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a b s t r a c t

In this paper, we first apply ensemble Empirical Mode Decomposition (EEMD) to analyze
the change rate of GDP time series for ten major countries. Each signal is decomposed
into four modes with different scales and a residual trend. The variance contribution
and averaged period cycle for each mode is then calculated. Results show that economic
growth fluctuations for most of the countries mainly fluctuate at a short period between
3–5 years. Then the causal decomposition proposed by Yang et al. is utilized to detect
the mutual causation among different countries. The novelty of this method is that the
causal interaction is identified in instantaneous phase coherence at a specific time scale.
The strengths and directions of causal relationship for each mode among countries differ
from each other, which mirrors the fact that the world economic activities are fluctuated
and changeable over varying periods. However, no visible causation for the fourth mode
(long-term cycle) among countries is characterized, meaning that the development of
economy over a long period for most countries depends on its own conditions.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

The fluctuation of economic growth cycle is one of the most concerned topics for a long time. Many scholars tried to
study and discuss it from different angles [1–6]. The cyclical fluctuations of economic growth not only affect the speed of
economic growth, but also lead to fluctuations in other related economic factors, such as trade and industry, which can
have a significant impact on long-term economic growth [7–9]. The fluctuations may cause the imbalance and instability
in social development [10]. However, it should also be noted that cyclical fluctuations in economic growth have also
greatly contributed to the development of economy. Economic volatility is the basic issue of studying macroeconomics.
The research on economic growth has always been an important topic in the study of world economy. It is well-known
that there does not exist a fixed growth rate in the process of economic growth. It is necessary and essential to study the
reasons for its fluctuations.

Many progresses have been made in applying mathematical method to the research of economic fluctuations [11,12].
In addition, some factors, such as technology and energy, that may affect the fluctuations of economic growth have
also been considered to detect the mechanism [13–15]. Nowadays, due to the economic globalization and integration,
all countries are interdependent and mutually influenced by each other. Gerlach first defined the world business
cycle by means of spectral analysis in 1988 [16]. Backus et al. detected the effect of American economic fluctuations
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on the development of other countries [17]. Duarte and Holden applied Hodrick–Prescott filtering wave method for
decomposing GDP time series and quantified the correlations among countries from G7 group [18]. Lee et al. built the
vector autoregressive model (VAR) to identify whether the fluctuations of American and Japanese economies can make a
difference to Australian economies over different periods [19]. Polanco-Martínez applied nonlinear, nonparametric, non-
stationary methods to detect dynamical relationships among NAFTA stock markets [20]. Tian et al. created a similarity
index and constructed phylogenetic tree to illustrate the similarities among different stock indices [21]. Lee tested causal
relationships among asset returns, real activity and inflation in the postwar United States applying multivariate vector-
autoregression method [22]. There are also extensive researches to explore causality between energy consumption and
economic development [23–27]. Granger proposed an alternative approach to identify the causality over multiple scales
by a spectral-density approach [28,29]. Yuan et al. utilized Hodrick–Prescott (HP) filtering method to test the relations of
electricity consumption and economic growth [30]. However, the supposition is that the time series is stationary. Wavelet
analysis has been proved effective to capture the features of economic data and decompose series [31–33]. However, to
our best of knowledge, there are little systemic literatures to detect the causal relationship among different countries
corresponding to economic growth fluctuations.

In fact, there are various scientific criteria for detecting causality between two signals. Galilei and Hume initially
proposed that cause has to drive the effect in time [34,35]. Granger pointed out that the notion of prediction dominated
how the causal relationship acted [28]. In other words, the causal interaction from signal X to signal Y is characterized
if the history of signal X can help forecast the values of signal Y , not just referring to the history of signal Y alone. The
famous Granger causality is established on the time dependency between cause and influence [36]. However, Sugihara
et al. observed that Granger causality crucially relies on the assumption that cause and influence can be separated [37].
It has been proved that Granger causality performs well in the separable linear stochastic systems, but it may not be
applicable for nonlinear deterministic systems where causes and influences embedded in high-dimensional trajectory
cannot be practically separated [38,39]. Therefore, Sugihara et al. introduced the convergent cross-mapping (CCM) method
to overcome the problem of separability [37]. In addition, other useful approaches to identify causal relationship between
two time series are based on Bayesian concept for prediction [40].

