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Abstract: Considering the advancement of economic globalization, the reasons for migration together
with the lifestyles of migrants will change the use of energy, environment of origin and destination.
This study therefore explores the patterns of global trade-induced carbon emission transfers using
“center-of-gravity” and complex network analysis. We further investigate the determinants of carbon
transfers by integrating the impact of population migration through the STIRPAT framework for
64 countries over the period 2005–2015 using the stepwise regression approach. Our results unveil
that higher levels of migration flow induce higher carbon flow. Specifically, every 1% increase in
migration, triggers carbon transfers to increase within the range of 0.118–0.124%. The rising impact
of migration cannot be ignored, even though the coefficients were not so high. Besides, for both
male and female migrants, their impact on carbon transfers generated by the intermediate products
were higher than those generated by the final products. However, the influence is more obvious
in male migrants. With the aim of dividing the sample of countries into three income groups, the
results generally show that the impacts of migration vary across levels of income. Therefore, the
environmental pressure caused by immigration should be considered by destination countries in the
formulating of migration policies. On the other hand, origin countries should take some responsibility
for carbon emissions according to their development characteristics.

Keywords: embodied carbon emissions; population migration; center-of-gravity; complex network;
stepwise regression analysis

1. Introduction

Carbon peaking and carbon neutrality has become an emerging climate change issue
in recent years. Carbon emitted by a country will not only affect its own environmental
quality directly, but the carbon will also be shipped outside the country through the export
of goods. The negative externalities of carbon emissions have left each country not alone in
the process of global climate change. Although over 190 countries have joined the Paris
Agreement, the goal of reducing carbon emissions and achieving carbon neutrality will
never be achieved without multilateral cooperation [1]. The proposed regional and city
carbon neutral alliance will also impress the importance of multilateral cooperation [2].
Thus, to realize carbon neutrality, the world needs joint efforts of all countries. Furthermore,
carbon emissions research should be carried out from a globalization perspective.

Literature investigating the determinants of carbon emissions is an important part of
achieving carbon neutrality. Such literature involves variety of methods and models from
different dimensions such as: IPAT (I = Human impact, P = Population, A = Affluence,
T = Technology) identity, Kaya identity, input-output analysis, structure decomposition
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analysis, Log-Mean Divisia Index decomposition method, general equilibrium model,
and so on [3–6]. The IPAT equation was proposed by Ehrlich and Holdren to determine
environmental pressures. They argued that population size, technological progress, and
level of economic development had a greater influence on carbon emissions [7]. However,
Kaya established that, factors influencing carbon emissions should include per capita gross
domestic product (GDP), energy intensity, carbon intensity, and population. The product
of the mentioned variables is therefore used in estimating carbon emissions of a certain
region [8]. In recent years, numerous researches use diverse quantitative approaches to
analyze the influencing factors of carbon emissions [9–13]. Summarily, the main factors
considered according to existing related studies include population scale, demographic
transitions, economic development, technical level, urbanization, industrial structure,
among others. Wherein, a growing number of studies consider population mobility as a
major dimension.

Linking population dynamics with climate change is a sensitive issue because climate
change is a potential cause more migration, which in turn affect the environment [14–16].
Exemplarily, Sun et al., (2021) comprehensively reviewed the impact of human activities on
China’s climate change and concluded that human influence has increased the probability
of extreme events [17]. With the acceleration of economic globalization, trade activities
between countries have become frequent. Furthermore, international trade involves ac-
tivities which do not only breed pollution from industrial production and transportation
but also brings convenience to international migrants [18,19]. Conversely, environmental
change itself is caused by human activities, since the impact of increasingly frequent im-
migration activities attract people’s attention [20]. With large-scale population migration
and agglomeration, energy consumption characteristics in cities change significantly. Ad-
ditionally, increasing population density in host cities, improving consumption level, as
well as changing lifestyles—including building, transportation, entertainment, and other
personal consumption patterns—will change the level of energy consumption. Meanwhile,
agglomeration effect on population makes energy efficiency increase, and then affect car-
bon emissions [21,22]. For example, Gao et al., (2021) reviewed that population migration
affects carbon emission through urbanization level and trade. They empirically analyzed
the impact of interprovincial migration on its carbon transfers in China [23].

Methodologically, current state-of-the-art estimates of migration effect on environment
system has realized that it is necessary to study such issues by systematic methods. For
instance, Shi et al., (2020) adopted an integrated approach by combining a migration
model and input-output analysis to quantify impacts of migrations on emissions of NOx,
SO2, and primary PM2.5 [24]. Considering climate change impacts, Benveniste et al.,
(2020) additionally, included that moving populations change their level of exposure and
vulnerability by using the integrated assessment models [25]. Liu et al., (2021) on the
other hand used correlation analysis, combined with the multilayer perceptron neural
network and stepwise regression model, to carry out the calibration of NO, CO, and
CO2 pollutants [26]. However, existing studies focused mostly on origins. The impact of
migration on carbon emission flows between origins and destinations has been somewhat
overlooked to date.

Our key contribution is therefore to study the influence of population migration on
the spatial-temporal flows of carbon emissions embodied in trade from the perspective
of globalization. Our paper aims to apply the center-of-gravity concept and complex
network method to analyze the topology structural features, evolutionary patterns of global
migration network and embodied carbon transfers network over the period of 2005–2015.
The stepwise regression model is further implemented to explore the impact of migration
on carbon transfers induced by international trade. Overall, our paper contributes to the
literatures in the following three ways.

