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Abstract: As a classical trade model, the gravity model plays an important role in the trade
policy-making process. However, the effect of physical distance fails to capture the effects of
globalization and even ignores the multilateral resistance of trade. Here, we propose a general
model describing the effective distance of trade according to multilateral trade paths information
and the structure of the trade flow network. Quantifying effective trade distance aims to identify
the hidden resistance information from trade networks data, and then describe trade barriers.
The results show that flow distance, hybrid by multi-path constraint, and international trade network
contribute to the forecasting of trade flows. Meanwhile, we also analyze the role of flow distance
in international trade from two perspectives of network science and econometric model. At the
econometric model level, flow distance can collapse to the predicting results of geographic distance
in the proper time lagging variable, which can also reflect that flow distance contains geographical
factors. At the international trade network level, community structure detection by flow distances and
flow space embedding instructed that the formation of international trade networks is the tradeoff of
international specialization in the trade value chain and geographical aggregation. The methodology
and results can be generalized to the study of all kinds of product trade systems.

Keywords: gravity model; potential trade paths; multilateral trade; effective distance; flow distance

1. Introduction

International trade is one of the most important economic activities among countries, and its effect
on one country’s economic growth is self-evident. Forecasting international trade flows is critical to
assessing economic growth. International trade data, as a non-monetary tool to measure the complexity
of national economies, have greatly enriched the assessment and prediction of the growth performance
of individual economies [1–6]. For example, Hausmann, the renowned economist, proposed the
concept of economic complexity in the dimension of international trade to quantitatively evaluate a
country’s future economic growth potential: the gap of countries’ economic growth depends on the
diversity of their exports, which also causes that the national development has the path-dependence
property. This makes it possible to rely on historical data to predict short-term economic growth,
and there is a correlation among investments, performance, and economic growth [7,8].

For the long term, the gravity model describes the pattern of total bilateral trade flows [9,10]:
trade flows are proportional to the size of a country’s economy and inversely proportional to the
distance between them, because of the cost of transportation. Although the role of economic size has
been well understood in various theoretical contexts, the interpretation of the role of distance has been
controversial [11], especially with some counter-intuitive empirical results. For example, Head and
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Mayer reviewed 161 published papers using 1835 estimates of the midrange coefficient for gravity-type
regression [12]. The results from the different samples were surprisingly stable, which reflects the
issue of the “missing globalization puzzle” in the trade fields: physical distance cannot capture the
effects of globalization and remains constant over time in the gravity model. Physical distance can
represent trade distance and costs to some extent; however, it fails to reflect the multi-polarization and
multi-resistance effect of international trade brought about by globalization [13].

Over the recent decades of globalization, the world has interacted more closely than ever before.
On the one hand, population, resources, and sustainable development affect the industrial pattern
of countries, thereby it will lead to the complexity of international trade [14]. Because the trading
system is complex, time-varying, and nonlinear, it is necessary to use a system approach, such as using
complex network model, to empirically model the interactions. On the other hand, since international
trade is the result of the constraints of trade barriers and economic and political games, trade barriers
and trade networks coevolve. It provides an intrinsic basis for characterizing trade barriers by the
historical data of trade, i.e., the hidden resistance information can be filtered from the topological
structure of trade networks. The measure of trade resistances or trade barriers is defined as the effective
distance of trade systems in this paper. By doing this, we compute the “effective trade distance” from
the perspective of multilateral resistance and network effect. Then, a rolling-windows approach is
used to consider the potential time-varying relationship in the distance measure, thereby helping to
forecast the complexity of the economic system.

Using the complex network model to study international trade is to capture the backbone of trade
systems by abstracting countries and their trade relations into nodes and edges. The purpose of this
paper is to overcome the “missing globalization puzzle” to establish a measure of “effective trade
distance” with the time-varying and potential multi-resistance characteristics.

In the next section, a brief review of related studies is provided. Section 2 describes the
methodology and the data, while Section 4 reports the main empirical results. In Section 5, we discuss
the critical finding in this paper. Section 6 closes the article with concluding remarks.

2. Literature Review

The role of trade costs in the international economic system has been extensively discussed and
widely used in many fields [15,16]. Especially, physical distance is regarded as the most common proxy
for international trade costs [12,17]. In the earliest contribution of this issue, the authors modified
the gravity model by adding different explanatory variables [18,19], e.g. bilateral distance effects
measured by the fixed costs. For example, Manova and Zhang fixed costs that are increasing with
distance [20] or firm search costs for buyers [21]. Yi also argued that fragmentation can explain the
nonlinear effects of trade costs on trade [22].

However, the drawback is that the estimated results fail to capture the effect of globalization,
which is defined as the “missing globalization puzzle”: it remains constant over time. Many economic
studies have attempted to resolve this issue with mixed success [23–26]. This approach requires the
addition of more explanatory items when more factors are considered, which may lead to gravity
models extremely bloated. Especially, some variables have strong economic significance, but are highly
correlated and pose multicollinearity problems.

