result is that the abrupt percolation transition is leading spikes in
systemic risk with advance of 3e11 months. The methodology is
proved to be useful for forecasting the future systemic risk in international crude oil importing trade and potentially be used as a
template to study other complex systems.
The paper is organized as follows. Section 2 describes the
empirical data, the oil importing correlation network model, and
the percolation analysis approach. Section 3 examines the time lag
effect in the correlation network model and presents the results
obtained from a percolation analysis that is comparable to the absorption ratio in the literature. Section 4 discusses the ﬁndings and
presents conclusions.

2. Data and methodology
2.1. Data
All the data on crude oil imported values is derived from the
United Nations Commodity Trade Database (UN Comtrade; http://
comtrade.un.org). The data are recorded monthly from January
2005 to June 2017, 150 months. We rank the total oil imported
values of each country. Due to limits and imperfect of data, we
choose 34 major oil importers, where 61.8%, 20.6%, 5.9%, 5.9%, 2.9%,
and 2.9% are from Europe, Asia, Oceania, South America, North
America and Africa, respectively. There are 21 countries from
Europe, including Germany, Netherlands, Italy, France, Spain,
United Kingdom, Belgium, Poland, Greece, Sweden, Portugal,
Finland, Lithuania, Austria, Czech Republic, Romania, Slovakia,
Bulgaria, Switzerland, Croatia and Ireland. Seven countries are from
Asia, including China, Japan, India, Korea, Singapore, Thailand and
Philippines. Two countries are from Oceania, including Australia
and New Zealand. Two countries are from South America, including
Peru and Chile. One country, the United States of America, is from
North America. One country, South Africa, is from Africa.
In probability theory and statistics, kurtosis is a measure of the
“tailedness” of the probability distribution of a real-valued random
variable. The kurtosis is the fourth standardized moment, deﬁned
as [37].

KðXÞ ¼

E½X  EðXÞ4

s4X

;

(1)

where EðXÞ is the average of the random variable X and s is the
standard deviation. The kurtosis of any univariate normal distribution is 3. It is common to compare the kurtosis of a distribution to
this value. First, by Eq. (1) we calculate the kurtosis value based on
the crude oil import value data of all countries at each time point.
Fig. 1 shows the evolution of kurtosis values, and the proportions of
KðXÞ > 3 and KðXÞ < 3. We ﬁnd most of the time, KðXÞs3, which
indicates that the distribution deviates signiﬁcantly from the
normal distribution. And KðXÞ is greater than 3 for a long time. This
is said to be leptokurtic, which means the distribution produces
more outliers than the normal distribution [38]. Therefore, it is
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Fig. 1. (a) Evolution of kurtosis values; (b) Proportions of KðXÞ > 3 and KðXÞ < 3.

necessary to study the crude oil importing trade system under the
condition of non-normal distribution.
2.2. The oil importing correlation network construction method
The nodes are the N ¼ 34 major oil importing countries. For
each country i, we denote Vi ðtÞ the monthly imported value at time
t. The ﬂuctuation at time t is deﬁned

ri ðtÞ ¼

Vi ðtÞ  Vi ðt  1Þ
:
Vi ðt  1Þ

(2)

The evolution of the ﬂuctuation data is shown in Fig. 2.
Next we estimate the time-dependent correlation between each
pair of the countries and construct a sequence of correlation networks. If we evaluate the correlation patterns over time through a

time-series model from a holistic perspective, we will miss some
important information because the correlation patterns are also a
ﬂuctuant process. Therefore we divide the holistic time series into
different small-scale fragments using a moving window, and then
construct a sequence of time-dependent correlation networks.
Here, we assume that the length of the moving window is 24
months, the moving step is 1 month. The advantage of utilizing the
moving window method is that the moving window have the
feature of memory and transitivity. Thus the holistic ﬂuctuation
time series is divided into 120 segments with length 24. Within
each window, we compute the correlation matrix CðtÞ, in which
element Ci;j is the weight of the link that connects country i and
country j. First, the time-delayed cross-correlation function between the two time series fri ðtÞg and frj ðtÞg is calculated by
Refs. [28,29],