Even though these methods have made great success for detecting the causality, there still exist some constraints.
More concretely, the expert knowledge of history for the time series is necessarily requested, for example, the time delay
in Granger causality and embedding dimensions in the CCM method. Moreover, the time series obtained from nature
usually oscillate with certain frequency bands, such as brain activity [41]. It is more comprehensive to characterize causal
relationship between two time series in frequency domain [42,43]. Consequently, Yang et al. introduced a novel causal-
decomposition method based on instantaneous phase dependency between cause and influence, regardless of prediction,
time or state information [44]. Two time series are first decomposed into several intrinsic mode functions (IMFs) by
ensemble empirical mode decomposition (EEMD) [45–47], and then detect the causality that has been transferred into
instantaneous phase dependency between two signals at a certain time scale [48]. In addition, there are also other methods
to estimate the phase synchronization, such as electromagnetic theory [49], mean phase coherence [50] and multivariate
singular spectrum analysis [51]. In general, this method combines classical EEMD with phase dynamics and is free of any
priori information.

In this paper, we apply causal decomposition method to identify the interactions of economic growth fluctuations
among different countries at different time scales. The structure is constructed as follows: Section 2 illustrate basic
knowledge of the method, including empirical mode decomposition, ensemble empirical mode decomposition, Hilbert–
Huang Transform, phase coherence and causal decomposition. The practical data are summarized in Section 3. Then comes
to the analysis of results in Section 4. Finally, Section 5 draws the conclusions.

2. Methodology

2.1. Empirical Mode Decomposition

Empirical Mode Decomposition (EMD) was initially proposed by Huang et al. in 1998 [45], and this method was then
improved [46]. EMD is able to decompose the signal into several fluctuations and trends with different frequencies, in
which a series of sequences possessing distinct scales are defined as Intrinsic Mode Functions (IMFs). These IMFs after
EMD are then processed by Hilbert Transform (HT), and the whole algorithm is considered as famous Hilbert–Huang
Transform (HHT), whose approach is capable to handle nonlinear and unstable time series. Currently EMD method have
been successfully in wide range of fields, including earthquake, atmospheric science and traffic system [52–54].

IMFs have a significant characteristic of slowly-varying wave packet, implying that the wave with different scale
varies with time and localized feature in time domain shows up. In addition, IMFs are nonlinear but stable, and also stay
orthogonal to each other, so that they might include independent physical information [55]. There are also two condition
to define an IMF: (i) the number of extrema and zero crossing points are the same, or their difference between them is
at most 1; (ii) the local mean is to be zero.

Considering the time series x(t), t = 1, 2, . . . ,N , the algorithm of EMD can be described as follows:
Step 1: Initialize r0(t) = x(t) and i = 1;
Step 2: Calculate the ith IMF ci(t) referring to the following iterative process
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(i) Assume d0(t) = ri−1(t) and j = 1;
(ii) Characterize all the local maxima and minima of dj−1(t);
(iii) Obtain the upper and lower envelopes of dj−1(t), emin(t) and emax(t), applying the cubic spline interpolation;
(iv) Compute the local mean with respect to the emin(t) and emax(t), and then obtain m(t) = (emin(t) + emax(t))/2;
(v) Sift and define new dj(t) by dj(t) = dj−1(t) − m(t);
(vi) Check the features of dj(t), if it is an IMF, let dj(t) be the ith IMF ci(t) and jump to Step 3; otherwise, set j = j + 1

and return step (ii);
Step 3: Set ri(t) = ri−1(t) − ci(t);
Step 4: Check whether the residual ri(t) satisfies the stopping criteria, if so, the decomposition is complete, else, set

i = i + 1 and repeat Step 2–4. Finally, the original time series can be decomposed into a series of IMFs and a monotonic
trend:

x(t) =

n∑
i=1

ci(t) + r(t) (2.1)

where n is the number of IMFs and r(t) is donated as the final residual.