Additionally, the effects of globalization should also be reflected in increasing estimates of the
effects of contiguous borders, which reflect the effects of globalization that may travel through the
middle trade, i.e., global value chains may first be established regionally, thereby reinforcing trade
with neighboring countries in gravity estimations. For example, Marek Maciejewski illustrated that
attractiveness can be expressed as the common border of many factors [27]. Moreover, intermediate
merchandise trade has a different impact on the final products in the aspect of product and factor prices.
Research shows that intermediate merchandise trade can promote exports, increase R&D investment,
and positively affect innovation [28,29], thereby improving productivity and promoting the quality of
export products [30]. Quantitative analysis of the impact of the real distance between the import and
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export of commodities on trade is relatively rare, especially the export to domestic sales, intermediate
products trade, etc. because measuring these trade distances is complicated. Quantifying the distance
cost of intermediate trade is very complicated, we thus need to find new research paradigms to address
this problem.

The elasticity of distance may change in both directions as the market size changes [12], and an
empirical model of scale effects can be explained by the relevant export-dynamic network (International
Trade Network, ITN). The significant difference of ITN from the gravity model is that many dimensions
of trade information have been embedded virtually in ITN, rather than infinitely added explanatory
variables because ITN is formed by the interaction of national behaviors and multiple factors that have
already covered politics, culture, and other information. Another stream of literature has examined
how complex network measures affect key international trade, which mainly focuses on multi-scale
models of multilateral trade based on a network topology from the real trade data.

In that case, how can we define the “effective trade distance”? There are already different
distance measures proposed based on network theory [31,32]. Despite the success of these distances
for analyzing practical issues, they suffer from defects in studying trade problems. The most obvious
shortcomings is that network distance, such as hyperbolic distance and shortest path distance, seldom
consider the trade flow information. Additionally, although Brockman’s effective distance subsumes
the information of the topology and the flux on edges, this method only calculates the distance of the
most possible (maximum likelihood) paths between nodes but does not count all paths. Conversely,
with the rise of the global industrial chain, trade flows can be recognized as part of a longer value chain.
This information is encoded into all the paths along with the trade flow network. It is not enough if we
only consider the most possible path, and economic behavior is often not driven by probability. On the
contrary, with the rise of global industrial chains, trade flows can be considered as part of a longer
value chain, and this information is encoded into all paths of the trade flow network, rather than the
most possible path. Therefore, the definition of effective distance should hybrid trade networks and
full path constraints.

Following the existing literature, which provides a good foundation for setting up the empirical
model, this paper aims to make the following contributions to construct the “effective trade distance”.
It can identify the real trade distance—flow distance—which emphasizes the networks of trade
relations under multilateral interactions and the structure of the global production value chain.

3. Methods

3.1. Data

All of the data used in this article are from open source databases that can be downloaded from
corresponding websites. The data for international trade come from the United Nations commodity
trade statistics database. The data we use are 97 categories of product data with 2-bite customs codes
from 1996 to 2016, covering the information on trade relations and trade volume among countries.
The geographic distance data come from the CEPII database (http://www.cepii.fr/). The geographic
distance between national capitals is used as the distance variable of the gravity model. GDP, energy
net export, s and domestic energy use were obtained from the world bank from 1996 to 2016 (https:
//data.worldbank.org.cn/).

3.2. Construction of International Trade Flow Networks

As a supplementary and typical example, we build the international trade flow network and
make empirical analyses using the latest achievements of complex network theory. We employ
international trade data that are available from the United Nations commodity trade statistics database,
which contains data on the value of trades between countries and their trading partners. The dataset
provides both import and export trade data. Here, the ITN can be described as a directed weighted
network, where nodes and directed links represent all of the countries and their imports and export
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relationships, respectively. From the perspective of network science, a country can be abstracted into
a node and export or outport trade relationships can be abstracted into a link in the international
trade networks.

The framework of complex networks study, enabling us to understand international trade as
a whole, offers a new perspective of connection to explore the issue of trade systems with more
information, such as the core/periphery structure [33,34], the role of WTO [35], the robustness of
trade systems (stability of the international trade system) [34,36], problems of critical propagation
in ITN [37,38], and so on. Additionally, ITN can be regarded as a space where international trade is
formed by the interaction of national behaviors and multiple factors that have already covered politics,
culture, and other information. This understanding may help us to reconsider the distance effect on the
gravity model, capturing the features of effective trade distance, including time-varying, multilateral
resistance, and network effects.

However, the most obvious shortcomings is that network distance, such as hyperbolic distance and
shortest path distance, seldom consider the intrinsic mechanism of trade flow information and trade
distance. The international trade system is constructed by exchanging the flow of commodities [39]
and restricted by the natural resources, technological level, and production capacity of each country.
From the perspective of trade flow, the international trade system is an open system that describes how
the energy, substance, products, and money exchange between resources of the external environment
and trade relations of an inter-system [40]. Thus, we use an open system approach to characterize
international trade, known as the International Trade Flow Network (ITFN) [41–43].

