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Abstract 

Uneven spatial and temporal distribution of natural resources, including energy, has led to the 

creation of local, regional, and global trade networks. Among a wide range of products that are 

traded in global trade chains, energy is considered one of the most critical elements for national 

energy security purposes. Energy availability and consumption are key indexes of human 

development and social welfare, as all economic sectors need energy for their operations. The 

necessity of global energy trade is well recognized as the majority of countries suffer from an 

energy deficiency. The capability of the global energy market to supply the global demand, in 

relation to the current and future availability and distribution of resources, raises a potential 

concern. A comprehensive characterization of the global energy trade network would enable an 

analysis of future energy trade under various global socioeconomic and political scenarios, which 

is essential for long-term assessments of global energy security. In addition, large amounts of water 

are consumed to produce tradable fossil fuels in all fuel-producing countries. Assessment of 

national, regional, and global virtual water flow embodied within the energy trade network is 

important for evaluating the sustainability of both water and energy.  

In this thesis, a modeling framework is developed to characterize the global fossil fuel energy trade 

network (with a focus on oil, natural gas, and coal) and identify the important factors that 

contribute to the energy flux therein. The future evolution of global energy trade networks under 

various future scenarios is also investigated, along with the regional and global virtual water trade 

associated with the energy trade. The proposed methodology is divided into two components: (1) 

modelling the global energy trade network, focusing on 77 selected major countries (exporters and 

importers) of the energy market over a baseline period (1993–2016) and (2) projecting the future 

of the network up to 2050 based on five Shared Socioeconomic Pathways (SSPs). Gravity Law 

Models (GLMs) are developed for each country, which serve as nodes of the network, to estimate 

their total capacity for trade with the rest of the world using the identified contributing factors. The 

RAS method, as a matrix balancing technique, is employed and coupled with the GLMs to estimate 

bilateral energy trade between exporters and importers. Finally, the constructed trade networks are 

converted into virtual water trades based on the assessed range of water footprints in the process 

of fossil fuel production as well as the ratio of each type of fossil fuel in the energy mix of bilateral 

trade among countries.  
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Evaluation of the proposed modeling methodology shows it performs well in terms of the (i) 

construction of the global energy trade network while keeping it balanced (total imports = total 

exports) and (ii) distribution of global energy from exporters to importers, in particular for the 

major trade players that carry the largest proportion of the global energy trade. The projection 

results are in line with the narratives of the future scenarios where the global energy trades among 

countries in year 2050 could vary within a wide range from 215 to 538 EJ. Consequently, such a 

large-scale energy trade could lead to a median value of 51x109 m3 of virtual water trade at the 

global scale. However, the large uncertainty in the estimation of the water footprint related to fossil 

fuel energy production could increase the global virtual water trade within the fossil fuel energy 

trade to 100x109 m3. This thesis provides a modeling framework that can be used by resource 

managers for making well-informed decisions for investment and long-term strategies concerning 

global energy trade and its associated virtual water. 
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Chapter 1                                                                                     

Introduction   

1.1 Background 

There is a growing awareness that water, energy, and food (WEF) are inter-related resources and 

economic sectors and, thus, more research is being conducted on the topic of the WEF nexus (Endo 

et al., 2017; Biggs et al., 2015; Smajgl et al., 2016). Water is used to produce food and energy, 

energy is used to produce food and make water accessible and usable, and food (e.g. agricultural 

crops) is used to produce bioenergy. However, such resources might be insufficient nationally and 

regionally, which makes their accessibility through the global market a necessity. Access to 

sufficient and affordable resources is essential to improve global welfare and raise living standards 

worldwide (Asif & Muneer, 2007). Recently, the United Nations took a step toward long-term 

sustainable development by setting new Sustainable Development Goals (SDGs) (United Nations 

General Assembly, 2015), one of the main aims of which is to ensure essential resources are 

globally accessible with the highest efficiency for current and future generations. However, despite 

hopeful steps by international organizations to meet the minimum requirement of vital resources 

for all countries, over 800 million people are still food insecure and lack access to clean drinking 

water (FAO, 2015; Way, 2015). One of the earliest methods to compensate for resource 

deficiencies was trade between countries. As the WEF nexus emerges as a holistic platform for 

resource management and allocation at the global scale, international trade management could play 

a major role. Although water is not traded in its liquid form in large amounts, it is traded in virtual 

form (Allan, 1993) embodied in commodities, such as food and energy. 