2.2. Ensemble empirical mode decomposition

The invention of EMD technique is a great success in the evolution of nonlinear and non-stationary time series analysis.
However, there exists a weakness in the original EMD: the single mode might be mixed with disparate scales or a similar
scale appears in more than one modes. To settle the issue, Wu and Huang introduced ensemble EMD (EEMD) [46]. The
core procedure of EEMD is that every observed data are the combination of original time series and noise with a given
level. Therefore, signals of different scales are automatically mapped to appropriate scales associated with relevant white
noise. The data are obtained by divided observations, each of which is includes different noise. To achieve this ensemble
procedure, noise is added to the observed data, x(t). The additional white noise is regarded as the possible random noise
that would occur in the process of analysis. In such case, the ith ensemble observation is described as

xi(t) = x(t) + wi(t) (2.2)

The overall procedure of EEMD is processed as follows:
Step 1: Generate a random white noise series and add it to the objective data;
Step 2: Decompose the ‘‘artificial’’ data into several IMFs and a residue trend;
Step 3: Repeat Step 1 and 2 with different noise every time; and then calculate the mean of these ensemble IMFs as

the final decomposition.
There is no correlation among the IMFs related to different noise series. In addition, the impacts of the EEMD are that

the additional different white noise delete each other in the final mean of related IMFs. The main merit of EEMD is that
it can deduce the phenomenon of mode mixing. The impact of added white noise can be determined in accordance with
a statistical criterion introduced by Wu and Huang [46]:

εn =
ε

√
nw

(2.3)

where nw denotes the amount of ensemble trails, ε is the amplitude of added noise, and εn is defined as the final standard
deviation of error, representing the distinction between observed time series and corresponding IMFs. The level of added
white noise is essential to assign the separability of the IMFs. Moreover, the amount of ensembles trails should be large
enough to cancel out the ensemble mean. Practically, the range of the standard deviation of added white noise is usually
from 0.1 to 0.4 [56].

2.3. Hilbert-Huang transform

Having obtained the corresponding IMFs and a trend after the decomposition of observed signal, the instantaneous
phase and frequency of these sequences can be achieved by Hilbert Transform [45,57]. For each IMF, the analytic signal
after Hilbert Transform can be expressed as:

z(t) = c(t) + jH[c(t)] = a(t)ejφ(t) (2.4)

where the Hilbert Transform is described as H[c(t)] =
1
π

∫ c(t ′)
t−t ′ dt

′, the instantaneous amplitude a and phase φ can be
computed by a(t) =

√
c(t) + H[c(t)][v = 10pt] and φ(t) = arctanH[c(t)]

c(t) . We then obtain the instantaneous frequency by
the deviation of the phase function ω(t) =

dφ(t)
dt .

Therefore, the original time series x(t) can be described as the total sum of all IMFs and residual r:

x(t) =

n∑
i=1

ai(t)exp
(
j
∫

ωi(t)dt
)

+ r (2.5)
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where n donates the amount of IMFs, ai(t) and ωi(t) is the instantaneous amplitude and frequency for each IMF.
The ensemble EMD (EEMD) is a noise-added technique to reduce mode mixing and enhance the separability among

IMFs during the decomposition and consider the mean of all the ensemble results as the final IMF ci(t), each containing
the observed data as well as white noise with a given amplitude:

ci(t) = lim
nw→∞

nw∑
k=1

ci(t) + r × wk(t) (2.6)

where wk(t) is the white noise added to the targeted data, k donates the kth experiment of the ith IMF.