Fig. 2. Evolution of the ﬂuctuation data.
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Ci;j ðtÞ ¼




ri ðtÞrj ðt þ tÞ  hri ðtÞi rj ðt þ tÞ

sri ðtÞ srj ðtþtÞ

;

(3)

where sri ðtÞ is the standard deviation of fri ðtÞg, t2½tmax ; tmax  is
the time lag, with tmax ¼ 6 months. Because of the time-reversal
symmetry, Ci;j ð  tÞ ¼ Cj;i ðtÞ. We identify the value of the highest
peak of the absolute value of the cross-correlation function and
denote the corresponding time lag of this peak to be ti;j , and the
weight of link connecting country i and country j to be Ci;j ¼
Ci;j ðti;j Þ. The sign of ti;j indicates the direction of each link. That is,

when the time lag ti;j > 0, the direction of the link is from i to j,

which reﬂects the inﬂuence ﬂow from i to j. When ti;j < 0, the di-

rection of the link is from j to i, which means i is inﬂuenced by j. At
each time point, there are 3433
2 time lags and they can be described
by a probability distribution function (PDF) Pðt Þ.
Thus the sequence of monthly shifting-correlation networks is
constructed according to the similarities between nodes. More
speciﬁcally, the nodes which are more similar (based on their oilimporting values variations) will be connected. The weighted
adjacent matrix AðtÞ of the correlation network at time t is deﬁned
as


Ai;j ¼

Ci;j ;
0;

 
 
 Ci;j > q;
Ci;j   q;

(4)

where Ai;j is the weight of link connecting country i and country j,
the critical threshold q is the average of the absolute values of
correlation matrix CðtÞ. Then we obtain 120 34-order directed and
weighted networks for investigation that correspond to the time
points from January 2007 to December 2016.
2.3. Percolation analysis
We examine the percolation phase transition by studying the
evolution of clusters. At each time point, given N ¼ 34 isolated
nodes, links are added one by one according to the weight, i.e., we
ﬁrst add the heaviest link and then continue in order of decreasing
weight. During the evolution of the network, we measure the
fraction of the giant component G ¼ Np , where p is the number of
nodes in the largest component [31e36]. A component is a subset of
network nodes in which each node has at least one path to another
node in the subset [33]. During the growth process, the largest size
change of the largest cluster is calculated by

D ¼ maxfGðC2 Þ  GðC1 Þ; GðC3 Þ  GðC2 Þ; /; GðCTþ1 Þ
 GðCT Þ; /g;

(5)

where CT denotes the weight of the T-th added edge. The step with
the largest jump is denoted Cc . The percolation transition in the
network is D, and Cc is its transition point.
2.4. Absorption ratio
For the correlation matrix CðtÞ at time t, we ﬁnd N ¼ 34 eigenvalues li in descending order. Here we use a measure of systemic
risk called the absorption ratio, which is explained or “absorbed” by
a ﬁxed number of eigenvectors [39]. The absorption ratio captures
the extent to which systems are uniﬁed or tightly coupled. When
systems are tightly coupled, they are more fragile in the sense that
negative shocks propagate more quickly and broadly than when
systems are loosely linked. Reference [39] offers persuasive evidence that the absorption ratio effectively captures system fragility.

We measure the systemic risk in the correlation network using the
absorption ratio [11,21,30,39,40].

En ¼

n
X
li
;
N
i¼1

(6)

where n is the number of the deviating eigenvalues. In this paper,
they are chosen from the eigenvalues, which are greater than a
critical value determined by the prediction of the Random Matrix
Theory [21]. If an eigenvalue is greater than this critical value, it
frequently contains valuable information about systemic dynamics
[21]. The absorption ratio is a better approach because a perfectly
integrated system can exhibit weak correlation. The larger En is, the
higher the systemic risk is [15,40,41].
2.5. Empirical mode decomposition (EMD)
EMD is a method to extract the global structure and take into
account fractal-like signals [42]. It is similar to other analysis
methods, such as Fourier Transform and wavelet decomposition.
We can use it to analyze natural signals, which are most often nonlinear and non-stationary, and we can use it to decompose any
complicated data set into a ﬁnite and small number of components
called intrinsic mode functions (IMF) [43]. The ﬁrst IMF usually has
the most oscillating components (e.g., random noise) [44]. The
equation is