• First, based on gravity concept and two-layer network method, we investigate the
structural similarity between the global migration network and the carbon transfer
network.
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• Second, we use the STIRPAT framework to analyze the impact of migration on embod-
ied carbon transfers.

• Third, we discuss the implications of heteroscedastic impacts induced by gender,
income levels, and product composition.

The remaining sections of the study are structured as follows; Section 2 presents our
methodology and data sources. Section 3 further elaborated the main empirical results
whereas the Section 4 centers on the results discussion. The last section concludes this
research.

2. Methodology and Data
2.1. Two-Layer Network and Dissimilarity Metric

Specifically, the study models migration and carbon transfer systems by a network
of G = (V,E), where V and E represent the set of nodes and edges, respectively. W (with
element of wij) is thus denoted as the adjacency matrix of G. Furthermore, wij represents
the migrants and carbon transfers, which aids in obtaining a weighted and directed two-
layer network. To display similar or different characteristics between two network layers,
the structural dissimilarity is calculated. Notably, dissimilarity metric (D-measure) is a
quantitative and effective measure for multiplex network comparison [27,28]. The struc-
tural dissimilarity can be measured based on the link weighted-based difference and the
connection-based difference. According to Ref. [29], the node dissimilarity can firstly be
computed using the node’s probability distribution vector. The whole network difference
between two different networks is then obtained based on all nodes’ dissimilarities.

Specifically, the weighted-based vector (Pwk
i ) is transformed in the k-layer network to

a probability distribution as follows:

Pwk
i =

(
wk

i1/Sk
i , wk

i2/Sk
i , . . . , wk

iN/Sk
i

)
, and Sk

i =
N

∑
j=1

wk
ij (1)

where N represents the total number of nodes; wk
ij is the edge weight between node i and j,

j = 1, . . . , N; and Sk
i is the strength of node i.

Similarly, the connection-based probability distribution vector (Pck
i ) of node i in the

k-layer network can be calculated as:

Pck
i =

(
dk

i1/Dk
i , dk

i2/Dk
i , . . . , dk

iN/Dk
i

)
, and Dk

i =
N

∑
j=1

dk
ij (2)

where DL
i represents the node degree (the number of links incident on node i, in the L-layer

network). Notably, dk
ij = 1 if node i and j are connected, and dk

ij = 0, if otherwise.
The two metrics of weighted-based dissimilarity (WNDL L′

i ) and connection-based
dissimilarity (CNDL L′

i ) for node i between the two-layer networks of L and L′ are thus
calculated correspondingly as:

WNDL L′
i =

1√
2

√√√√ N

∑
j=1

(√
PwL

ij −
√

Pw L′
ij

)2
(3)

CNDL L′
i =

1√
2

√√√√ N

∑
j=1

(√
PcL

ij −
√

Pc L′
ij

)2
(4)

where for k = L and L′, Pwk
ij and Pck

ij are components of vectors Pwk
i and Pck

i respectively.
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Finally, the whole network metrics of the weighted-based dissimilarity (WDLL′) and
connection-based dissimilarity (CDLL′) between L-layer and L′-layer networks are calcu-
lated respectively as;

WDLL′ =
N

∑
i=1
αLL′

i WNDLL′
i , and αLL′

i =
WLL′

i

∑n
j=1 WLL′

j
(5)

CDLL′ =
N

∑
i=1
βLL′

i CNDLL′
i , and βLL′

i =
DLL′

i

∑n
j=1 DLL′

j
(6)

where WDLL′ ∈ [0, 1], CDLL′ ∈ [0, 1]; WLL′
i =

√
WL

i ·W L′
i and DLL′

i =
√

DL
i ·DL′

i represent
the geometric mean between the corresponding metrics in two different layers.

Hence, the larger the values of WDLL′ and CDLL′, the greater the dissimilarity between
the two-layer networks. Similarly, the connection-based out- and in-dissimilarity together
with the weighted-based out- and in-dissimilarity can be defined.

2.2. Environmental Impact of Migration: A STIRPAT Model

IPAT model is a typical quantitative model proposed by Ehrlich and Holdren in the
1970s to measure the impact of population, affluence, and technology factors on the en-
vironment. Specifically, the IPAT model overcame the shortcoming of Laspeyres index
decomposition method, which can only reflect the changes of one factor. Nevertheless,
the IPAT model brought new challenges since it just reflects the proportional influence
among variables. In order to overcome the limitations of the IPAT model, Dietz and Rosa
constructed the Stochastic Impacts by Regression on Population, Affluence, and Technol-
ogy (STIRPAT) model by introducing a nonlinear index to portray the non-proportional
influences [30].

In a panel data framework, logarithmic transformation can linearize the trend of data
without changing the data characteristics. The log-transformed panel data can also help to
directly obtain the elasticity of dependent variable in relation to the independent variable(s)
directly. Hence, the Log-linearized STIRPAT model can be written as Equation (7).

lnI = ε+ αlnP + βlnA + γlnT (7)

where I, P, A, and T represent environmental impacts, population, affluence, and tech-
nology, respectively. From this point of view, various indicators are used to represent
each component of STIRPAT (e.g., Lin et al., (2009) [31]; Li et al., (2011) [32]; Shabaz et al.,
(2016) [33]; and Ulucak et al., (2021) [34]).