Over one billion people in the world lack access to energy (United Nations, 2016). In spite of the 

current global trend towards renewable energy sources, fossil fuels including oil, natural gas, and 

coal are still the dominant sources (84.7%) of energy in the world  (BP Statistical Review of World 

Energy, 2019), mainly because of their affordability and availability (Kumar et al., 2011). After 

the emergence of industrialization and urbanization, the global population increased continuously, 

and the corresponding socio-economic evolution profoundly influenced the magnitude of energy 

consumption )Cieslewicz, 2002; Davis, 2002; Jorgenson et al., 2010). Global fossil fuel 

consumption has increased 45% (IEA, 2018) in the past 15 years, leading to a rise in energy 
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demand at both the local and global scale (Dhungel, 2008). Such increases in energy demand place 

pressure on energy producers to increase production, in spite of limited capacity, as well as import 

energy through global trade networks. 

Indeed, energy availability and consumption are two key indexes of human development and social 

welfare. All economic sectors, including agriculture, industry, and transportation, need energy for 

their operations. Since globalization has become a prominent factor in the world economy, 

international energy trade has been playing a substantial role in terms of supply security by 

redistributing energy throughout the world (Chen & Chen, 2011). However, in addition to concerns 

over the potential impact of trade barriers and political instability on the energy trade, one major 

concern is the balance between demand increase and resource availability. According to confirmed 

global fossil fuel reserves in year 2018, oil, natural gas, and coal can secure 50, 51, and 132 years 

of current production, respectively (BP Statistical Review of World Energy, 2019), with extremely 

unbalanced concentration of energy resources around the world. However, it is assumed that the 

fossil fuel energy reserves would supply the global demand, otherwise they could last for a longer 

period. For instance, the coal reserves in North America, under current scale of production, could 

last for over 340 years if they would only supply the domestic demand. 

Modern trade networks became complex systems with the involvement of different trade partners, 

where a wide range of commodities (e.g., industrial and agricultural products, energy resources 

and their derivatives, services) are traded within such networks. Complexity in bilateral 

international trade patterns through the global energy trade network is mainly due to their 

dependence on different local and global socio-economic and political factors (Yergin, 2006). 

National Gross Domestic Product (GDP), population, energy intensity, etc., are examples of the 

factors affecting global energy trade. The capability of the international energy market to supply 

global demand, in relation to the availability and distribution of resources, might be a potential 

problem in the near future. 

An important, but overlooked, issue regarding energy security and trade is the flow of virtual water 

(VW) through the global energy network (Duan and Chen, 2016). The concept of virtual water, 

introduced by Allan (1993, 1994), refers to the volume of water consumed in the production 

process of a commodity. Large amounts of freshwater are consumed to produce, extract, and 

process the fossil fuels that are traded globally. The use of large volumes of water for energy 
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production in water-poor regions can lead to environmental, hydrological, and ecological damage 

(Gleick, 1993). Indeed, such a large-scale virtual water pathway within the global energy trade is 

a significant consideration in global water distribution (Hoekstra & Hung, 2005) and the water-

energy nexus. A better understanding and characterization of resource movement (energy and the 

associated VW) within the global trade networks could be a significant step toward the 

management of the WEF nexus at the global scale. 

1.2 Statement of the Problem 

For the long-term assessment of global energy security, a characterization of the country-based 

global energy network is needed. Such characterization can help analyze and project future energy 

trade under various global climatic and socioeconomic scenarios, which is important for energy 

sustainability. Characterization of the global energy trade requires a global network model, or 

modeling framework, that can help to explain the (i) energy flows through major trade links, (ii) 

influential factors that affect energy trade, and (iii) distribution of energy within the global market 

over time. In addition, estimation of the large-scale virtual water flow embodied in the global 

energy trade, which should be a consideration of researchers and policy makers, can be facilitated 

through such a global trade model. To the best of the author’s knowledge, no studies investigated 

the future of the global energy trade network and the embodied virtual water in a comprehensive 

country-level.  

1.3 Objectives 

This thesis aims to provide policy makers and resource managers with a framework for 

characterizing and investigating global energy trade and its associated virtual water that can 

potentially inform investment decisions regarding energy development. This goal will be achieved 

by meeting the following specific objectives:  

1. To develop a global energy trade model that can help characterize the trade network and 

identify important factors affecting the fossil fuel trade; 

2. To investigate how the global energy trade network might behave in the future under 

various global socioeconomic scenarios; and  

3. To quantify the current and future global virtual water associated with energy trade. 
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1.4 Scope of the Research 

This study focuses on developing a modeling framework for global energy trade networks that 

allows for an analysis of the distribution of trade fluxes in the network as well as the behavior of 

each country included in the modeled network. Furthermore, a country-based analysis of the 

controlling variables affecting the energy trade network and the associated virtual water pathways 

is conducted. This analysis is conducted over a historical (baseline) period as well as under future 

scenarios based on the Shared Socioeconomic Pathways (SSPs) (O’Neill et al., 2017). This 

research is restricted to fossil fuels including oil, natural gas, and coal as the primary energy 

resources, as these represent the largest proportion (84.7%) of energy consumed in the world (BP 

Statistical Review of World Energy, 2019). Other types of energy, such as nuclear, wind, 

hydropower, and solar, are not considered in this thesis.  