The international trade flow network F is a weighted directed network with N + 2 nodes :N
countries and two special nodes (i.e., the source (labeled “0”) and the sink (labeled “N + 1”), as shown
in Figure 1A. The most significant difference from complex network models is that flow network
models have two special nodes which represent the effect of the environment on the international trade
systems. Specifically, the outflow from the source to a country is the domestic production within this
country, and the inflow to the sink from a country is its domestic consumption, as shown in Figure 1A
by the dashed arrows.

In the ITFN system, the relationships between a country and the two special nodes are defined by
network balance principle: the total in-flow of each node equals its total outflow except for the sink
and the source, i.e., ∑N

j=0 fij = ∑N+1
j=1 f ji(1 ≤ i ≤ N). In some cases, the data for domestic productions

and consumptions are not available. We replace these flows as the non-balanced trade flows. If a
country’s total import value is larger than the total export (i.e., ∑N

j=1 aij < ∑N
j=1 aji), the net import can

be the surrogate as the domestic consumption: the flow from i to the sink fi,N+1 = ∑N
j=1 aji −∑N

j=1 aij
(i.e., orange dashed lines in Figure 1A). The net export represents the countries’ production: the flow
from the source to i f0,i = ∑N

j=1 aij − ∑N
j=1 aji (i.e., green dashed lines in Figure 1A). By doing this,

the element fij in the adjacency matrix of the flow trade network F is obtained, as follows:

fij =


aij (1 ≤ i, j ≤ N)

f0,i (i = 0)
fi,N+1 (j = N + 1)

(1)

where aij is calculated from the raw trade data: if a country i exports to a country j with trade volume
wij, the element of adjacency matrix is set as aij = wij, otherwise aij = 0. According to to the raw trade
data, the adjacency matrix F is shown in Figure 1A.
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Figure 1. Flow complex network of energy trade. (A) International trade flows network diagram.
Black solid lines denote the raw trade data, and dashed lines represent the trade gap between imports
and exports. The source node and sink node make the country’s import and export trade in the
balanced state, which helps the definition of a Markov matrix during the derivation of flow distances.
(B) The plane rectangular coordinate system consisting of flow distance (FD) and geographic distance
(GD). y = x is the case where the flow distance is equal to the geographic distance. The black area in
the picture is the range of standard deviation ±σ of a straight line y = x. Blue and red represent the
data points beyond the standard deviation range.

3.3. Flow Distances

Bilateral trade, such as commodity trade and capital flows, may increase due to the reduction in
spatial distance costs, and the relationship between trade costs and trade flows remains a significant
issue. International trade is not only subject to economic scale and geographical distance, but also the
result of searching for trade information in various economies. The network information provides
new perspectives and ideas for further detailed estimation of trade costs and trade flows. Based on
the structure of international trade networks and trade flows, we employ flow distance to quantify
effective distance in energy trade systems. Flow distance lij measures the relative trade flows between
two countries. More specifically, following the insights of Guo [44], we briefly review how to get flow
distance based on the flow network structure. First, all possible paths tij from i to j can be defined as

tij =
∞

∑
k=1

kpk
ij (2)

where pk
ij is the probability that nodes (i.e., countries) transfer from i to j after k steps and satisfies

∑∞
k=1 pk

ij = 1. Thus, pk
ij can be expressed as

pk
ij =

φ0i(Mk)ij

ρij
(3)

where, the total flow can be calculated as ρij = φ0iuij [45], the inverse of M’s Laplacian is U =

1 + M + M2 + ... = (I −M)−1, uij is the element of the matrix U, and φ0i is the first-passage flow from
the source to i. The number of nodes that jump from i to j along all possible paths with k steps is
φ0i(Mk)ij. M is a Markov matrix and its the element mij is
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mij =


fij

∑N+1
i=0 fij

(i < N + 1)

0, (i = N + 1)
(4)

where mij represents the probability of nodes jumping to j if they are at i.
Thus, providing Equations (2)–(4), we have,

tij =
∞

∑
k=1

k
φ0i(Mk)ij

ρij
=

φ0i ∑∞
k=1 k(Mk)ij

φ0iuij
=

(MU2)ij

uij
(5)

Note that all possible paths tij from i to j may contain the path tjj from j to j during the random
walk. Therefore, the definition of flow distance is represented as cij = tij − tjj and the symmetric flow
distance can be finally determined by

lij = 2
1

1
cij

+ 1
cji

=
2cjicij

cji + cij
(6)

3.4. Quantifying Trade Barriers Based on Trade Flows

In a broad sense, measuring the effective trade distance is an approach to study international
trade barriers. Many Non-Tariff Trade Barriers (NTBs) cannot be directly quantified, including
technical regulations, quotas, subsidies, and some anti-dumping measures. Some authors attempted
to quantify these NTBs by utilizing the price wedge method [46], but they suffered from difficulties
in data acquisition as well as inconsistency of price data [17]. The most direct impact of NTBs is
to modify the production conditions and costs in import and export countries and intermediate
product manufacturers, thereby affecting the relative enterprises. It causes the change of products’
comparative advantage, due to the eventual alternation of advantageous industries and technologies.
The alternation will be reflected in international trade [2,3]. Thus, some studies used trade flows to
quantify barriers, e.g., quantitative tool method [47].