In this paper, the STIRPAT model is regarded as the theoretical analysis framework.
The population (P) factor is therefore further divided into two aspects: population scale
(POP) and population migration (PM). A from the STIRPAT model is depicted by per capita
gross domestic product (rGDP), T is technology represented by foreign direct investment
(FDI) while I represents embodied carbon emission transfers (CT). Different scholars define
technology factors with different methods. In this paper, the FDI is used to assess technology
level because it brings in more advanced production technology.

Equation (7) can therefore be extended to form Equation (8a) as;
Model 3:

ln
(
CTi→j

)
= ε′ + α1 ln

(
PMi→j

)
+ α2 ln(POPi) + α3 ln

(
POPj

)
+ β1 ln(rGDPi) + β2 ln

(
rGDPj

)
+ γ1 ln(FDIi) + γ2 ln

(
FDIj

)
(8a)

where CTi→j and PMi→j represent carbon emission transfers and population mobility
between country i and j, respectively. POPi, rGDPi, and FDIi represent total population
scale, per capita GDP and FDI for country i. α1, α2, α3, β1,. β2, γ1 and γ2 represent
elasticity coefficients pertaining to the corresponding explanatory variables as specified in
Equation (8a).
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Prior to estimating the study’s full model as specified in Equation (8a), two additional
models are developed from the full model in a hierarchy or stepwise manner as follows;

Model 1:

ln
(
CTi→j

)
= ε1 + α1 ln

(
PMi→j

)
+ α2 ln(POPi) + α3 ln

(
POPj

)
+ β1 ln(rGDPi) + β2 ln

(
rGDPj

)
(8b)

Model 2:

ln
(
CTi→j

)
= ε3 + α1 ln

(
PMi→j

)
+ α2 ln(POPi) + α3 ln

(
POPj

)
+ β1 ln(rGDPi) + β2 ln

(
rGDPj

)
+ γ1 ln(FDIi) (8c)

Since different models in stepwise manner have been formulated, there is a need to
select the best one or the model which performs more efficiently [35,36]. Results pertaining
to Equation (8a) are outlined in Tables 1–3 as Model 1, Model 2, and Model 3 correspond-
ingly. Based on this assertion, the Akaike information criterion (AIC) approach is employed.
Specifically, the AIC approach is an estimator of prediction error and thereby relative
quality of statistical models for a given data set [37,38]. Given a collection of models for a
specific data, AIC estimates the quality of each model relative to each of the other models.
Thus, AIC provides a means for model selection. Theoretically, suppose that we have a
statistical model of some data, let k be the number of parameters in the model. Also let L̂
be the maximum value of the likelihood function for the model. Then the AIC value of the
model can be computed using the following relation;

AIC = 2k− 2 ln
(

L̂
)

(9)

Table 1. Regression results in 2005.

Variables Model 1 Model 2 Model 3

ε −48.671 *** −46.321 *** −45.410 ***
ln(Pmi→ j) 0.123 *** 0.121 *** 0.118 ***
ln(POPi) 0.916 *** 0.756 *** 0.758 ***
ln(POPj) 0.853 *** 0.854 *** 0.789 ***

ln(rGDPi) 0.872 *** 0.607 *** 0.607 ***
ln(rGDPj) 0.872 *** 0.876 *** 0.770 ***
ln(FDIi) 0.252 *** 0.254 ***
ln(FDIj) 0.105 ***

R2-adjusted 0.687 0.691 0.692
AIC 3.698 3.685 3.683

Node: *** indicates significant at 1%.

Table 2. Regression results in 2010.

Variables Model 1 Model 2 Model 3

ε −47.597 *** −45.923 *** −45.494 ***
ln(Pmi→ j) 0.120 *** 0.119 *** 0.118 ***
ln(POPi) 0.876 *** 0.741 *** 0.741 ***
ln(POPj) 0.887 *** 0.888 *** 0.852 **

ln(rGDPi) 0.795 *** 0.568 *** 0.567 ***
ln(rGDPj) 0.835 *** 0.838 *** 0.779 ***
ln(FDIi) 0.231 *** 0.232 ***
ln(FDIj) 0.062 **

R2-adjusted 0.701 0.705 0.705
AIC 3.594 3.579 3.579

Node: *** indicates significant at 1%. ** indicates significant at 5%.
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Table 3. Regression results in 2015.

Variables Model 1 Model 2 Model 3

ε −47.232 *** −46.707 *** −46.405 ***
ln(Pmi→ j) 0.125 *** 0.125 *** 0.124 ***
ln(POPi) 0.887 *** 0.845 *** 0.845 ***
ln(POPj) 0.889 *** 0.889 *** 0.865 ***

ln(rGDPi) 0.764 *** 0.693 *** 0.692 ***
ln(rGDPj) 0.777 *** 0.777 *** 0.737 ***
ln(FDIi) 0.072 *** 0.073 ***
ln(FDIj) 0.042

R2-adjusted 0.710 0.710 0.711
AIC 3.558 3.557 3.557

Node: *** indicates significant at 1%.

Thus, given a set of candidate models for the data, the preferred model is the one with
minimum AIC value.