This thesis is structured based on the manuscript-style format. Chapter 2 contains the material 

submitted for journal publication that focuses on addressing objectives 1 and 2 of this thesis. 

Chapter 3 addresses objective 3 regarding virtual water trade. Due to the length limitations of the 

submitted manuscript (Chapter 2), an extended literature review is presented within the remaining 

portion of this chapter. Chapter 4 is dedicated to a brief summary of the findings of this thesis, its 

scientific contribution, study limitations, and future recommendations. 

1.5 Literature Review 

The uneven distribution of natural resources and the capability of some countries to produce 

commodities results in a strong dependency of economies on the global trade networks. This study 

focuses on the global energy trade and its associated virtual water flows. Therefore, some key 

studies related to global trade networks and modelling approaches are discussed in the following 

sections. This literature review covers an introduction to the global trade network, global energy 

trade, global virtual water trade, and methods and approaches used to model trade networks. 

1.5.1 Global Trade Networks 

One major concern worldwide in terms of global supply security has been the mismatch between 

demand growth and natural resources limitations (De Vries et al., 1995), which has led to the 

creation of national, regional, and global trade networks. International trade has risen since the end 

of the Second World War. Growth in global interactions has been due to several factors, including 

globalization, trade liberalization (Baier & Bergstrand, 2001), technological improvements 
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(especially in transportation and communication) (Hummels, 2007), and economic investment 

growth. Global trade has also seen a revolutionary increase in the last three decades following the 

emergence of the internet, which dramatically lowered transportation costs and made financial 

transactions much easier (Lancioni et al., 2000). As more countries realized that open markets lead 

to economic stimulation, larger global steps have been taken to lower trade barriers. In 1994, the 

8th round of multilateral trade negotiations, the Uruguay Round, led to the creation of the World 

Trade Organization (WTO), one of the main aims of which was to reduce barriers to global trade. 

Such trade policies have pushed governments toward global trade liberalization (Hawkes & 

Murphy, 2010).  

In global resources trade chains, a wide range of products are traded from one location to another. 

Food is one of the main traded commodities (Godfray et al., 2010), with over 85% of countries 

relying on food imports to meet their national demand (D'Odorico et al., 2014). Five countries 

(United States, China, India, Indonesia, and Brazil) are responsible for over half (52%) of the 

world’s food production (D'Odorico et al., 2018). A large number of countries face challenges to 

meet current water demands for agricultural activities (D'Odorico et al., 2014) and thus rely on 

food imports, through international trade, for food supply security. 

Energy is the next critical consideration for countries in terms of national supply security and the 

viability of economic development (Jennings, 2009). As shown in Figure 1.1, fossil fuels represent 

the largest proportion of energy consumption in the world, where oil is the most used fuel globally 

(34%), followed by coal (27%), and natural gas (24%) (BP Statistical Review of World Energy, 

2019). Global energy trade has also experienced a boost in the last century due to the increase in 

global energy demand (Chu and Majumdar, 2012), which makes the energy trade management a 

challenge, especially for countries with high energy demands. Majority of countries (72%) face an 

energy deficit (US EIA, 2019), which emphasizes the need for global energy trade as a critical 

element of national energy security.  
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Figure 1.1: Overview of the energy mix of global consumption. 

Global energy consumption increased due to several factors, including population increases and 

economic development (Kadoshin et al., 2000). During the past half century, the global population 

has doubled from 3.6 to 7.4 billion (Cohen, 2003) and is projected to increase to 9.7 billion by 

2050 (United Nations, 2016). The United States and China are currently the largest producers and 

consumers of energy in the world (US EIA, 2019). The annual energy consumption of the United 

States increased from 80 to 161 billion gigajoules (GJ) in the past 50 years. There is also a strong 

relationship between GDP, the main index for measuring a country's economy (Boyd & Banzhaf, 

2007), and energy consumption per capita (Yang, 2000). For instance, in the mid-1980s, the 

economy of China with about 920 million people was more challenged than it is today, and its 

annual energy consumption was only 15 billion GJ; by 2017, its annual energy consumption 

reached 150 billion GJ (US EIA, 2019). A recent Energy Outlook report (BP Energy Outlook, 

2019), projected that global fossil fuel energy consumption will increase by 20% through 2040 

(Newell et al., 2019). Based on the unbalanced distribution of energy resources in the world (Figure 

1.2), the trade of primary energy resources (oil, coal, and natural gas) is vital to meet the national 

energy demands of all countries.  
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Figure 1.2: Global distribution of confirmed reserves of primary energy sources (oil, natural gas, and 

coal) in 2018 (US EIA, 2019) 

One challenge for policymakers is developing trade policies and investment decisions (Smajgl et 

al., 2016), as the availability of resources needed for the global energy supply and the potential 

changes in the energy trade network might become a significant concern over forthcoming 

decades. Several energy organizations, such as the US Energy Information Administration (EIA), 

International Energy Agency (IEA), and British Petroleum (BP), provide information and 

estimations of global fossil fuel energy reserves, production by individual countries remains 

uncertain, especially for long-term assessments. Indeed, the actual energy production of countries 

is associated with the size, type, and location of proven reserves as well as the cost and technology 

required for their extraction (MacKenzie, 1996; Humphries, 2010). Conventional and 

unconventional deposits are two different types of fossil fuel resources that are distinguished based 

on the technology and type of operations employed in the extraction process (IEA, 2016). 