IðnÞ ¼

M
X

IMFm ðnÞ þ ResM ðnÞ;

(7)

m¼1

where IðnÞ is the multi-component signal, IMFm ðnÞ is the mth IMF,
and ResM ðnÞ is the residue corresponding to M intrinsic modes. By
using EMD method, we get a trend graph of a curve by removing
the random noise.
2.6. Cross entropy
The cross-entropy measure has been used as an alternative to
squared error. Cross-entropy characterizes the distance between
the distribution of real data (probability p) and the predicted distribution of the model (probability q), often used as a loss function
to estimate the degree of deviation between the series of predicted
and actual values [45]. That is, the smaller the value of the cross
entropy, the closer the two probability distributions are. Minimizing the cross entropy is the same as maximizing the likelihood
[46].
The cross entropy for two discrete series p and q is deﬁned as
follows:

X
Hðp; qÞ ¼  pðxÞlogqðxÞ:

(8)

x

In this paper, p is the time series of absorption ratio En (the
measure of systemic risk), q is the time series of lagged D obtained
by percolation analysis. The minimum of HðEn ; DÞ corresponds to
the greatest similarity of the two series.
3. Results and analysis
3.1. The correlation feature and probability distribution functions
(PDFs) of time lag
We calculate the cross-correlation functions Ci;j ðtÞ between 34
countries using Eq. (3) and setting tmax ¼ 6. months. From Ci;j ðtÞ,
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Table 1
Proportions of positive and negative correlations.

gp
gn

2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

65.7%

70.1%

77.2%

73.4%

62.1%

60.6%

56.1%

57.9%

60.4%

62.5%

34.3%

29.9%

22.8%

26.6%

37.9%

39.4%

43.9%

42.1%

39.6%

37.5%

we obtain correlation Ci;j between countries i and j. Table 1 lists
proportions gp ; gn of positive and negative correlations for different
years and shows that the PDF of correlations is separated into
positive and negative parts. During the ﬁrst four years, the proportions of positive correlation increase and are higher in 2009 and
2010. Following 2011 the proportions of positive correlation progressively shrink. In contrast, the proportions of negative correlation gradually increase and attain high values in 2013 and 2014. In
2015 and 2016 the proportions of positive correlations continue to
increase.
The different characters of positive and negative correlations
can be further demonstrated by their PDF of time lag t . Fig. 3
shows the PDF of the positive Pp ðt Þ and negative Pn ðt Þ correlations. The PDF of time delay has a maximum at t ¼ 0 for positive
correlations and t s0 for negative correlations. This indicates that
the time lag effect is clear for countries with negative ﬂuctuation
correlations but not for countries with positive ﬂuctuation correlations. Combined this with Table 1, we see longer time-lag effects
between countries with negative correlations that occur in years
with higher proportion of positive correlations during the evolution, i.e., 2009, 2010, 2015 and 2016. When the proportion of positive correlations increases, the longer time-lag effect of the
negative correlation grows more obvious.
3.2. Percolation analysis: identifying the peak point of systemic risk
in oil importing trade
We use Eq. (5) to obtain the percolation transition for each oil
import correlation network, and ﬁnd that, usually between three
and eleven months prior to the peak point of systemic risk, the
correlation network has the largest D. We use this feature to forecast the peak point of systemic risk for the following year. Fig. 4
compares the evolution of the forecasting result and the absorption ratio. Fig. 4(a) shows the eight predicted time points obtained
by percolation analysis. For a continuous warning within six
months, we make the last one the standard. The remaining ﬁve
time points are May 2008, May 2010, November 2012, December
2014, and October 2016. The last time point, October 2016 (blue), is
out of the sample range. The absorption ratio obtained by Eq. (6)
closely reﬂects the systemic risk of the correlation network, and
Fig. 4(b) shows its evolution (blue curve). Using empirical mode
decomposition (EMD), we remove the random noise from the blue
curve and obtain the green curve, which reﬂects the trend of En . The
trend of EMD curve shows that the blue curve reaches a maximum
at December 2008, the ﬁrst peak point, and then decreases to the
second and the third peak points in April 2011 and February 2013.
After bottoming, the blue curve moves upward and reaches the
fourth peak point in September 2015. The time lead between the
prediction and the peak point of systemic risk is in the interval of
three to eleven months, which is shown in Table 2. There are four
accurate alarms (orange points). The prediction point in October
2016 corresponds to the time point several months later. In 2017
the oil price trend is V-shaped and reaches the peak point in the
middle of the year. This conﬁrms our above ﬁndings.
Next, we concentrate on speciﬁc peak points of systemic risk in
international oil importing trade to illustrate the evolving component structure. Using April 2011 as an illustrative example, in Fig. 5