2.3. Data Source

The data for 2005, 2010, and 2015 used in this paper involves carbon flows embodied
in trade and population migration between countries, together with national population
scale, GDP and FDI. Carbon dioxide emissions embodied in international trade (TECO2)
is divided into two different types: (i) domestic emissions embodied in exports of in-
termediate products (INTDCO2) and (ii) domestic emissions embodied in foreign final
demand (FFDCO2). Data pertaining to the embodied carbon flows was downloaded from
the Organization for Economic Cooperation and Development (OECD), which involves
64 countries (unit in million tons) [39]. The OECD database is a consistent global database
that contains input-output tables, bilateral carbon dioxide trade data, and other national
accounts data. Due to the complexity of inter-sector and inter-country carbon flows, the
latest main data sources (2019 edition of the OECD) in the period from 2005 to 2015 is
used. The list countries, country codes, and sub-regions can be found in Appendix A (see
Table A1).

Further, migration data was derived from the United Nations [40]. The United Nations
Global migration database comprises of a comprehensive empirical data of international
migration for more than 200 countries by birth and citizenship, sex, and age, during the
period of 1990–2019.

Additionally, the data for national population scale, per capital real GDP (with constant
2015 USD), and FDI is as well be obtained from the World Development Indicators (World
Bank, 2021) [41]. In the progressive regression of Equation (9), the data and corresponding
variables description are presented in Appendix A Table A2.

3. Empirical Results
3.1. Center-of-Gravity Movement and Comparison

In this section, the distribution characteristics and dynamic evolution of carbon trans-
fers induced by trade among 64 countries based on the “center-of-gravity” theory are
examined. A comparative analysis concerning the trajectory of carbon transfer centers
and population migration centers is further conducted. The concept of “center-of-gravity”
is an important tool for analyzing the spatial distribution. The centers with respect the
“center-of-gravity” move around of regional pattern, which is a geometric property and
originated from physics [42,43]. According to the changes in the gravity centers, the space-
time similarity or inconsistency between embodied carbon flows and migration flows can
be depicted. The center-of-gravity can therefore be computed using the following relations:

XT =
∑ XiWT

i

∑ WT
i

, YT =
∑ YiWT

i

∑ WT
i

(10)
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where XT and YT represent the latitude and longitude of the center-of-gravity in year T.
WT

i represents the property for country i. Xi and Yi represent the geographical locations of
country i and country j, which are expressed by the geometric center of the countries. Here,
the geometric center is defined by administrative boundaries. In this paper therefore, the
Arcgis, a geometric computation method, is used to protract the center-of-gravity as well
as their moving trajectories, as shown in Figure 1.
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Figure 1. Changes of center-of-gravity for global migration and carbon transfers. Note: The world
map was drawn according to the standard map with the drawing No. GS (2016) 1563, which was
download from the standard map service website of Ministry of Natural Resources of the People’s
Republic of China (http://bzdt.ch.mnr.gov.cn/) (accessed on 12 October 2021). No modifications
were made on the base map.

As evidenced in Figure 1, the centers of import- and export-induced carbon transfers
are close—with the same latitude and about 30 degrees difference in longitude. The centers
of import-induced carbon transfers are closer to western developed countries (this is
indicated using red circles). This thus may suggest that, developed economies transfer
carbon emissions by importing a large number of intermediate products. The centers of
export-induced carbon transfers are located in Central Asia (indicated using yellow circles),
which is mainly affected by the product export characteristics of developing countries,
especially China.

Moreover, both import- and export-induced carbon transfers depicted similar evo-
lution trend in gravity centers, which moved towards the southeast with a “fast-first,
slow-later” pattern. This as a result confirms the role of China as larger importer and
exporter of carbon sequestration among developing countries. However, the movement
rate of the center-of-gravity of import-induced carbon transfer slowed significantly from
2010 to 2015. In 2015, the global economy was sluggish with the surge in primary energy
consumption well below the 10-year average. Other energy sources such as nuclear power,
hydroelectric power, wind power, solar power, and biofuel are evidenced to be developing
steadily. As a result, global carbon transfers are growing at the slowest rate.

Similar to carbon transfers, the center-of-gravity of global population migration has
the same characteristics (these are illustrated in Figure 1 using green and purple circles).
The centers of immigration located in the west of emigration, indicates that the main
destinations of international migration are western developed countries. Besides, the
evolutionary path of migration center is consistent with the distribution of major oil
producing countries who attract a large number of foreign labor force. More importantly,
the velocity of the centers speeds up with respect to the development of Asian countries,
which attract foreign investment and immigration. However, the center of emigration
moving faster, implies that high foreign investment and a large amount population moved

http://bzdt.ch.mnr.gov.cn/
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out in developing countries, most notably China. Generally, the gravity centers of carbon
transfers and migration tend to move in the same direction.

3.2. Inter-Layer Network Dissimilarity Analysis Based Nodes

To verify the relationship between global migration network (GMN) and global carbon
network (GCN), we analyze their structural difference with the help of network dissimilar-
ity measurements. Figure 2 therefore shows that, compared with GCN, the GMN exhibit
multi-centralization characteristics. In addition, the two kinds of networks show globaliza-
tion in terms of the connectivity of inbound and outbound links. That is, the vast majority
of the country pairs are accompanied by inflows or outflows, but with link weights hetero-
geneity. This result is consistent with the power-law conclusions from the vast majority of
research in energy trade and migration networks (see for example references [19,44,45]).
There is, therefore, no need repeat the topology of single-layer network, but rather focus on
comparing different networks.