Unconventional deposits exist in many regions of the world (World Energy Council, 2016); 

however, only a few countries are armed with the required technologies to extract them and, 

therefore, such deposits are not yet being extensively used at the global scale (IEA-ETSAP, 2010). 

 

 

 



8 
 

Nevertheless, unconventional energy resources are considered the last reserve of fossil fuels while 

conventional energy resources are expected to be depleted in the near future. 

Global energy trade networks are complicated systems, including multilateral trading between 

numerous participants (Gao et al., 2015) in which the activity of every country has an impact on 

the whole trade network. Energy trade policies are implemented through uncertain political 

processes based on the traders’ political influences (Zelby & Groten, 1990). For instance, major 

energy producers can manipulate their production and mutual trades to affect global prices in favor 

of their political strategies (Reynolds, 1999). Moreover, the availability of energy and the future 

production capabilities of countries are uncertain, which affects the future of the global energy 

trade network. In addition, national fossil fuel energy production will change in the future 

concurrent with other uncertain national and global changes, such as energy consumption, GDP, 

and population. Therefore, the existence of several controlled and uncontrolled, known and 

unknown, and certain and uncertain influential factors makes the global energy trade network an 

uncertain system that is worthy of investigation from different angles. 

One of the primary purposes of energy trade studies has been to analyze trade patterns within past 

trade networks. Researchers have used a few approaches to analyze global energy trade networks, 

mostly based on complex network theory. This is mainly due to the capability of complex network 

theory to investigate the trade network as a system, which can reveal features and properties of the 

network. In a comprehensive study, Ji et al. (2014) proposed a systematic framework at the global-

regional-national level using complex network theory to identify the stability and regional features 

of the oil trade network. They modelled the binary trade network of crude oil, including 79 major 

oil trading countries, and identified the main trading clusters using the community detection 

method proposed by Leicht & Newman (2008) at global, regional, and national levels. The results 

showed most major energy exporters limit their trade to a few destinations. Similarly, Gao et al. 

(2015) built an international fossil fuel energy trade multilayer network with three layers of oil, 

natural gas, and coal to analyze the characteristics of the international energy trade network from 

2002 to 2013. They emphasized the importance of the geopolitical environment as the most 

influential factor in the network.  

The evolution of the global energy trade network has been one of the important topics in the 

literature. Zhong et al. (2014) employed the optimal modularity algorithm, developed by Blondel 
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et al. (2008), to study the evolution of the oil trade network structure and trade communities by 

considering 179 countries over the period from 2002 to 2011. They constructed a comprehensive 

systematic framework to analyze both binary and weighted versions of the network. Community 

trade is defined as a group of countries with the highest number of intra-group trade relations. 

Zhong et al. (2014) found that, in the weighted version of the network, the number of trade 

communities changed over time from three to seven, and showed the evolution of trade patterns 

and competition among the oil importers using complex network theory. Ruzzenenti et al. (2015) 

modelled international oil trade and compared its role to other energy commodities (natural gas, 

coal, and electricity) in the global trade network. They found oil trade is the most interconnected 

and pervasive network with the highest connectance and, in both binary and weighted terms, the 

most reciprocated compared to other energy commodities. 

A few studies aimed to investigate the global energy network with a focus on the major nodes. For 

example, Hao et al. (2016) employed the complex network theory to analyze the properties of the 

global fossil fuel energy trade network including the major players. They also emphasized the 

vulnerability of the energy flow networks in times of energy crises, where the damage could spread 

from significant players to the whole network. Fracasso et al. (2018) also performed a detailed 

node-level analysis of the global oil trade network, which was not undertaken by Zhang et al. 

(2014) and Ji et al. (2014), to investigate the key players. They studied the evolution of the 

international trade of crude oil over a 20-year period, focused on the role of major exporters and 

importers in the energy market over the study period, and found the process of globalization led to 

the emergence of new major players. The existing literature provides valuable information in 

relation to features and properties of the past energy trade network; however, it rarely considers 

its future evolution. Thus, the properties of the global energy trade market, e.g., as required to keep 

the global energy trade network balanced in the future, should be further investigated.  