we show the giant component G as a function of link strength C. We
ﬁnd that the largest jump of G occurs in May 2010, eleven months
prior to the peak point in April 2011. The link connecting Thailand
in Asia and Chile in South America was added in May 2010, and the
giant component jumped from 0.353 to 0.706. For other time points
the gap becomes smaller. This shows that the correlation inﬂuence
from Asia has spread to South America. We ﬁnd similar results at
the other peak points: December 2008, February 2013 and
September 2015. For the peak point of December 2008, the largest
jump of G occurs in May 2008, seven months prior to it. The link
connecting Greece and Lithuania in Europe was added in May 2008,
and the giant component jumped from 0.382 to 0.676. The directed
edge shows the inﬂuence ﬂow in Europe, from south to north, and
makes Europe the most highly correlated continent. For February
2013, the largest jump of G occurs in November 2012, three months
prior to that. The link connecting Slovakia and Austria in Europe
was added in November 2012, and the giant component jumped
from 0.324 to 0.618. We also ﬁnd that for the peak point of
September 2015, the largest jump of G occurs in December 2014,
nine months prior to that. The link connecting Sweden in Europe
and Chile in South America was added in December 2014, and the
giant component jumped from 0.529 to 0.824. This result indicates
that the correlation tendency has spread from Europe to South
America. Following the above, we can obtain information about the
peak point of systemic risk in crude oil importing trade by investigating these abrupt transitions in the giant component G. We get
that the largest gap occurs between three and eleven months prior
to the peak point of systemic risk. Therefore, large D can be
regarded as an alarm forecast that the peak point of systemic risk
will develop in the following month.
In our manuscript, the “abrupt percolation” term is a concept
from physical phase transitions, and not necessary related to abrupt
changes in oil import values. It indicates discontinuous phase
transition, which has attracted much attention recently in the
context of interdependent networks [35,36]. While for randomly
connected network system, it behaves a continuous percolation
phase transition [28,32]. That is to say, if there is no interaction
between the oil importers, the oil import correlation networks will
not undergo an abrupt phase transition. The key result of our work
is that the abrupt transitions occur 3e11 months prior to the peak
point of systemic risk in oil importing trade. This is probably since
the network percolation approach can capture in time the signals
hidden behind the actual data, which reﬂects the interaction
among the oil importing countries. This interdependence can cause
system instability and even cascading failures.
3.3. The robustness analysis of prediction result
In order to investigate the robustness of the prediction result,
we use Eq. (8) to obtain cross entropy to estimate the degree of
deviation between the time series of En and lagged D. Fig. 6 shows
the cross entropy of the two time series D and En , as a function of
the interval D leading to En . Fig. 6(a) (orange point) shows that
when the percolation transition sequence (from Dec. 2007 to Oct.
2008) leads the systemic risk sequence (from Jul. 2008 to May
2009) for 7 months, the cross entropy reaches minimum, which
means the two time series have the least degree of deviation. The

286

R. Du et al. / Energy 176 (2019) 281e291

Fig. 3. Probability distribution function of time lag t is shown for positive and negative correlations.
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Fig. 4. Percolation forecasting result and absorption ratio based on oil imported value ﬂuctuation dataset. We compare the largest gap of the largest cluster D during the oil
importing correlation network evolution with a threshold Dc ¼ 0:268 (left panel) and the absorption rate (right panel) between January 2007 and December 2016. When D is bigger
than Dc , which is 1.5 standard deviations, we give an alarm and predict that the peak point of systemic risk for oil importing trade will start in the following months. In the inset we
show the full plot for the largest gap of the largest cluster D. The horizontal red line represents the critical value Dc . (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the Web version of this article.)