The international trade system is complex under the interaction of politics, trade barriers, and
the games of national interests. Complex network methods are one of the most important tools in the
study of a complex system. Such a method provides a global perspective to model the international
trade system. The international trade network is stable [33], which offers the possibility for predicting
future trade behavior by historical data. Intuitively, trade data are a process of coevolution between
trade status and trade barriers. Just as the river shapes the bed while the bed, in turn, guides the
flow, they constitute a complex system of coevolution. Because of the dependence on the path and the
lock-in effect (i.e., stability over time) of the international trade network, the national trade behavior
will be affected by the inherent network effect when the trade network space is formed. Trade behavior
in the past determines the basic framework of the whole trade network space, which constrains the
formation of the future space. Therefore, network constraints provide an internal basis for depicting
trade barriers using historical data.

National trade behavior constructs an international trade network with the characteristics of
complexity, nonlinearity, and time-varying under the constraints of all kinds of barriers. The potential
information of trade resistance is thus hidden in trade network data, which makes it possible
to quantify trade barriers. The quantification of effective trade distance aims to extract hidden
resistance information from trade network data, including multilateral resistance and network effect.
It needs to be reiterated that the restriction of economic behavior by resistance or barriers makes
national trade behavior controlled by multilateral resistance, and accordingly the network effect.
In general, the economic network is also understood as the result of a game between the subjects of
competition and cooperation [48]. Thus, the trade network contains not only trade factors but also
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multi-dimensional information. In this paper, flow distance is adopted as the general measure quantify
the trade barrier and multilateral resistance.

3.5. Econometric Methodology: Gravity Model

To understand the role of trade distance, it is mandatory to analyze all kinds of products trade
and establish trade gravity models to compare. To examine the effectiveness of the flow distances,
we employ the gravity model to compare the performance of geographical and flow distance. We select
d GDP and distance (flow distance and geographical distance) as explanatory variables. The logarithm
equation is converted into a linear form firstly, and the trade gravity model is expressed as follows:
Model 1 (classical gravity model) and Model 2 (modified gravity model).

Model 1 is expressed as follows:

ln Xt,ij = β0 + β1 ln Yt,iYt,j + β2 ln Dt,ij + µt,i (7)

where Xij measures the volume of bilateral trade from country i to country j, Dij is the geographical
distance between countries, Yi denotes GDP of country i, and β are fitting parameters.

Similarly, Model 2, the flow gravity model, is expressed as follows:

ln Xt,ij = β0 + β1 ln Yt,iYt,j + β2 ln lt−τ,ij + µt,i (8)

where lt,ij is the flow distance among countries. Considering endogeneity, we adopt the rolling window
method to consider the distance measure, that is, the flow distance generated by the historical trade
data, to predict the current trade flows. τ ∈ {1, 5, 10} is a time delay parameter, and flow distances of
t− 1 and t− 5 predict the trade flow at time t.

4. Results

4.1. The Flow Distance in Energy Trade Networks

4.1.1. The Economic Meaning of Flow Distances

With the improvement of global value chain systems and the coupling interaction of international
division of labor and transnational corporations, the national attributes of product sources are becoming
increasingly vague, and it is difficult to identify the real producer from imported products and even to
quantify such trade distances. From the perspective of the theory of the global value chain, the more
complex the products are, the more processes are involved in the production, which makes trade
distances in the commodity trade flow also contain potential multilateral paths.

Broadly speaking, the process of summation in this way reveals the potential trade distance of
multi-path fusion behind the trade, which is fundamentally different from geographical distances.
By contrast, the geographical distance of the classical gravity model cannot identify multilateral
distance and the complexity caused by network effects, and the mechanism of trade flow cannot be
described completely. More significantly, definition of distance which ignores the multilateral distance
will seriously underestimate (that is, the blue area in Figure 1B) or overestimate (that is, the red area in
Figure 1B) real trade distances.

Next, we illustrate the potential impact of multilateral goods trade on the “effective trade distance”
with a simplified diagram of international trade relations in Figure 1A. First, geographical distances
may understate effective trade distances. For instance, when measuring the trade distance between
countries A and C, geographical distances only focus on the direct distance. However, there are three
potential routes for commodities: A exports to C directly; A exports to C via B; and A exports transfer
selling internally and re-exports to C. In doing so, the trade distance between A and C in Figure 1A is
completely depicted as lAC = ∑3

k=1 kpk
ij ≈ 2.875, which includes intermediate products imported from

A. Second, geographical distances may overestimate effective trade distances, especially if A and E
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have important import and export relations with each other. When measuring trade distances between
A and E, it cannot be avoided that E imports products from A and re-exports them to A. Thus, lAE ≈ 1
is calculated by Equation (6).