The shared socioeconomic pathways (SSPs) (O’Neill et al., 2017), a largely used scenarios 

framework for providing a perspective concerning the future implications of climate change 

(Absar & Preston, 2015), could facilitate the analysis of future global trade networks. The SSPs, 

provided by the International Institute for Applied Systems Analysis (IIASA), represent 

quantitative projections of national and global indicators, e.g. population and GDP, as well as 

energy emissions, consumption and production under future socioeconomic scenarios. The SSP 
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projections are aligned with various qualitative narratives (Table A.1 based on combinations of 

socioeconomic conditions and assumptions that create challenges to greenhouse gas mitigation 

and climate adaptation (Moss et al., 2010).  

 

1.5.2 Modeling the Trade Networks  

Several modeling methodologies have been employed with the aim of understanding the structure 

of global trade networks in different sectors. For example, several studies attempted to investigate 

global food trade systems from various angles (Sargento et al., 2012; Suweis et al., 2011; 

Rosegrant et al., 2008; Abdelkader et al., 2018; D'Odorico et al., 2014; Puma et al., 2015), and 

significant advances have been made with regard to global food trade networks and modeling them 

(Dalin et al., 2017; Kastner et al., 2014; Tuninetti et al., 2020), including a dynamic network 

structure that changes over time depending on the market characteristics (e.g., demand, supply). 

With regard to modeling techniques for international trades, Gravity Law Models (GLMs) have 

been successful in explaining trade fluxes (Anderson, 1979), and are named due to their similarity 

to Newton’s gravity law (Gutfraind, 2011). A GLM, which is a multivariate regression model, 

estimates the bilateral trade fluxes between two nodes (Fagiolo, 2010). A large number of studies 

have used GLMs to study international trade relationships in a variety of areas in recent decades, 

e.g., determinants of East Asian trade flows (Filippini & Molini, 2003), determinants of 

international trade in services (Grünfeld & Moxnes, 2003), and border effects on the international 

trade of the Japanese Empire in the inter-war period (Okubo, 2007). In addition, several studies 

investigated international trade using GLMs and linked trade to a set of selected national and global 

characteristics as the drivers of trade fluxes. Sarker and Jayasinghe (2007) employed GLMs to 

analyze the impacts of trade creation and diversion on the trade flows of six major agricultural 

products. Tuninetti et al. (2017) proposed a method for trade link prediction in virtual water of the 

food network using GLMs. They first considered all links active and then extracted those that were 

non-active by setting a threshold on the volume of the virtual water trade. Fracasso et al. (2016) 

investigated the main drivers of the virtual water flows associated with international trade in 

agricultural goods across the Mediterranean basin through a GLM approach. Moreover, GLMs 

have been used with a focus on energy trade studies; for example, Mityakov et al. (2011) studied 

the impact of international relations on global oil trade patterns, Zhang et al. (2018) worked on the 
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international trade of Liquefied Natural Gas (LNG) and investigated the main influential factors, 

and Kuik et al. (2019) investigated the export performance of the global renewable energy trade 

in different countries. 

In the literature, GLMs have been used to estimate node-to-node trade flows considering the 

geographic distance between nodes as the main feature. In the original form of GLMs, the 

geographic distance plays an important role by negatively affecting the flux between two nodes 

(Fagiolo, 2010). However, when it comes to modelling the trade network, the node-to-node 

approach has several limitations. First, the overall trade potential of each node within the global 

market is ignored and, consequently, the total inflow-outflow of a given node may exceed its trade 

capacity in an interconnected  trade network. Second, the overall trade distribution in a trade 

network cannot be accurately estimated in the node-to-node approach. One potential solution to 

such problems is employing the input-output (IO) technique (McDougall, 1999; Parikh, 1979; Toh, 

1998) for updating and balancing the global trade network, based on the total capacity of exports 

and imports. Since its introduction by Wassily Leontief in 1936, the IO analysis has become a 

popular modeling technique to study the interrelations of different productive sectors of an 

economy (Wu & Zhang, 2005). Accordingly, the Input-Output Table (IOT) was designed to 

provide a systematic arrangement of the economic activities within an economy (Atan & 

Arslanturk, 2012). IO techniques are procedures applied through IOTs to reconstruct a new target 

table by preserving the total input-output margins within the model by altering the table structure 

(Jensen, 1980; Mukhopadhyay, 2004). IO techniques can reveal the structural changes of an 

economy and characteristics of the sectors after constructing or updating multiple IOTs over time 

(Wu & Zhang, 2005). There is a large literature on using the IO techniques in different areas (e.g., 

Junius & Oosterhaven, 2003; Lahr & De Mesnard, 2004; Lenzen et al., 2004; Zhang & Anadon, 

2014; Weinzettel et al., 2014; Giljum et al., 2015).  