Table 2
The time lead between the predictions and the peak points of systemic risk.

D

May 2008

May 2010

Nov. 2012

Dec. 2014

En
Intervals (months)

Dec. 2008
7

Apr. 2011
11

Feb. 2013
3

Sep. 2015
9

Oct. 2016

intermediate time points of the two time series respectively
correspond to the predicted time point (May 2008) and the peak
point (Dec. 2008) in systemic risk, as shown in Table 2. And for
other time intervals D leading to En , there exist high cross entropy
between the two time series. In Fig. 6(b), when the percolation

Fig. 5. The giant component G as a function of the link strength C. The largest jump of G occurs in May 2010, eleven months prior to the peak point in April 2011. When the link
connecting Thailand in Asia and Chile in South America was added in May 2010, the giant component jumped from 0.353 to 0.706. The gap becomes smaller for other time points.
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Fig. 6. The cross entropy of the two time series D and En as a function of the interval that D is leading to En . The minimum values (orange points) in (a), (b) and (c) respectively
correspond to the cross entropy of the following time series: (a) D: Dec. 2007eOct. 2008, En : Jul. 2008eMay 2009; (b) D: Dec. 2009eOct. 2010, En : Nov. 2010eSep. 2011; (c) D: Jun.
2012eApr. 2013, En : Sep. 2012eJul. 2013. The intermediate time points of the above time series are consistent with those given in Table 2. However in (d), when the cross entropy of
the two time series takes the minimum value, their intermediate time points do not coincide with the results in Table 2. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the Web version of this article.)

transition sequence (from Dec. 2009 to Oct. 2010) leads the system
risk sequence (from Nov. 2010 to Sep. 2011) for 11 months, the cross
entropy of the two sequences reaches the minimum. The intermediate time points of the two time series are May 2010 and Apr.
2011. Fig. 6(c) shows that the cross entropy reaches the minimum,
as the percolation transition sequence (from Jun. 2012 to Apr. 2013)
is leading the system risk sequence (from Sep. 2012 to Jul. 2013)
with advance of 3 months. The intermediate time points of the two
time series are Nov. 2012 and Feb. 2013. The central time points
appropriately correspond to the predictions and the peak points of
systemic risk in Table 2. However in Fig. 6(d), when the cross entropy takes the minimum value, the intermediate time points of the
corresponding two time series are inconsistent with those given in
Table 2.
To investigate whether our ﬁndings are also valid when taking
into account the inﬂuence of q for constructing the correlation
networks, we compare the cross entropy results under different
thresholds: q±0:5s, q±1:2s and q±1:5s, where s and q are the
standard deviation and the average of the absolute values of the
correlation matrix CðtÞ respectively. The results of robustness
testing are shown in Figs. 7e9. For the ﬁrst prediction result in
Table 2, regardless of the critical threshold, when the corresponding percolation transition sequence leads the system risk sequence
for 7 months, the cross entropy result reaches a minimum, as
shown in Fig. 7. For the second prediction in Table 2, Fig. 8 shows

that adjusting the critical threshold has no effect on the prediction
result. For the third prediction in Table 2, Fig. 9 shows that for
different thresholds, the cross entropy reaches minimum when the
percolation transition sequence (from Jun. 2012 to Apr. 2013) leads
the systemic risk sequence (from Sep. 2012 to Jul. 2013) for 3
months. But when the critical threshold is taken as q±1:5s, the
network connection is very sparse, the minimum deviation is not
obvious. We conclude that the density of the network has an effect
on the prediction results. However, for the fourth prediction result
in Table 2, we ﬁnd that for different critical thresholds, the corresponding percolation transition sequence and the systemic risk
sequence show a high degree of deviation.
4. Discussion and conclusions
We have used the monthly crude oil import value data on 34
major oil importing countries from January 2005 to June 2017. We
introduce the time lag effect and study the ﬂuctuation correlations.
The probability distribution function of correlations is separated
into positive and negative sectors. The probability distribution
functions of time lag indicate that the time lag effect is clear for
countries with negative ﬂuctuation correlations but not for countries with positive ﬂuctuation correlations. When the proportion of
positive correlations increases, the longer time-lag effect of the
negative correlation grows more obvious.
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Fig. 7. The cross entropy results under different thresholds: (a) q þ 0:5s, (b) q  0:5s, (c) q þ 1:2s, (d) q  1:2s, (e) q þ 1:5s, (f) q  1:5s, where s and q are the standard deviation and
the average of the absolute values of the correlation matrix CðtÞ respectively. For different thresholds, the cross entropy reaches minimum when the percolation transition sequence
(from Dec. 2007 to Oct. 2008) leads the systemic risk sequence (from Jul. 2008 to May 2009) for 7 months.