2.4. Phase coherence

Suppose that there are two signals x1(t) and x2(t) with length N , the IMFs, c1i(t) and c2i(t) can be determined by
applying EEMD to both of them. Then the Hilbert transform is used to compute the instantaneous phase for each IMF and
characterize the phase coherence between relative IMFs with respect to two time series [58]. For every pair of IMFs from
two time series, c1i(t) and c2i(t), their instantaneous phase, φ1i(t) and φ2i(t), can be achieved according to Section 2.3.
The difference between them is depicted by ∆φ12i(t) = φ1i(t)− φ2i(t). If there exists strong coherence between two time
series, then the phase difference is nearly constant; else, it would fluctuate with time. Thus, the instantaneous phase
coherence can be described as:

Coh(c1i, c2i) =
1
T

⏐⏐⏐⏐∫ T

0
ej∆φ12i(t)dt

⏐⏐⏐⏐ (2.7)

It is noticeable that ej∆φ12i(t) is a vector with unit length on the complex plane, whose direction shapes the angle of
∆φ12i(t) and x+ axis. When there is little change of the difference between two instantaneous phase, the phase coherence
is near to 1. If the difference varies obviously with time, then the phase coherence decrease to almost 0. The formula of
phase coherence is data adaptive without any assumptions of parameters, such as time lag.

2.5. Causal decomposition between two time series

Having determined the decomposition of two signals by EEMD and the phase coherence between each pair of IMFs,
the most essential procedure of causal-decomposition analysis originates from Galilei’s principle: re-decompose the time
series after eliminating a specific IMF. If the signal x is affected by another one y, then the signal y can be regarded as
the cause of x. More concretely, if the phase feature of an IMF decomposed from signal x is affected by another signal
y, delete or subtract this specific IMF in the signal x and then recompose this target signal into a new series of IMFs.
Moreover, since the causal related IMF of x is deleted, the new distribution of phase features related to IMF is irrelevant
to the source signal y, implying that the instantaneous phase coherence between coupled IMFs of signal x and y decreases.
On the contrary, this situation would not appear if the corresponding IMF is deleted from source signal y. This is mainly
because the specific IMF is inherent to the source time series and the re-decomposition after elimination of that IMF will
still keep the initial phase features with the other IMFs. Thus, the decomposition and re-decomposition algorithm is able
to quantify the causal relationship between paired IMFs corresponding to two time series.

Since every IMF stands for a dynamical procedure corresponding to a certain time scale, the phase coherence
between coupled IMFs is regarded as the coordinates in a multi-dimensional space, and calculate the Euclidean distance
between the phase coherence of the coupled IMFs obtained from the original signals and the coupled ones from original
decomposition and re-decomposition based on weighted variance, which can be described as [44]:

R(c1i → c2i) = {

n∑
i=1

Wi[Coh(c1i, c2i) − Coh(c1i, c ′

2i)]
2
}
1
2 (2.8)

R(c2i → c1i) = {

n∑
i=1

Wi[Coh(c1i, c2i) − Coh(c ′

1i, c2i)]
2
}
1
2

Wi = (Var1i × Var2i)/
n∑

i=1

(Var1i × Var2i)

The value of R indicates the strength of absolute causal relationship and the range of it is [0, 1]. The corresponding
causal relationship between IMF c1i(t) and c2i(t) could be calculated by the relative proportion of absolute causality
strength R(c1i → c2i) and R(c2 → c1i), which is displayed as:

Cau(c1i → c2i) = R(c1i → c2i)/[R(c1i → c2i) + R(c2i → c1i)] (2.9)
Cau(c2i → c1i) = R(c2i → c1i)/[R(c1i → c2i) + R(c2i → c1i)]

The value of Cau quantified the strength and direction of causal relationship between every paired IMFs corresponding
to their time scale. Specifically, the proportion of value 0.5 implies there is no obvious causal relationship between them;
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Table 1
World stock indices.
Continent Country Country code Color

Americas Brazil BRA Blue
United States USA Red

Europe France FRA Cyan
Germany DEU Magenta
Italy ITA Purple
Spain ESP Vermilion
United Kingdom GBR Grey

Asia China CHN Green
India IND Yellow
Japan JPN Orange

Fig. 1. The change of GDP time series for ten countries.

and the value of 0 or 1 illustrates a significant causal difference from one signal to another. To overcome the singularity
problem that both of R(c1i → c2i) and R(c2i → c1i) may tend to 0, the original R is replaced by R + 1 to compute the
relative ratio if values of both of them are less than 0.05.