The RAS (exact basis of the acronym unknown) method, introduced by Richard Stone (1961), is 

the best known and widely used IO technique for updating IOTs (Lahr & De Mesnard, 2004; 

Wiebe & Lenzen, 2016). The RAS method has been used widely due to its operational simplicity 

(Toh, 1998) and straightforward procedure. Several studies have used the IO technique with a 

focus on the energy embodied within international trade; for example, Cortés-Borda et al. (2015b) 

worked on embodied solar energy, Cortés-Borda et al. (2015a) studied embodied nuclear energy, 
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and Liu et al. (2010) and Chen et al. (2017, 2018) investigated the total embodied energy in the 

international trade.  

A number of studies also link IO techniques and GLMs (e.g., Aichele and Felbermayr, 2015; 

Caliendo and Parro, 2015; Guilhoto et al., 2015; Noguera, 2012; Sarker and Jayasinghe, 2007; 

Sartori et al., 2017; Wang et al., 2019), where GLMs were sometimes used to estimate bilateral 

trades (node-to-node) as the initial inputs of  the IOTs (Sargento et al., 2012; Duarte et al., 2018). 

Recently, in an interesting investigation, Tuninetti et al. (2019) assessed the performance of GLMs 

and the RAS method in the estimation of bilateral trade, summarizing the pros and cons of each 

method. 

 

1.5.3 Virtual Water Trade 

Hoekstra & Hung (2002) theorized the idea of virtual water trade and explained that countries can 

manage their trades and national water resources by considering the water footprint of 

commodities. However, the introduction of water footprint concept by Chapagain, & Hoekstra 

(2003) led to a terminological confusion between the terms of "virtual water" and "water footprint". 

Hoekstra et. al (2011) clarified that the virtual water refers only to the volume of water embodied 

in a product while the water footprint refers to the volume, sort, and source of water consumed to 

produce a product or a service. They further explained that the virtual water contained in the 

commodities refers to the total freshwater volume consumed (evaporated or incorporated into a 

product) or polluted in the process of production. The term of virtual water is widely used in the 

context of international virtual water flows (Hoekstra et al., 2011). 

The virtual water contained in the commodities received attention when environmental researchers 

started to think of managing the trade of resources at wider scales. The role of virtual water trade 

on balancing water resources at different scales has been confirmed in different studies (e.g., 

D’Odorico et al., 2019; Yang et al., 2006; Guan and Hubacek, 2007; Abdelkader et al., 2018; Zhao 

et al., 2018). Virtual water flows and their association with the global food trade have been 

investigated in a number of studies. For example, Chapagain et al. (2006) provided a 

comprehensive assessment of the average global volume of virtual water embodied within the 

global trade in agricultural products, whereas Yang et al. (2006) provided an assessment of the 
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water use efficiency embodied in the international food and virtual water trade. Konar et al. (2011) 

conducted one of the early studies that attempted to model the global virtual water trade embodied 

within the global food trade using complex network theory. Carr et al. (2012) investigated the 

spatiotemporal patterns of the virtual water network based on international food trade data from 

the FAOSTAT database for the period 1986-2008.  

Water demand in energy production has received attention in the past three decades. Water 

consumption in fossil fuel production varies globally based on the reserve types and technologies 

employed. A large number of studies provide estimates of the water footprint of energy production. 

Gleick (1994) provided the most comprehensive analysis of water consumption in the energy 

produced from various energy resources. The US Department of Energy (US DOE, 2006) provided 

a review regarding water consumption and energy production that emphasized the negative impact 

of energy production on the availability and quality of water resources. The DOE emphasized the 

tradeoff between the national growth and economic development associated with fossil fuel energy 

production and the sustainability of the environment and ecosystems. Pate et al. (2007) provided 

a report regarding the large increase in water demands in the USA resulting from fuel production, 

and emphasized that water and energy should be managed in an integrated way to conserve natural 

resources. Scanlon et al. (2020) studied the water-related sustainability of energy production in the 

USA and projected the rising water demand for hydraulic fracturing technologies in the production 

of unconventional oil and gas. They concluded that future water demand could challenge the 

energy production in arid regions and require proper water resource management. Wu et al. (2009) 

examined water consumption in the (i) production processes of five fuels, including bioethanol 

from corn, cellulosic feedstocks, and gasoline in the United States; (ii) production of conventional 

crude oil and gasoline in Saudi Arabia; and (iii) Canadian oil sands production. Spang et al. (2014) 

used the existing related national studies, including the aforementioned studies, to estimate average 

values of water consumption in fossil fuel energy production at global and country scales. 