Sustainability 2021, 13, x FOR PEER REVIEW 8 of 20 
 

Similar to carbon transfers, the center-of-gravity of global population migration has 
the same characteristics (these are illustrated in Figure 1 using green and purple circles). 
The centers of immigration located in the west of emigration, indicates that the main 
destinations of international migration are western developed countries. Besides, the 
evolutionary path of migration center is consistent with the distribution of major oil 
producing countries who attract a large number of foreign labor force. More importantly, 
the velocity of the centers speeds up with respect to the development of Asian countries, 
which attract foreign investment and immigration. However, the center of emigration 
moving faster, implies that high foreign investment and a large amount population 
moved out in developing countries, most notably China. Generally, the gravity centers of 
carbon transfers and migration tend to move in the same direction.  

3.2. Inter-Layer Network Dissimilarity Analysis Based Nodes 
To verify the relationship between global migration network (GMN) and global 

carbon network (GCN), we analyze their structural difference with the help of network 
dissimilarity measurements. Figure 2 therefore shows that, compared with GCN, the 
GMN exhibit multi-centralization characteristics. In addition, the two kinds of networks 
show globalization in terms of the connectivity of inbound and outbound links. That is, 
the vast majority of the country pairs are accompanied by inflows or outflows, but with 
link weights heterogeneity. This result is consistent with the power-law conclusions from 
the vast majority of research in energy trade and migration networks (see for example 
references [19,44,45]). There is, therefore, no need repeat the topology of single-layer 
network, but rather focus on comparing different networks. 

(a) Global carbon network in 2005 (d) Global migration network in 2005 

 
(b) Global carbon network in 2010 (e) Global migration network in 2010 

Figure 2. Cont.



Sustainability 2022, 14, 844 9 of 19Sustainability 2021, 13, x FOR PEER REVIEW 9 of 20 
 

(c) Global carbon network in 2015 
 

(f) Global migration network in 2015 

Figure 2. Network structure of carbon and migration flows in 2005, 2010 and 2015. Notes: The size 
of the nodes is proportional to national total carbon/migrants flows and the width of the arrows is 
proportional to the amount of flows. Colors for nodes are represented by clusters which is calculated 
by community structure (Please find references [46,47] the details of the calculation). 

In order to make the cross-county comparison easy, the structural in- and out-
dissimilarity across countries are further measured. Based on the definition of structural 
difference between the same nodes in different networks, the overall network 
dissimilarity, as well as the data of population migration and carbon emission transfer 
between 64 countries in three different years, we calculated the structural difference for 
each country from the perspective of export and import, as shown in Figure 3. The overall 
network structural difference between the two-layer networks is further measured, as 
shown by the radar maps (see Figure 3).  

From Figure 3, the structural in- and out-differences for countries between the two 
layers range from 0.2 to 0.8, with an average value of 0.5. Figure 3 further depicts that the 
distribution of weighted links pertaining to the countries such as, BRN, SAU, TWN, RUS, 
MYS, etc., differ greatly between the two layers of GCN and GMN. On the contrary, 
countries including LTU, CAN, SWE, BGR, AUT, etc., have the same or less differentiated 
weighted links distribution. Generally, the values concerning the structural out-
dissimilarity are similar to that of in-dissimilarity. However, there are still some obvious 
distinctions between structural in-dissimilarity and out-dissimilarity in the case of KAZ, 
THA, TUN, IDN, CHN, LUX, FRA, and CAN. This distinction is caused by the resources 
and economic characteristics pertaining the specific country. With respect to the network’s 
total structural dissimilarity, the values marginally vary over time from 0.2–0.4, except for 
the export structure in 2005. 

Figure 2. Network structure of carbon and migration flows in 2005, 2010 and 2015. Notes: The size
of the nodes is proportional to national total carbon/migrants flows and the width of the arrows is
proportional to the amount of flows. Colors for nodes are represented by clusters which is calculated
by community structure (Please find references [46,47] the details of the calculation).

In order to make the cross-county comparison easy, the structural in- and out-dissimilarity
across countries are further measured. Based on the definition of structural difference
between the same nodes in different networks, the overall network dissimilarity, as well
as the data of population migration and carbon emission transfer between 64 countries
in three different years, we calculated the structural difference for each country from the
perspective of export and import, as shown in Figure 3. The overall network structural
difference between the two-layer networks is further measured, as shown by the radar
maps (see Figure 3).

From Figure 3, the structural in- and out-differences for countries between the two
layers range from 0.2 to 0.8, with an average value of 0.5. Figure 3 further depicts that the dis-
tribution of weighted links pertaining to the countries such as, BRN, SAU, TWN, RUS, MYS,
etc., differ greatly between the two layers of GCN and GMN. On the contrary, countries
including LTU, CAN, SWE, BGR, AUT, etc., have the same or less differentiated weighted
links distribution. Generally, the values concerning the structural out-dissimilarity are
similar to that of in-dissimilarity. However, there are still some obvious distinctions be-
tween structural in-dissimilarity and out-dissimilarity in the case of KAZ, THA, TUN,
IDN, CHN, LUX, FRA, and CAN. This distinction is caused by the resources and economic
characteristics pertaining the specific country. With respect to the network’s total structural
dissimilarity, the values marginally vary over time from 0.2–0.4, except for the export
structure in 2005.
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3.3. Inter-Layer Network Similarity Analysis Based Links

Figure 4 moreover shows the scatter diagram of connected links concerning the two
kinds of networks. Besides, carbon emissions embodied in international trade is sub-
divided into two types, namely INTDCO2 and FFDCO2. The total population migration is
also divided into male and female in order to investigate gender’s influences.