Fig. 8. The cross entropy results under different thresholds: (a) q þ 0:5s, (b) q  0:5s, (c) q þ 1:2s, (d) q  1:2s, (e) q þ 1:5s, (f) q  1:5s, where s and q are the standard deviation and
the average of the absolute values of the correlation matrix CðtÞ respectively. For different thresholds, the cross entropy reaches minimum when the percolation transition sequence
(from Dec. 2009 to Oct. 2010) leads the systemic risk sequence (from Nov. 2010 to Sep 2011) for 11 months.

Based on the sequence of monthly shifting-correlation networks, we use the percolation method to develop an advance
warning mechanism for systemic risk in the oil importing trade. We

ﬁnd that the structure of the network sharply changes and undergoes a ﬁrst-order phase transition between three and eleven
months prior to the peak point of systemic risk, which is measured
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Fig. 9. The cross entropy results under different thresholds: (a) q þ 0:5s, (b) q  0:5s, (c) q þ 1:2s, (d) q  1:2s, (e) q þ 1:5s, (f) q  1:5s, where s and q are the standard deviation and
the average of the absolute values of the correlation matrix CðtÞ respectively. For different thresholds, the cross entropy reaches minimum when the percolation transition sequence
(from Jun. 2012 to Apr. 2013) leads the systemic risk sequence (from Sep. 2012 to Jul. 2013) for 3 months. However, when the critical threshold is taken as q þ 1:5s, the minimum
deviation is not obvious. At this time, the average degree of the network is small, and the network connection is very sparse. We conclude that the density of the network has an
effect on the prediction results.

using the absorption ratio. Thus the largest change in the giant
component is an alarm that indicates that a peak point of systemic
risk will occur within a few months. Using the percolation method,
our forecasted time points are May 2008, May 2010, November
2012, December 2014 and October 2016. October 2016 is out of the
sample data range. The peak points of systemic risk obtained
through the absorption rate are December 2008, April 2011,
February 2013 and September 2015. Further, cross entropy is
applied to verify the robustness of the results. We also analyze and
compare the structural changes in the network before and after the
prediction time point and the peak point of systemic risk. We ﬁnd
the largest change in the size of the giant component in the correlation network of oil imported values ﬂuctuation to be caused by
the ﬂow of inﬂuence among European countries and from Europe
and Asia to South America.
To sum up, we have described the time-lag effect in the oil
importing correlation network and used a percolation analysis to
quantify the structural change. The key result is that abrupt
percolation transition is leading spikes in systemic risk with
advance of 3e11 months suggesting that this event could function
as an alarm. Therefore, the percolation analysis in statistical physics
can be used as an effective way for predicting signals about future
systemic risk, and provides an important reference for oil trading
countries and market analysis. Our work will help oil importers
understand the varying structure of the oil importing correlation
network and enable them to improve the security of the oil import
market. Our new method can also be applied to other energy systems that have correlations among their elements. Although substantial progress in the study of oil trade networks has been
recently achieved, a number of challenging problems remain. For
example, we need a risk-warning mechanism that combines early
warning information with an emergency response strategy. We also