4.1.2. The Role of Flow Distance in the International Trade

In this section, a detailed analysis focuses on the performance of flow distances to predict trade
flows. To avoid endogeneity, we use a lagging distance variable (that is, flow distances with time delay
feature) to replace the geographical distance in the classical gravity model. In doing so, flow distances at
t− τ time are used as effective trade distance to predict trade flow at t time, and the flow distance under
different delay coefficients are compared with the regression results of geographical distance. A more
intuitive comparison scheme is first adopted. We plot logarithmic distance both for geographical
(Figure 2D) and flow distances with τ ∈ {1, 5, 10} (Figure 2A–C) against Xij − β ln YiYj (the item of
non-distances).

Here, for the sake of presentation, we mainly show the empirical results of the energy trade. When
the delay variable is one or five years, the result of the forecast in Model 2 is significantly better than the
measurement of geographical distance, i.e the scatters formed by the distance and non-distance terms
are in the vicinity of a straight line. The result of the GDP regression coefficient is stable and significant
under different flow distances with different time lags, and regression coefficients of flow distances in
regression equations are always larger than the geographical distance, showing that effective distance
(flow distance) has a stronger negative effect on trade flow than geographical distance. More generally,
we do an empirical analysis of different products in different years and we can obtain similar results.

0 0.2 0.4 0.6 0.8 1
-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1
-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1
-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1
-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

A B

C D

Figure 2. The regression results of gravity equations. The x-axis is distance variable lnDij and the
y-axis is a non-distance variable lnXij − β1 ln YiYj: (A–C) the results of Model 2 with different lag times;
and (D) the results of Model 1.
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With the increasing value of time delay variable, the effect of flow distance will gradually
degenerate into the role of geographic distance, which indicates that flow distance covers a wider
range than geographic distance. In rough terms, the regression effect of geographic distance in the
classical gravity model is equivalent to flow distances measured by trade networks over a 10-year
delay, which has an obviously huge impact on trade flow forecasts, because the international situation
is changing rapidly. Due to the path dependency and lock-in effect in the international trade system,
when the new network space is formed, countries’ trade behaviors will be affected by the network.
Thus, the network space and the trade flows co-evolve: past trade behaviors will determine the entire
trade network space and future trade flows will be created by the existing trade network space. This
understanding may help us revise the distance itself as the “effective distance” in the network space,
rather than patching up the gravity model by adding factors.

Moreover, we also analyze the goodness of fit (R2) in the regression model. In Table 1, the result
shows that the gravity model with flow distance is accompanied by a higher R2. Specifically, taking the
energy trade as an example, R2 is between 0.50 and 0.53 in Model 2 with τ = 1, while it is between 0.25
and 0.30 in Model 1. Flow distance has a better performance in all cases, which means that the gravity
model can still explain international trade, but the geographical distance is insufficient to identify
effective trade distance under multilateral trade resistance and multi-path effects. The regression
results of different products and years are qualitatively consistent.

Table 1. The mapping results of important properties. β2 is the regression coefficient of the
distance term, and all the model results are at the 0.01 significance level. R2 is the fitting effects
of regression equations.

Year Model 1 Model 2

τ = 1 τ = 5 τ = 10
R2 β1 R2 β2 R2 β2 R2 β2

2006 0.29 −0.42 0.51 −0.54 0.44 −0.47 0.37 −0.44
2007 0.28 −0.41 0.5 −0.53 0.44 −0.5 0.38 −0.43
2008 0.29 −0.39 0.51 −0.51 0.44 −0.47 0.4 −0.44
2009 0.29 −0.4 0.5 −0.53 0.43 −0.47 0.39 −0.45
2010 0.29 −0.4 0.51 −0.54 0.42 −0.46 0.4 −0.46
2011 0.29 −0.42 0.52 −0.55 0.42 −0.48 0.39 −0.44
2012 0.31 −0.44 0.53 −0.55 0.44 −0.49 0.41 −0.47
2013 0.29 −0.42 0.53 −0.56 0.44 −0.49 0.4 −0.44
2014 0.29 −0.41 0.53 −0.54 0.45 −0.5 0.4 −0.47
2015 0.29 −0.41 0.52 −0.53 0.47 −0.51 0.4 −0.43

In this section, we show that better performance of gravity model can be derived by replacing the
geographical distance with this new effective distance, which means the bilateral trade flows and the
flow distances have much stronger correlations than the geographical distances. This phenomenon is
robust against different products and different periods.