The nine subgraphs in Figure 4 show that there is a positive correlation between
migration and trade-induced carbon transfers. In other words, the connection between two
countries with larger carbon flows is usually accompanied by larger numbers of migrants.
Moreover, Figure 4 shows that links with similar GDP for destinations (the same color)
are adjacent and increasing along the diagonal from the lower left to the upper right
corner. Simultaneously, the marker size increases with the color turning from blue to
red. This insinuates that trade-induced carbon transfers are affected by economic and
population factors. Certainly, many scholars have verified this conclusion (see for example
references [12,13,48]).

Therefore, it is necessary to evaluate the impact of population migration on carbon
emission transfer comprehensively by means of econometric model. Specifically, the effects
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of gender and income level on the carbon emissions embodied in international trade are
also discussed in detail (see Section 4).
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3.4. Regression Results of Migration’s Effect on Carbon Transfers

Based on the model specified in Equation (8a), total population scale, per capita GDP,
and population migration are taken as the independent variables, whereas technical level
is taken as control variable. The Eviews software is used for the stepwise regression
analysis. During the regression process, all variables are transformed to natural logarithm
to eliminate heteroscedasticity issues. If the positive and negative coefficients of the original
variables do not change after adding variables one by one, then there is an indication that
the full model is robust. Since the series of regression models in a stepwise manner are
estimated prior to the full model, the AIC approach is as well employed to detect which of
the models specified is most efficient and robust enough.

Like existing studies, results with respect to the traditional factors including popula-
tion scale and per capita GDP driving the transfer of carbon, are shown in Tables 1–3. The
impact of population scale in origins is slightly lower than that concerning destinations
with elasticities within the ranges 0.741–0.845 and 0.789–0.865, respectively. Moreover,
the driving force of origins shows “decrease-first, increase-later” pattern while that of
destinations is increasing. The elasticity coefficients of per capita income for origins and
destinations are more different, ranging from 0.567–0.692 and 0.737–0.779, correspondingly.
This indicates that the economic development level of carbon emission importing countries
is the main driving force of carbon emission transfer. Under the global division of labor,
developing countries are victims of “high pollution, high consumption, and high emis-
sions” in the global low-end manufacturing sector. The shift of high-emission industries or
low-end manufacturing makes developing countries a front for carbon transfer. Therefore,
in order to change the existing pattern, developing countries must take various measures,
such as technological research and development, industrial upgrading of export-oriented
economy, vigorously developing low-carbon export economy, and green export economy,
as well seize the commanding heights of the value chain.

In addition, Models 2 and 3 show that FDIi has a significant positive impact on carbon
transfers, although its impact was much smaller than the above two factors. In other words,
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the upsurge in FDI concerning the origins promotes the transfer of carbon from origins to
destinations. Specifically, the estimates with respect to FDIi decreases. The results show that
for every 1% increase in FDIi, the carbon outflow will increase by approximately 0.254%,
0.232%, and 0.073%, respectively. This can be interpreted as in the process of economic
globalization, the destinations (mainly developed countries) use the cheap labor force of the
origins (mainly developing countries) for capital input. Developing countries thus produce
products, while developed countries transfer carbon through imports. This therefore
suggests that the influence of FDI on carbon transfers is greater in the origins. Generally,
the total population scale for origins and destinations have a comparative positive effect
on carbon transfers. Nonetheless, there are significant differences for per capita income
and FDI.

In the case of migration, results from Model 1 to Model 3 depicts that worldwide
population migration has a positive effect on the flow of embodied carbon emissions.
This positive promoting effect becomes stronger as total migration scale increases. The
regression results with respect to each of the three years show that1% increase in population
migration increases carbon emission transfer by 0.118%, 0.118%, and 0.124%, respectively.
The effects of migration are gradually increasing and becoming extremely obvious. As
people move in, the demand for life-form energy increases, along with the increasing
consumption of traded products, thus contributing to the inflow of more carbon emissions.
On the other hand, the influx of a large number of immigrants may cause a shortage of
housing in the host country, and to a certain extent, increase the construction of residential
and urban infrastructure, thus requiring a large number of building materials with higher
energy consumption and emissions, such as the cement industry. In 2010 for instance,
the elasticity coefficient concerning the impact of migration on carbon transfers showing
no apparent increase. The main reason is that the global financial markets affect human
migration, through the labor force market for instance [49].

Finally, post estimation checks based on the F-test together with the R2-adjusted
indicates that all the estimated models for the respective years are correspondingly good fit
compared to an empty model. Considering the multiple models estimated, there is a need
to select the best. Thus, as already mentioned the AIC approach was adopted. Evidently,
results from Tables 1–3 unveils that among the series of model estimated in a stepwise
manner, the full model (Model 3) recorded the least AIC value for all the respective years. It
is therefore possible to infer that the study’s full model is most efficient and as well robust
to rely on in terms of estimating the determinants of carbon dioxide emission transfer.