need a way of integrating the oil market, encouraging cooperation
among oil importers and exporters, and improving world-wide
systematic oil supply security. These issues are topics for future
research.
Acknowledgement
This research was supported by National Natural Science
Foundation of China (Grant Nos. 71690242, 11731014, 91546118,
71403105, 61403171, 71503132, 17BGL143, 71601112). The Boston
University Center for Polymer Studies is supported by NSF Grants
PHY-150500, CMMI-1125290, and CHE-1213217, and by DTRA Grant
HDTRA 1-14-1-0017. The research is partially supported by
Shanghai Pujiang Program (Grant No. 15PJC061), China Postdoctoral Science Foundation (Grant No. 2016M590973), Humanities and Social Science Talent Plan of Shaanxi, Shaanxi Postdoctoral
Science Foundation (Grant No. 2017BSHEDZZ47).
References
[1] BP. BP statistical review of world energy, vol. 06; 2017.
[2] Zhong WQ, An HZ, Shen L, et al. The roles of countries in the international
fossil fuel trade: An emergy and network analysis. Energy Policy 2016.
S0301421516303846.
[3] Fagiolo G, Reyes J, Schiavo S. The evolution of the world trade web: A
weighted-network analysis. J Evol Econ 2010;20(4):479e514.
[4] An HZ, Zhong WQ, Chen YR, Li HJ, Gao XY. Features and evolution of international crude oil trade relationships: A trading-based network analysis. Energy 2014;74(5):254e9.
[5] An HZ, Gao XY, Fang W, Ding YH, Zhong WQ. Research on patterns in the
ﬂuctuation of the co-movement between crude oil futures and spot prices: A
complex network approach. Appl Energy 2014;136:1067e75.
[6] Zhong WQ, An HZ, Gao XY, Sun XQ. The evolution of communities in the international oil trade network. Phys Stat Mech Appl 2014;413:42e52.
[7] Ji Q, Zhang HY, Fan Y. Identiﬁcation of global oil trade patterns: An empirical
research based on complex network theory. Energy Convers Manag

R. Du et al. / Energy 176 (2019) 281e291
2014;85(9):856e65.
[8] Zhang HY, Ji Q, Fan Y. Competition, transmission and pattern evolution: A
network analysis of global oil trade. Energy Policy 2014;73(3):312e22.
[9] Kilian L. Not all oil price shocks are alike: Disentangling demand and supply
shocks in the crude oil market. Am Econ Rev 2009;99(3):1053e69.
[10] Hamilton JD. Historical oil shocks (No. w16790). National Bureau of Economic
Research, Inc.; 2011.
[11] Du RJ, Dong GG, Tian LX, Wang MG, Fang GC, Shao S. Spatiotemporal dynamics
and ﬁtness analysis of global oil market: Based on complex network. PLoS One
2016;11(10):e0162362.
[12] Peralta G, Zareei A. A network approach to portfolio selection. J Empir Financ
2016;38:157e80.
 Baumo
csa S,
€hl E. Network-based asset allocation strategies.
[13] Výrost T, Lyo
N Am J Econ Finance 2019;47:516e36.
[14] Wen DY, Ma CQ, Wang GJ, Wang SZ. Investigating the features of pairs trading
strategy: A network perspective on the Chinese stock market. Phys Stat Mech
Appl 2018;505:903e18.
[15] Billio M, Getmansky M, Lo AW, Pelizzon L. Econometric measures of
connectedness and systemic risk in the ﬁnance and insurance sectors. Soc Sci
Electron Publish 2012;104:535e59.
[16] Diebold FX, Yilmaz K. On the network topology of variance decompositions:
Measuring the connectedness of ﬁnancial ﬁrms. J Econom 2014;182(1):
119e34.
[17] Hautsch N, Schaumburg J, Schienle M. Financial network systemic risk contributions. Eur Financ Rev 2015;9:685e738.
[18] Peralta G. Network-based measures as leading indicators of market instability: The case of the Spanish stock market. J Netw Theory Financ 2015;1:
91e122.
[19] Tse CK, Liu J, Lau FCM. A network perspective of the stock market. J Empir
Financ 2010;17(4):0e667. 2010.
[20] Zareei A. Network centrality, failure prediction and systemic risk. Social Science Electronic Publishing; 2015.
[21] Meng H, Xie WJ, Jiang ZQ, et al. Systemic risk and spatiotemporal dynamics of
the US housing market. Sci Rep 2015;4(1):3655.
[22] Barnett I, Onnela JP. Change point detection in correlation networks. Sci Rep
2016;6(6):443e63.
[23] Kazemilari M, Djauhari MA. Correlation network analysis for multidimensional data in stocks market. Phys Stat Mech Appl 2015;429:62e75.
[24] Mende DR, Bryant JA, Aylward FO, Eppley JM, Nielsen T, Karl DM, DeLong EF.
Environmental drivers of a microbial genomic transition zone in the oceans
interior. Nat Microbiol 2017;2:1367e73.
[25] Sillesen M, Bambakidis T, Dekker SE, Li YQ, Alam HB. Fresh frozen plasma
modulates brain gene expression in a swine model of traumatic brain injury
and shock: A network analysis. J Am Coll Surg 2017;224(1):49e58.
[26] Yamasaki K, Gozolchiani A, Havlin S. Climate networks around the globe are