4.1.3. The Relationship between Flow Distance and Geographical Distance

Time lag effect (that is, flow distances can degenerate into the effect of geographic distance with
an adequate value of time delay) indicates that geographic information is hidden in flow distances
from another perspective. It is a common understanding that trade distances embed geographical
information and other information. Placed in the historical perspective, effective trade distance can
be explored further by analyzing the dynamical Pearson correlations between flow distance and
geographical distance in all products trade (a total of 97 products). The result is shown in Figure 3;
for the most commodities trade, we can observe that the Pearson correlation coefficients are not
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significant in all periods, and their values are less than 0.5. This also indicates that the effective trade
distance is mainly affected by trade structures and other network factors.

To highlight this effect, we further analyze the more detailed product classification of trade data.
Illustrating by the case of energy, similar results have been captured by empirical data. The result is
shown in Figure 3. It is worth mentioning that there is a weak sign that there aew geographical effects
in the electricity trade. In the 1990s, the correlation between flow and geographical distance was as high
as 90% in the electricity trade network, which indicates that geographical was the main influencing
factor for trade flow. However, it is clear that the correlation continued to drop, which reveals that
some other factors of distance gradually occupy the main position in affecting the trade volume.

In this section, we further discuss the relationship between flow distance and geographical
distance. The results show that the trade distance generated by the embedding space includes
geographical factors. Similar conclusions have been verified on different types of trade products.

A

 B

Figure 3. Correlation analysis of flow distances and geographic distances: (A) the correlation coefficient
evolution of flow and geographical distance in all products; and (B) the correlation coefficient evolution
of flow and geographical distance in more detailed energy products.

4.2. Quantifying Community Structures and the National Status

4.2.1. Community Structure Detection by Flow Distances

Community structure is not only an important property for the complex network but also an
important approach to depict the structure of economic systems. A network can be divided into
several groups so that each group is tightly knit with many links inside, and there are only a few edges
between each group [49]. The early research structure indicates that the community structure has the
geographic aggregation feature, while the role of globalization has led to an unprecedented division of
labor and links in the trade market, which in turn has produced heterogeneity of products, namely
that differences in the added value of products [39]. Specifically, some high-end products, such as
cars, can be split into different parts (intermediate products) and coordinated by various countries for
production and assembly, which requires intermediate products, not for final consumption, but high
value-added and export reproduction.For some agricultural and sideline products, on the contrary,
imported products are mainly used for domestic consumption and their added value may be lower
than some intermediate products [50,51]. From this view, we want to further discuss i the role of
flow distance by considering multipath features in reshaping the international trade structure. Does
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international trade specialize in the production value chain or geographic aggregation? We expect to
see communities form around international specialization and geographic aggregation, respectively.

Next, we introduce a network flow space embedding model to detect the international trade
network of community structures. The community division method by flow space embedding is based
on the above two special flow distances to embed the entire trade network into a two-dimensional
plane with the two kinds of distances as the axes (the country-from-the-source distance (s2c) as the
horizontal axis, and the to-the-sink distance (c2s) as the vertical axis). It is noted that there are two
special distances for each country. If a country has a shorter flow distance from the source, it is more
likely to be a supplier of the energy product. Otherwise, the smaller is the flow distance to the sink,
the higher is the propensity for the country to be a consumer of the energy product. Figure 4 shows
that not all countries are on the diagonal of the s2c–c2sdistance plane. Namely that the national energy
trade’s consumption and production status are not equal and the diversity exists in the form of a
contribution to the energy value chain. Specifically, if the country’s y coordinate (c2s) is smaller, it is
more likely that a consumer for the energy product locates at the high end of the energy production
chain (i.e., the colorful dot points below the diagonal in Figure 4). Correspondingly, the lower is the x
coordinate, the smaller is the s2c distance, and the greater is the propensity of the country to be an
energy producer, and, thus, it locates at the low end of the energy production chain (i.e., colorful points
above the diagonal in the Figure 4).

In doing so, three communities can be obtained by identifying the national energy consumption
and industrial development level, including resource-driven community, deep-processing community,
and mixed community. Note that Countries in the mixed community (related balance of trade) are
also referred to as the trade balance or the international trade balance, which shows that the national
status of import and export are roughly equal. BOT country corresponds to the black point in Figure 4.
More precisely, countries above the diagonal line are natural resources abundant, such as Canada,
Russia, and Saudi Arabia, and most of them are mainly exporters, who can maintain national economic
stability by exporting energy. Their distances to the source are less than to the sink, therefore they locate
at the bottom of the production chain. On the contrary, some countries are located below the diagonal,
which are mainly energy importers. Their distances to the sink are lower than to the source; therefore,
they are at the top of the production chain. Such countries tend to be lack of natural resources, such
as Japan, and primary energy can be further processed to improve product competitiveness through
importing. Finally, there are a few countries located near the diagonal, such as Britain.

To illustrate the validity, we furthermore provide the community structures of economic data by
energy market share and demand share in Figure 4A. The results show that the flow distances plane
can categorize the characteristics of international status clearer than the market and demand share.
The energy market share and demand share are measured by the value of energy net exports and
domestic energy use (kg of oil equivalent per capita), respectively. Especially, Russia and Canada fail to
be effectively identified in the resource-driven community. Although the input–output structure and
relative magnitude of production among sectors are not explained by trade status only, the theory of
complex economy points that there are many unmeasurable factors, including infrastructure, education,
vocational skills, and other factors, hidden behind economic behaviors. Those non-monetary metrics,
based on trade network structures, have greatly enriched the theory of economy. Those unmeasurable
factors are thus reflected in the country’s export capacity, i.e., trade data.