4. Discussions

This section discusses our findings in two steps. The previous analysis showed that
population migration has a positive effect on bilateral carbon flows. This may suggest that
the international population migration is generally manifested from countries of lower
income to developed countries. Migrants from countries with lower development level
often choose to emigrate for the purpose of raising income level and improving living
conditions, while migrants from developed countries choose to emigrate mostly for their
own personal needs and preferences. The motivations between different countries with
varying development levels may also have different impacts on carbon flows. Based on
these outcomes we endeavor to answer the following questions: (i) What is the impact
of internal migration on carbon flows among the same income economies? (ii) What is
the impact of migration among different income economies on their carbon flows? (iii)
Does gender migration also have a different impact on the carbon emissions embodied in
intermediate and final products trade? These outlined questions will be discussed in the
subsequent sections in detail.

4.1. Impact of Sex-Specific Migration

To determine if the sex-specific migration influence carbon flows embodied in inter-
mediate and final products, we employed INDCO2 and FFDCO2 as independent variables
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respectively. Precisely, the total migration is replaced with male migration or female mi-
gration. The afore-mentioned regression method is again employed in this scenario to
obtain models for different years. Figure 5 thus shows the elastic coefficient concerning
the impact of gender migration on carbon transfers from 2005 to 2015. In general, the two
types of carbon flows are positively promoted by migration, but the carbon embodied in
intermediate products is more affected.
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Figure 5. Impact of population migration on trade-induced carbon transfers by gender and by
products categories. (a) Migration’s impact on carbon flows embodied in intermediate products
by gender. (b) Migration’s impact on carbon flows embodied in final products by gender. (c) Male
migration’s impact on carbon flows embodied in intermediate and final products. (d) Female
migration’s impact on carbon flows embodied in intermediate and final products.

The results indicate:
First, the driving force of migration on carbon transfers gradually shows significant

gender differences. Furthermore, the driving effect of male migration on carbon transfer
is slightly greater than that of female migration. The difference is thus evidence to be
an increasing trend (see Figure 5a,b). This outcome may imply that, many international
migrants are motivated by raising income and improving living conditions. Men and
women are mainly engaged in different jobs, hence their impact on carbon transfers will
also be different.

Second, the pattern with regards to the impact of migration on the two types of
carbon transfer remains unchanged. That is, the impact of migration on the carbon emis-
sions induced by exporting intermediate products is greater than that of final products,
and the difference between them is gradually witnessed to be increasing, as shown in
Figures 5c and 5d correspondingly. This therefore means that, with the mobility of popu-
lation, the demand for intermediate products in the host country becomes greater. This
can also be interpreted as international immigrants who provide labor force for the host
country, are mainly engaged in the production and processing of products. Similarly,
developing countries lag behind in economy, science, and technology, together with the
export of more intermediate products. With the improvement of people’s consumption
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level, their demand for various products increases. More and more immigrants are engaged
in tertiary industries such as service industry, but in comparison, intermediate products are
in greater demand.

Third, according to the four graphs in Figure 5, the impact of migration on carbon
transfers induced by both intermediate and final products decreased significantly in 2010.
This may be due to the impact of the global economic crisis in 2008. The trade of products
during the mentioned year was affected and has not recovered to the original level in a
short time.

4.2. The Heteroscedasticity of Migration’s Affect across Income Levels

In order to analyze the heteroscedasticity of migration’s influences across income
levels, this section classifies 64 countries into three groups (denoted by group I-III) based
on income levels as: High income economics (HIEs), Upper middle-income economies
(UMEs), together with Low and lower middle income economies (LMEs), with 42, 15, and
7 countries in each group, respectively. Details concerning the income level divisions for the
listed 64 countries are provided in Table A1. We therefore discuss three intragroup cases:
Case I (Figure 6a), Case II (Figure 6e), and Case III (Figure 6i); and six intergroup cases:
Case I-II, Case I-III, Case II-I, Case II-III, Case III-I, and Case III-II. Regression analysis was
conducted for each situation according to the already mentioned technique.
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Evidence from Figure 6 indicates that, the impact of migration in Case III fluctuates
greatly compared with Case I and Case II. At the same time, the more developed the
economy, the lower the elasticity. This may be due to the fact that HIEs have more advanced
technology and complete infrastructure. Hence, the influx of migrants will not cause
problems such as housing shortages, thus holding energy use compared with UMEs and
LMEs. Meanwhile, advanced technology has reduced carbon emissions by increasing
resource utilization. This therefore will not cause a large increase, although the inflow of
immigrants may lead to an increase in daily necessities and carbon transfers. As a result,
the elastic coefficient in Figure 6a is less than 0.2.

Considering the results among different groups, we deduce that:
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Firstly, the elasticity of Case I-II was significantly lower than that of Case II-I. This
may imply that globalization has facilitated the relocations of factories from high income
nations to upper middle income nations by multinational corporations. Nonetheless, the
elasticity of Case I-II increased slightly while that of Case II-I decreased (see Figure 6b,d.
This shows that the migration of population from upper middle-income countries to high
income countries has a greater impact on carbon transfers, but this impact decreased.

Secondly, the regression coefficients in Figure 4d,h continue to decline. To some
extent, this indicates that populations moving from less developed countries to more
developed countries have a decreasing impact on carbon flows. Although in the early
stages of migration, population mobility may cause problems such as housing shortage
in less developed countries; nonetheless, this effect is small and will diminish. From the
perspective of motivation, in addition to individual needs, it is largely recommended to
make some investment to take advantage of cheap labor. This would slow the spread of
climate-change technologies.