To sum up, the overall procedure of causal decomposition is summarized as: (1) two time series x and y are decomposed
into a set of IMFs using EEMD and calculate the phase coherence between every coupled IMFs; (2) eliminate an IMF from
one time series, for example, the time series x, then re-decompose it and obtain a new series of IMFs (IMF x′), compute
the phase coherence between the original IMFs (IMF y) and re-decomposed IMFs (IMF x′); (3) quantify the absolute and
relative causal relationship by evaluating the deviation of phase coherence from the phase coherence of original signals
(IMF x vs. IMF y) and that of re-decomposed signals (IMF x′ vs. IMF y) [44].

3. Data description

In this study, the macroeconomic data are from the World Development Indicators (WDI) database of the World
Bank [59]. The annual datasets provide a comprehensive collection of global development data: Gross domestic product
(GDP) at market prices. All variables are in constant 2010 US$. Here we select ten major countries in the world from
1970 to 2017. The detailed information is shown in Table 1. To estimate the change rate of GDP time series, we apply
logarithmic difference given by:

x(n) = log(Sn) − log(Sn−1) (3.1)

where Sn represents the annual value of GDP in the nth year. The changes of GDP time series for ten countries are shown
in Fig. 1. In general, they all fluctuate to varying degrees over the time. The change of GPD time series for China fluctuate
more significantly than others, on the other hand, there exist similar fluctuation over different period for the rest countries.

4. Analysis of GDP time series

4.1. EEMD analysis

Figs. 2–4 illustrate the ensemble empirical mode decomposition (EEMD) analysis of the change of GDP time series for
ten countries listed in Table 1. Here the level of noise added to the original time series is 0.3 and the ensemble number is
1000. The vertical gray bars in all panels imply the NBER-defined US recessions, which NBER donates National Bureau of
Economic Research. Generally speaking, all the GDP time series are decomposed into four IMFs with different frequencies
and a residual trend. In addition, the NEBR-defined US recessions are almost consistent with the downward fluctuations
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Fig. 2. Ensemble empirical mode decomposition (EEMD) analysis of the change of GDP time series for Brazil and USA yields four Intrinsic Mode
Functions (IMFs) and a residual trend. The vertical gray bars in all panels illustrate NEBR-defined US recessions.

Fig. 3. Ensemble empirical mode decomposition (EEMD) analysis of the change of GDP time series for five European countries yields four Intrinsic
Mode Functions (IMFs) and a residual trend. The vertical grey bars in all panels illustrate NEBR-defined US recessions.

of IMFs. It is intriguing to find out that the trends for most of the countries except Germany, China and India decrease
over time, implying that the rate for long-term increase may slow down. On the contrary, the trend for Germany decrease
from the beginning to 1995, and then grows up gradually. After the unity of Germany, there was unified prosperity for a
short period. However, their economy went into recession because of periodical, structural and other special factors, and
then it showed green shoots of recovery with government’s relevant policies and world economy development. The trend
for China shows a different situation, in which it increases apparently and then decline since 2000. Because of reform and
opening in 1978, the economy for China rise up dramatically, but it fell down due to the Asian Crisis. It is quite surprising
that the trend for India goes up over the whole period.