291

signiﬁcantly affected by El Nino. Phys Rev Lett 2008;100(22):228501.
[27] Berezin Y, Gozolchiani A, Guez O, Havlin S. Stability of climate networks with
time. Sci Rep 2012;2:666.
[28] Fan JF, Meng J, Ashkenazy Y, Havlin S, Schellnhuber HJ. Network analysis
reveals strongly localized impacts of EI Nino. Proc Natl Acad Sci USA
2017;114(29):7543e8.
[29] Meng J, Fan JF, Ashkenazy Y, Havlin S. Percolation framework to describe EI
Nino. Chaos 2017;27:035807.
[30] Wang MG, Tian LX, Du RJ. Research on the interaction patterns among the
global crude oil import dependency countries: A complex network approach.
Appl Energy 2016;180:779e91.
[31] Cohen R, Havlin S. Complex networks: structure, robustness and function.
Cambridge, England): Cambridge University Press; 2010.
[32] Bunde A, Havlin S. Fractals and disordered systems. Springer Science and
Business Media); 2012.
[33] Newman M. Networks: An introduction. Oxford University Press); 2010.
[34] Buldyrev SV, Parshani R, Paul G, Stanley HE, Havlin S. Catastrophic cascade of
failures in interdependent networks. Nature 2009;464(7291):1025e8.
[35] Dong GG, Gao JX, Du RJ, Tian LX, Stanley HE, Havlin S. Robustness of network
of networks under targeted attack. Phys Rev E - Stat Nonlinear Soft Matter
Phys 2013;87(5):052804.
[36] Dong GG, Fan JF, Shekhtman LM, Shai S, Du RJ, Tian LX, Chen XS, Stanley HE,
Havlin S. Resilience of networks with community structure behaves as if
under an external ﬁeld. Proc Natl Acad Sci Unit States Am 2018:1801588115.
[37] Westfall PH. Kurtosis as peakedness, 1905-2014. R.I.P. Am Statistician
2014;68:191e5.
[38] Pearson K. Inequalities for moments of frequency functions and for various
statistical constants. Biometrika 1929;21:361e75.
[39] Bukkui M, Getmansky M, Lo AW, Pelizzon L. Econometric measures of systemic risk in the ﬁnance and insurance sectors. J Financ Econ 2012;104:
535e59.
[40] Kritzman M, Li YZ, Page S, Rigobon R. Principal components as a measure of
systemic risk. J Financ Econ 2009;37:112e26.
[41] Pukthuanthong K, Roll R. Global market integration: An alternative measure
and its application. J Financ Econ 2009;94(2):214e32.
[42] Maheshwari S, Kumar A. Empirical mode decomposition: Theory and applications. Int J Electron Electr Eng 2014;7:873e8.
[43] Lambert M, Engroff A, Dyer M, Byer B. Empirical mode decomposition. http://
www.clear.rice.edu/elec301/Projects02/empiricalMode/process.html.
[44] Chen YK, Zhou C, Yuan J, Jin ZY. Application of empirical mode decomposition
in random noise attenuation of seismic data. J Seismic Explor 2014;23:
481e95.
[45] Plunkett K, Elman J, Hanna R. Exercises in rethinking innateness. MIT Press;
1997. p. 166.
[46] https://en.wikipedia.org/wiki/Crossentropy.