Recently, Chini, & Peer (2021) assessed the virtual water trade of eleven energy commodities, 

including fossil fuels, between countries over the period 2012-2018, by relying on literature for 

the range of water footprint in the process of energy production. The existing literature provides a 

range of water consumption values related to energy production, which reflects significant spatial 

variability that might be attributed to various factors, including the technology adopted in the 

energy sector and the methods for calculating water consumption. 
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Additionally, a growing number of studies have investigated virtual water trade in the energy 

sector from the water-energy nexus prospective, for example Siddiqi & Anadon (2011) in the 

Middle East and North Africa, Scott (2011) in Mexico, Duan and Chen (2016, 2017) in China, 

Hardy et al. (2012) in Spain, and Klein et al. (2005) and Kenney and Wilkinson (2011) in the 

United States. Duan and Chen (2017) included the interaction of nodes within the trade network 

by combining the IO technique and ecological network analysis (ENA) to uncover energy-water 

trade within the global energy trade, with a focus on China. They depicted the energy-water nexus 

based on a mixed-unit IO analysis to explore the parallel relationship between energy and water. 

However, the focus of these previous studies was on the water-energy nexus relationship at the 

local or regional scale, they were carried out based on current energy trade systems, and they 

contributed little with respect to the future of virtual water trade in the energy sector. Additionally, 

to the best of the author’s knowledge, no studies have been carried out to project the future global 

energy trade network in a comprehensive country-based and quantitative manner when the 

characteristics of the network and nodes change. Therefore, a comprehensive investigation of 

global energy trade is needed to explain the distribution of energy in the global network as well as 

project the future movement of virtual water embodied in the global energy trade network under 

various global socioeconomic scenarios. 
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2.1 Abstract 

Fossil fuels, as the most used resource of energy, are not distributed evenly throughout the world, 

and hence the majority of countries rely heavily on international trade to secure a sufficient energy 

supply. Characterization and modeling of the energy trade network is needed to conduct long-term 

assessments of global energy security. This study proposes and validates a modeling framework 

to assess the evolution of energy trade under current conditions as well as under future scenarios 

up to 2050. The total exports and imports of each country are estimated with gravity law models 

(GLMs) using key variables. Subsequently, the RAS method is used to estimate the annual bilateral 

trade flows. The GLMs have an overall satisfactory performance across the countries with average 

R2 values of 0.51 and 0.55 and relative error values of 4.8 and 4.6% for importers and exporters, 

respectively. The RAS method performs well for the majority of countries, and in particular for 

the major players in the global energy market. The projected energy trade network in 2050 varies 

under each shared socioeconomic pathway (SSP) of the future, with SSP5 and SSP3 showing the 
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largest and smallest global energy trades among countries of 538 EJ and 215 EJ, respectively. A 

network modularity analysis indicates naturally formed communities (sub-networks) within the 

global network can significantly change depending on the future SSP. The proposed modeling 

framework is reliable in terms of estimating the energy distribution while keeping the network 

balanced with global imports equal to global exports. 

2.2 Introduction 

Access to sufficient and affordable energy resources is essential to improve human welfare and 

raise living standards worldwide. In spite of the current global trend towards renewable energy 

sources, fossil fuels including oil, natural gas, and coal are still the dominant sources (84.7%) of 

energy (BP Statistical Review of World Energy, 2019), mainly because of their affordability and 

availability (Kumar et al., 2011). Since globalization has become a prominent factor in the world 

economy, global energy trade has played a substantial role in energy supply security by 

redistributing energy throughout the world (Chen & Chen, 2011). The global energy trade network 

is a complex system, mainly due to the complexity of the relations among the numerous 

participants in the market (Gao et al., 2015), and the influence of several controllable and 

uncontrollable factors on the energy trades. In addition, energy trade policies are subject to political 

pressures as they are mostly implemented through political processes (Zelby & Groten, 1990) that 

might limit trade due to, e.g., political sanctions. In addition to concerns about the potential impact 

of trade barriers and political instability on energy trade, one of the major concerns is the balance 

between demand increase and resource availability. Therefore, the capability of the international 

energy market to supply the global demand, in relation to the availability and distribution of 

resources, might be an important challenge in the near future. 

A large body of literature offers an empirical analysis to understand the energy trade network 

(Fracasso et al., 2018; Bale et al., 2015; Gao et al., 2015; Ruzzenenti et al., 2015; An et al., 2014; 

Geng et al., 2014; Ji et al., 2014; Lu et al., 2014; Zhang et al., 2014; Zhong et al., 2014;  Sun et al., 

2012), but it is still less than exhaustive. First, the existing studies usually employ a few select 

techniques such as complex network theory, which is an effective tool to analyze trade networks, 

but do not propose a methodology to (i) model the global energy distribution from exporters to 

importers or (ii) characterize the behavior of energy fluxes over time. Second, the capability of the 

global market to keep the global energy trade network balanced over time is rarely discussed 
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(Distefano et al., 2020). Third, most studies are carried out only at local or regional scales, without 

providing country-level details. Fourth, to the best of our knowledge, no studies have been carried 

out to project the future global energy trade network in a comprehensive country-based and 

quantitative manner. However, a few studies provide a perspective with respect to the future of the 

energy market (Paltsev et al., 2011; Kumar et al., 2011; Holz et al., 2015; Sharmina et al., 2017; 

Feng et al., 2017), but these have a limited scope by focusing on selected countries and do not 

propose a methodology to investigate bilateral energy trade between countries under future 

scenarios. 