Next, we will analyze the properties of IMFs for ten countries according to the variance contribution and the averaged
cycle, whose results are shown in Table 2. According to the length of the business cycle, western economists define the
business cycle as: 3–5 years of the short-period Kitchen cycle caused by changes in commodity inventory; 7–1 years of the
medium-period Juglar cycle caused by changes in fixed investment in industry and finance; 15–20 years of the long-period
Kuznets cycle caused by changes in construction investment and 50–60 years of the long-period Codrulieff cycle caused
by technological innovation. From the variance contribution of each scale, we can observe that the economic changes
for most of the countries mainly fluctuate at a short period between 3–5 years except Spain. This phenomenon mirrors
the fact that the economies change a lot and are influenced by various kinds of factors, such as the government’s policy,
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Fig. 4. Ensemble empirical mode decomposition (EEMD) analysis of the change of GDP time series for three Asian countries yields four Intrinsic
Mode Functions (IMFs) and a residual trend. The vertical grey bars in all panels illustrate NEBR-defined US recessions.

Table 2
The variance contribution and corresponding period of each IMF for ten countries.

IMF1 IMF2 IMF3 IMF4

BRA Variance contribution (%) 34.67 28.28 8.97 28.07
Average period (Year) 3.13 7.83 15.67 47.00

USA Variance contribution (%) 50.35 34.60 11.51 3.54
Average period (Year) 3.92 9.40 15.67 47.00

FRA Variance contribution (%) 51.83 35.07 9.55 3.56
Average period (Year) 3.13 9.40 15.67 47.00

DEU Variance contribution (%) 65.75 19.75 7.10 7.40
Average period (Year) 3.13 6.71 23.50 47.00

ITA Variance contribution (%) 71.50 21.90 6.26 0.34
Average period (Year) 3.13 9.40 15.67 47.00

ESP Variance contribution (%) 27.04 37.70 14.20 21.07
Average period (Year) 4.27 9.40 15.67 47.00

GBR Variance contribution (%) 50.69 31.35 15.80 2.16
Average period (Year) 3.13 9.40 15.67 47.00

CHN Variance contribution (%) 55.31 30.56 13.15 0.99
Average period (Year) 4.70 11.75 23.5 47.00

IND Variance contribution (%) 63.23 27.91 8.16 0.70
Average period (Year) 2.61 5.88 11.75 23.50

JPN Variance contribution (%) 57.90 20.21 10.07 11.81
Average period (Year) 3.13 6.71 15.67 47.00

employment, technical development and so on. In the contrast, 9.4-year medium period dominates Spanish economy,
meaning that their economical fluctuation seems more stable than others. It is also noticeable that the long-term period
contributes less than other scales, whose conclusion is consistent with the short-period domination.

4.2. Causal decomposition

The United States (US) is the largest economy all over the world, whose economic aggregate is nearly the half of the
whole world’s economy after the Second World War. The US economy plays a pivotal role in the global economy. In
addition, the growth and volatility of the US economy has become the vane of global economic growth and volatility, in
other words, the global economy is magnificently influenced by the US, such as the adjustment of US monetary policy [60–
62]. Fig. 5 manifests the causal relationship of USA vs. the rest nine countries over different scales. With the development
of the Brazilian economy, Brazil plays a pivotal role in world energy production and consumption. In the development
of new energy, Brazil’s bio-energy alternative oil technology has been at the forefront of the world. It is no wonder that
the US and Brazil affect each other over different scales. In short and mid-long period, Brazilian economy drives the US
economy. However, in 7–11 period corresponding to industrial and financial investment, the US economy dominate the
direction.

Furthermore, there are also strong causal relationships between the US and Asian countries. Even though there is no
correlation between the US and China in the first scale (short-term period), they influence each other in the second and
third scales with different dominant directions, implying the close economic and trade contacts. Similar situations can be
observed in the relationship between the US and the other two Asian counties, Japan and India.

On the other hand, the causal relationships between the US and European countries show different phenomena, in
which the strengths seem to be weaker. This is because European Union (EU) is another powerful economy, where there
are apparent relationships among the inner economies, which can be proved in Fig. 7. It is a little strange that there
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Fig. 5. The casual relationship of USA vs. the rest nine countries.

exists a one-way strong causal relationship from Spain to the US, which may derive from the Spanish colony and the war
between them in earlier periods.