Actually, the s2c–c2s distances plane also provides us with a representation of the entire trade
systems. This method shows the different community nature from that of traditional methods.
The flow distances abstracted from trade networks embodies strong and stable explanatory power in
describing multilateral trade distance to uncover the intrinsic structure of trading systems. Each type
of international specialization in the production value chain also reflects the aggregation of national
energy roles, rather than geographical clustering.
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Resource-driven community

Deep-processing community

Mix community

     A     B

Figure 4. The national status in the s2c–c2s distance plane for energy product in 2005: (A) the result
of community structure of energy market share and demand share; and (B) the result of community
structure based on flow distance.

4.2.2. Identifying National Status in Trade Value Chain

In the analysis above, we verify that flow distance has better performance in explaining
trade volume and representing hierarchical structures. From the perspective of the flow distance,
the community structure of trade networks is driven by the coevolution of product specialization and
geographic distance. Flow space embedding method not only can detect the community structure
but also can reveal the position of the countries on the energy production chain according to their
production chains and the level of added-values. To show this, because energy production, processing,
and consumption are so important for countries in the sense of economics and politics, let us take the
energy products as examples to show the flow distances.

In terms of countries with rich energy resources, such that they are major energy export countries,
including Russia, Canada, Saudi Arabia, etc., their industrial structure is highly dependent on
energy trade, therefore they often have some problems such as monotonous industries, lagging
industrialization, and weak manufacturing development. For the oil trade market, in particular,
resource-driven statehood makes the country become an important exporter of oil in the world. As an
“oil country”, Saudi Arabia’s oil reserves and production are adequate in the world, and the petroleum
and petrochemical industries are the blood of the country’s economy, and thus its contribution to the
energy value chain is low.

Beyond that, we can identify countries’ capabilities with deep processing and high value-added
product contribution. On the one hand, the deep-processing country would balance national demand
through importing enough energy, which can be further processed to primary energy to produce
higher value-added products. We can find that the developed countries have higher c2s distances
in most commodity trades with countries, such as Japan, Germany, France, etc. These countries are
located above the diagonal, which shows they can produce higher energy value. On the other hand,
owing to resource emptiness, energy policies, etc., some countries flood into the energy consumption
market. For instance, the United States has always had a protection policy for its domestic energy
sources, relying on large amounts of imports to maintain domestic demands. The situation of coal is
on the contrary. The United States and Australia are the world’s largest coal exporters, which confirms
that the results of our energy flow distance can be used to identify the country’s position. China’s coal
trade has similar phenomena.
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Based on our results, we conclude that the distances of open flow systems can characterize the
international status and value-added contribution capacity of a given country, which reveals that flow
distances have economic significance. When the energy needs more complex production processes
and energy demand, more countries must be imported from to form a long c2s distance. Thus, a longer
national energy value chain is formed. As a method to quantify the energy national status, the flow
distance can provide a new study perspective on related research.

4.2.3. The Evolution of the National Status in Energy Value Chain

According to the observations, we know that flow distance is the basic property of national status
and contributions of the products in the value chain. We expect countries with smaller c2s distance can
produce more diversified products. Based on the evolution of c2s distance, we can trace the national
development process. Similarly, for the evolution of s2c distance, we can find the development trend
of national status and potential contributions. Therefore, the features of the evolution of national status
are the key point of our analysis in the s2c–c2s distance plane. This section shows how the global
production and consumption of energy trade evolve and the results are shown in Figure 5.

DC

A B

Figure 5. The evolution of status and contribution of nations in the flow space: (A–D) the evolution
of the status in the energy, coal, natural gas, and oil markets, respectively, for the years 1996–2015.
The arrow indicates the country’s evolution direction in the two-dimensional plane. For each point in
pictures, the position is determined by the S2C distance and C2S distance.

The three major energy resources, namely coal, oil, and natural gas, are in the core positions in the
energy trade system. As an example, we analyze China’s evolution of production and consumption
in the following part (that is, the red line in Figure 5). The c2s distance of coal has a huge reduction
in 2008 and has been in a low state, which reveals that China’s coal processing level is relatively
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higher in the upstream industry chain. Meanwhile, it coincides with a significant increase in China’s
coal inventories, which may confirm that China is moving to the “source”. Furthermore, China’s s2c
distance is higher than the c2s distance in the oil trade flow network, and the flow distance from the
source node is closer. Especially, China had reversed the way of the trade from oil exporter to oil
importer country in 1996, after which China’s oil imports and dependence on foreign oil is gradually
increasing. Besides, the natural gas trade in Germany and the United States fluctuates, while China,
Russia, Japan, and Saudi Arabia are relatively stable.