Thirdly, the elasticity of Case I-III and Case III-I have a same tendency. Nonetheless,
the elasticity of Case I-III was significantly higher than that of Case III-I. The largest positive
impact occurs between UMEs and LMEs.

In conclusion, the impact of population migration varies greatly among groups with
different income levels. Therefore, economic development as well as gender need to be
considered in the study of population migration and spatial carbon emission transfers.

5. Conclusions and Implications

This paper provides a quantitative assessment pertaining to the effect of international
migration on embodied carbon emission transfers, using the STIRPAT framework, com-
bined with complex network theory. The results of this study provide a new view for
further carbon emission analysis from the perspective of demographic factor.

Through the analysis of stepwise regression model, it is evidenced that the traditional
factors, such as population scale and GDP, are the leading factors of embodied carbon flows
between countries, with positive effects on carbon transfers correspondingly.

Importantly, population migration and trade-induced carbon flows were positively
relevant. Namely, every 1% increase in population flow will increase carbon transfers by
about 0.12%. This outcome indicates that population mobility between countries will aggra-
vate the codirectional flow of carbon transfers. This is especially true between high-income
and low-income countries. Therefore, compared with developing countries, developed
countries should take migration factor into account when formulating population policies.
However, from the perspective of climate change, the outflow of population makes the
carbon emissions caused by exporting products in the host country, which should be re-
measured by joint responsibility. The responsibility accounting system of carbon emissions
should be improved according to the characteristics of each country’s development stage
and the principle of “common but different”.

Moreover, the impact of population migration on carbon emission transfer among
countries at the same income level will be different with the level of income. In other words,
the higher the income level, the smaller the impact. Specifically, the global financial crisis
has affected this relationship. In other words, the financial crisis is harmful to migration’s
positive effect from UMEs to HIEs (see Figure 6d) and LMEs (see Figure 6f), while benefit
to migration’s positive effect between HIEs and LMEs (see Figure 6c,g). This led to a slight
change in the worldwide impact of migration on carbon transfers in 2010.

In all, we believe that population migration increases the transfer of trade-induced
carbon emissions, especially for intermediate carbon transfers. Thus, the resulting po-
tential environmental problems deserve to be considered by governments in their policy
formulation. If migration factor is excluded, carbon transfers embodied in trade will be
underestimated. Based on this research, we deem that countries should adopt differen-
tiated measures (based on income level) to reduce the growth of carbon emissions from
migration according to their respective stages of development. In the face of global cli-
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mate change, developed countries should take the lead in emission reduction and export
emission reduction technologies and as well as provide assistance to countries with lower
development levels and emerging economies, so as to shoulder more international re-
sponsibilities in addressing global climate change. At the same time, the study of the
population–economy–environment analytical structure should be strengthened.
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Appendix A

Table A1. List of 64 countries involved in this paper.

Country Abbreviation Region Country Abbreviation Region

42 High income economics (HIEs)
Australia AUS

East Asia and
the Pacific

Austria AUT

Europe and
Central Asia

Brunei Darussalam BRN Belgium BEL
Hong Kong, China HKG Croatia HRV

Japan JPN Cyprus CYP
New Zealand NZL Denmark DNK

Singapore SGP Estonia EST
Canada CAN North America Finland FIN
Israel ISR

Middle East and
North Africa

France FRA
United States USA Slovakia SVK

Republic of Korea KOR TaiPei, China TWN
Malta MLT Germany DEU

Saudi Arabia SAU Greece GRC
Norway NOR

Europe and
Central Asia

Hungary HUN
Poland POL Iceland ISL

Portugal PRT Ireland IRL
Slovenia SVN Italy ITA

Spain ESP Latvia LVA
Sweden SWE Lithuania LTU

Switzerland CHE Luxembourg LUX
United Kingdom GBR Netherlands NLD

Czechia CZE
Chile CHL Latin America and the Caribbean

https://stats.oecd.org/Index.aspx?DataSetCode=IOTSI4_2018
https://stats.oecd.org/Index.aspx?DataSetCode=IOTSI4_2018
https://www.un.org/development/desa/pd/
https://www.worldbank.org/en/home
https://www.worldbank.org/en/home
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Table A1. Cont.

Country Abbreviation Region Country Abbreviation Region

15 Upper middle income economies (UMEs)
Argentina ARG

Latin America and
the Caribbean

China CHN
East Asia and

the Pacific
Brazil BRA Malaysia MYS

Colombia COL Thailand THA
Costa Rica CRI Bulgaria BGR

Europe and
Central Asia

Mexico MEX Kazakhstan KAZ
Peru PER Romania ROU

South Africa ZAF Sub-saharan Africa Turkey TUR
Russia RUS Europe and Central Asia

7 Low and lower middle income economies (LMEs)
Indonesia IDN

East Asia and
the Pacific

India IND South Asia
Cambodia KHM Morocco MAR

Middle East and
North Africa

Philippines PHL Tunisia TUN
Viet Nam VNM

Table A2. Definition of the variables.

Types of Variables Variables Definitions

Explained variable Carbon emission transfers (CT) Embodied carbon emissions flows
Explanatory variables Population scale (POP) Total population size

Economic development level (rGDP) GDP/total population
Population migration (PM) Migration flows

Control variable Technical progress (FDI) Foreign direct investment
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