China, the second largest economy in the world, also plays a significant role in the development of global economy.
The GDP rate in the world increase from 3.65% in 2000 to 15.12% in 2017. It is also meaningful and intriguing to
detect the causal relationship between China and other countries. Since the reform and opening occurred in 1978, the
economic conditions have undergone a tremendous change, which means that China is on the way to the economic
powerhouse [63,64]. The causal relationships between China and the other nine countries are depicted in Fig. 6. It is
no wander that there is strong causal relationship from Brazil to China in the second scale. The trade ties between two
countries have obtained the considerable development since the diplomatic opening in 1974. As the largest economy in
Asia, increasingly close economic and trade exchanges appear among China, Japan and India. Even though Japan, whose
economic power is much stronger than China’s, is a well-developed country, it is still affected by China in short-term
period. Despite of different political systems between China and Japan, they have deep links and complementation in
the economy. Moreover, China is identified as the dominant causal role corresponding to India in the first three scales.
These situations manifest unshakable economic role of China in Asia. However, the causal relationships between China
and European countries seems to be different. There are little obvious and directed causal relationships from the results
of China vs. Germany and China vs. the United Kingdom. The other three European countries, France, Italy and Spain play
the dominant roles to varying scales. In fact, the trades between China and European Union are increasingly closer after
they sighed agreement on Trade in Goods in 1983.

European Union, one of the largest economies in the world, integrates the comprehensive strength of each member, and
so that they can share opportunities and complement each other [65]. However, British decided to exit from EU through a
referendum in June 23, 2016. This announcement definitely dropped a bomb in the development of European economies.
Fig. 7 depicts the causality among five European countries in different scales. It seems that there still exist apparent
causalities between British and other European countries in terms of GDP change rate. Germany is more likely to be an
independent individual in the development of economy. In the contrast, Spain acts a pivotal part on the co-movement of
business cycle.

Finally, we discuss the causal influence between Asian and European countries in Fig. 8. As the rapid development of
global economic integration, international exchange and trade have become more frequent. For example, India used to
be colonized by British from 1858 to 1947. Thus, British plays the strong dominant role in the short-term period in the
development of Indian economy. India is even predicted to be the third largest economy beyond Japan and Germany by
2030 according to the data from World Bank and International Monetary Fund. It looks like to be interpretable that India
drives the fluctuation of Germany economy as well as French. Another remarkable fact is that Japan acts an important
and primary part in the progress of European economy, whose results can be observed in the right panel of Fig. 8. In
modern times, with its worship of power Japan adopted the strategy of separating from Asia and joining Europe. After
Meiji Restoration, its national strength grew rapidly which enabled Japan to get a place in the world capitalist powers
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Fig. 6. The casual relationship of China vs. the rest nine countries.

Fig. 7. The casual relationship among five European countries: FRA, DEU, ITA, ESP, GBR.
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Fig. 8. The casual relationship between European and Asian countries.

soon. Recently, Japan and the EU leaders signed the Japan-EU Economic Partnership Agreement, which not only involved
cutting tariffs, eliminating non-tariff barriers, but also setting international economic rules. This measurement has greatly
promoted economic development for both side.

To better understand the causal interaction among ten countries, we display the directed network as well as the
quantitative strength with respect to the first three scales in Fig. 9 since there is almost no causation in the fourth scale. It
is obvious that the density of causation among countries decreases with the increase of period, implying closer economic
trades and interactions in short-term period. India and Germany are more likely to be affected by others since there are
more arrows directing to them Fig. 9(a), on the other hand Spain and Japan dominate the economic activities to some
degree. In addition, Japan also play an indispensable role Fig. 9(b), followed by France. However, in the medium-long
period shown in Fig. 9(c), there are less causal relationships among them, in which France is mainly influenced by most
of the countries.