Another interesting finding is that studies based on flow distance have detected that China,
Britain, Africa, and other places inject new vitality into the energy market. For example, the black
line in Figure 5 shows that the UK’s energy consumption capacity has gradually increased since
2005, and the main reason is the depletion of North Sea oil fields, which led to the failure of the UK
energy industry’s self-reliance. More importantly, Britain’ s2c distance of electricity trade has been
higher than c2s distance since 2008. It is obvious that, as the first country to complete the industrial
revolution, Britain also changes from the direction of energy consumption to clean energy in the
process of development.

In this section, taking the energy trade as an example, we explore the evolution of the national
status by flow distance using the trade flow network model. The results show that the trade distance of
network structure and multi-path coupling not only predicts trade flow well but also has an important
meaning to shape the trade network structure and the position of the country in the trade value chain.

5. Discussion

We propose trade distances by focusing on multilateral trade path and network effects emerging
from trade relations to formulate a general model describing the effective distance of trade. By studying
the properties of the flow distances, we find that structure-based flow distance can better explain the
motivation of trade volume in the gravity model. Flow distance can be considered as an effective
distance of trade to quantify the diversity of distance in bilateral trade.

In the first analysis, the gravity law can be supported by the empirical data if the geographical
distance is replaced by flow distance. Regression results of flow distances are all significantly
greater than those for geographical distance, which shows that the flow distance is more suitable
for quantifying the effective distance of international trade. The correlation between flow distance
and geographical distance also reveals that trade distances encode more than purely geographical
information. Noteworthy, compared with hyperbolic distance and Brockman’s effective distance,
flow distances reflect the heterogeneity of the international trade network by incorporating the trade
network topology and the flow information of the nodes together. Hyperbolic distance is defined
as “effective distance” by incorporating the trade network topology and the GDP information of the
nodes together [31,52]. Although it obtains a better description for the international trade network,
the trade flow information is not contained in this distance; therefore, it is difficult to represent the
rich information of the multi-lateral trades encoded in paths. Brockman’s effective distance only
calculates the distance of the maximum likelihood paths between nodes [32], but does not count all
paths. Importantly, trade distances may consider how national behavior across the trade value chain
acts on international trade, including direct and indirect effects.

In the second analysis, experimental evidence finds that flow distance can collapse to the predicted
results of geographic distance with the appropriate time lagging variable. Due to the path dependence
and lock-in effect in the international trade system, when the new network space is formed, countries’
trade behaviors will be affected by the network. Past trade behaviors will determine the entire trade
network space and future trade flows will be created by the existing trade network space. This
understanding may help us to revise the distance itself as the “effective distance” in the network space.
Some advantages of the effective distance, which is defined by using the historical trade network data,
are as follows. From the perspective of topological structure, the international network is relatively
stable within a certain range [53], which reflects the hypothesis of statistical stationarity in economics.
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Especially, the trade structure may not be changed suddenly by trade policies in the short term,
because the role of economic policies has the property of time lag [54]. It provides the basis for the flow
distance prediction of short-term trade. Additionally, the complex network model is more intuitive
to portray multilateral trade resistance, since it considers international trade as a whole. With the
increase of the time lag parameter in Equation (7), the prediction of the flow distance to trade flows
gradually degenerates into the effect of geographical distances. Furthermore, the mechanism of flow
distances has yet to be explored. How flow distances reshape trade architecture and organizations can
be discussed.

In the third analysis, using the theoretical model of international trade, the forming mechanism of
the international trade network is further discussed. The global value chain is changing the world trade
pattern, and the flow network model also shows the formation of the trade value chain of commodities
at the macro and micro scales in international trade. In this paper, we use the flow-space distance
embedding scheme to detect the community structure in international trade networks. The classic
community detection algorithm is to classify countries through the maximum modularity function
Q [55,56]. A larger value of Q indicates a better division effect. Different from previous literature,
the community division method by flow distances embedding highlights the function of the country in
the energy value chain. From an evolutionary perspective, as shown in Figure 5, the countries within
the community are relatively stable, but some large countries have changed greatly. The community
structure obtained by the optimization method has the effect of geographical agglomeration and
has a prominent position in Asia over time [13,57]. However, this community division method is
coarse-grained. How to explore a more refined algorithm may be an important field in future studies.

6. Conclusions

Complex network models provide a snapshot of international trade systems, enabling us to
understand international trade as a whole and analyze the issues of trade in a multi-level view. For
trade distances, a simple and effective method is used by us to detect the national status and analyze
the trade distances through the mobility of international trade. In this paper, we first construct trade
distances by focusing on multilateral trade path and network effects emerging from trade relations
according to the trade flow network structure and commodity flows. Next, we verify that the flow
distance defined above is reasonable and effective, using an econometric methodology, namely gravity
model. Finally, we link the effective distance to the economy. The results show that flow distance is an
effective classification of the country’s position in the energy production value chain.
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