There are various factors that can affect the business cycle synchronization, such as international trade, international
capital flow and industrial structure. With the development of economic globalization, countries in the world are
increasingly tied up together. It is significant that international trade and capital flow have strengthened. We can clearly
observe that there exist causal relationships between countries over different time scales. However, the composition of a
country’s production and trade differs from each other. The increase rate of GDP for each country also depends on its own
conditions, like consumption, investment and employment. These conditions can influence the direction and strength of
causations between countries. Furthermore, the GDP rate of US decrease from 30.91% in 2000 to 23.90% in 2007 because
China has rapidly developed and become the second economy in the world.

Finally, We use nonlinear Granger causality test proposed by Diks and Panchenko to detect the significance of causality
between different countries [66]. Here the original time series and four IMFs of the change of GDP series are analyzed.
Tables 3–7 show the p values of nonlinear causality test, in which the values with p < 0.05 are highlighted. As one can
observe, the causality test results are a little different with those from causal decomposition, especially for the data with
long period. Since the causal decomposition approach consists of decomposition and re-decomposition procedures, it is
an innovative way to detect the causality between pair IMFs. The traditional nonlinear causality test may fail to identify
the inherent causal relationship between them correctly. In addition, the results may be different with various lag length
in the algorithm of nonlinear Granger test. On the contrary, the causal decomposition technique is free of any parameters.

5. Conclusions

The causal-decomposition analysis proposed by Albert is robust to detect the instantaneous causal relationship
between two time series at different time scales. It does not just integrate EMD with causality approaches that have been
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Fig. 9. The visual network of mutual causation among ten countries corresponding to the first three scales: (a) IMF 1; (b) IMF 2; (c) IMF 3.

Table 3
P values of nonlinear Granger causality test for original GDP series. The values that p < 0.05 are highlighted. (The variable in the row is the cause
and the column variable is the effect.

proposed. There have already been some literatures to detect Granger causality or utilize CCM between coupled IMFs
obtained by EMD [67–69]. However, even though the separability of data can be improved, the essential restrictions still
remain unsolved. On the contrary, the newly proposed method is not only immune of these restrictions, such as the priori
history of data, time delay and embedding dimension in the state–space reconstruction, but also can identify instantaneous
causal relationship by phase coherence. Moreover, the relative causal strength has been taken into consideration.
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Table 4
P values of nonlinear Granger causality test for the first IMF obtained from original GDP series. The values that p < 0.05 are highlighted. (The
variable in the row is the cause and the column variable is the effect.

Table 5
P values of nonlinear Granger causality test for the second IMF obtained from original GDP series. The values that p < 0.05 are highlighted. (The
variable in the row is the cause and the column variable is the effect.

In this paper, we apply Albert’s causal-decomposition method to detect the interactions of economic growth fluctua-
tions corresponding to GDP time series among different countries. Firstly, we use ensemble Empirical Mode Decomposition
(EEMD) to the change rate of GDP time series for ten main countries. Each time series is decomposed into four IMFs
with different scales and a residual trend. Then we compute the variance contribution and averaged period for each IMF.
Results show that economic growth fluctuations for most of the countries mainly fluctuate at a short period between 3–
5 years. Then the causal decomposition proposed by Albert et al. is utilized to detect the mutual causation among different
countries. The strengths and directions of causal relationship for each IMF among countries differ from each other, which
mirrors the fact the world economic activities are fluctuated and changeable over varying periods. These phenomena
may be related to the instability of economic environment and other factors, such as government involvement, natural
disasters.

In summary, this paper takes GPD time series into consideration and assess causal interactions among several countries.
The results can be comprehensive to some extent. In the further research, it may be better to refer to more data, such
as gross domestic fixed investment (GDI), private consumption (CON), exports (EXP), and imports (IMP) of goods and
services.
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Table 6
P values of nonlinear Granger causality test for the third IMF obtained from original GDP series. The values that p < 0.05 are highlighted. (The
variable in the row is the cause and the column variable is the effect.

Table 7
P values of nonlinear Granger causality test for the fourth IMF obtained from original GDP series. The values that p < 0.05 are highlighted. (The
variable in the row is the cause and the column variable is the effect.
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