With regard to bilateral international trade, gravity law models (GLMs) have been successful in 

explaining trade fluxes (Anderson, 1979). GLMs, which are multivariate regression models, are 

able to estimate the bilateral trade fluxes between two nodes (Tamea et al., 2014) and have been 

used to estimate trade in a variety of areas in which the main focus has been on modelling node-

to-node trade flows. However, when it comes to modelling the global trade network, the node-to-

node approach is considerably constrained; one of the main limitations is the negligence of each 

node’s overall trade potential within the global market. As a result, GLMs may underestimate the 

total global flows (Tuninetti et al., 2019), and the total inflow-outflow of each node may exceed 

their trade capacity in an interconnected  trade network. Another limitation of the node-to-node 

approach is the low accuracy of the overall trade distribution in a network, which is mainly an 

outcome of the first constraint. In fact, by following the node-to-node approach, bilateral trades 

are estimated regardless of the other multilateral trades of a node. Thus, trade distributions cannot 

be accurately estimated because the trade’s potential and priorities are not considered. Utilizing 

input-output (IO) techniques (McDougall, 1999; Parikh, 1979; Toh, 1998) for updating and 

balancing the global trade, based on the total capacity of exports and imports, could be one solution 

toward improved understanding of the behavior of trade networks. The RAS method is the best 

known and widely used IO technique, due to its operational simplicity (Toh, 1998), for updating 

the input-output tables (IOTs) (Lahr & De Mesnard, 2004; Wiebe & Lenzen, 2016) with the 

constraints respected by targeting marginal (node) totals (Jackson & Murray, 2004). Updating an 

IOT provides the ability to investigate the evolution of a trade network (Dietzenbacher & Hoekstra, 

2002; Tarancón & Rio, 2005), analyze trade relationships, and study the development, destruction, 

and substitution of trade links (Dietzenbacher & Hoekstra, 2002). 
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Several studies link IO techniques and GLMs (Aichele & Felbermayr, 2015; Caliendo & Parro, 

2015; Guilhoto et al., 2015; Noguera, 2012; Sarker & Jayasinghe, 2007; Sartori et al., 2017), where 

GLMs are sometimes used to estimate the bilateral trades (node-to-node) as the initial inputs of 

tables (Sargento et al., 2012; Duarte et al., 2018). Recently, Distefano et al. (2020) assessed the 

performance of GLMs and the RAS method in the estimation of bilateral trade, and summarized 

the pros and cons of each approach. However, a modeling approach is needed for the global energy 

trade to explain the distributions of energy in the global network and investigate how the network 

remains balanced when the characteristics of the network and nodes change. This study aims to 

address the abovementioned issues, and in particular, it contributes to the existing literature the 

following: (i) development of a novel modeling framework for characterizing the global energy 

trade network under current and projected future conditions by employing and combining GLMs 

(to estimate total energy trade of each node) and RAS method (to estimate the bi-lateral energy 

fluxes) to benefit from the strengths of each of them; (ii) a new characterization of the global fossil 

fuel energy trade networks, along with quantification of the bilateral trades, under future shared 

socioeconomic pathways (SSPs); and (iii) investigation of the potential evolving communities 

(clusters) of countries, forming sub-networks within the global trade networks. 

 

2.3 Data and Methods 

The overall research methodology is summarized as follows: (i) significant energy trade links were 

identified in the bilateral trade network. As regression models can generally preserve the mean of 

the dependent variable, GLMs are better suited to estimate the total flux from (or into) a county to 

(or from) the rest of the world; (ii) a list of potential factors that affect the global energy trade was 

prepared based on data availability, as well as prior knowledge from previous food and energy 

trade modeling studies; (iii) descriptive GLMs were developed for each node to estimate its total 

annual export to, and import from, the rest of the world using the identified factors as independent 

model variables (predictors); and (iv) using the predicted total annual exports and imports of each 

node, the RAS method was used to estimate the bi-lateral fluxes of energy of each network node 

(country). The whole modeling approach was developed based on the historical period (2000-

2016) for the baseline analysis, then possible futures of the global energy trade projected based on 

selected future global scenarios (details provided in the following sections). 
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2.3.1 Data 

Global energy trade data were obtained from UN Comtrade (Chatham House, 2019), which is the 

freely accessible United Nations International Trade Statistics Database 

(http://resourcetrade.earth). Additional data for all countries were also obtained from the U.S. 

Energy Information Administration (EIA) database (US EIA, 2020), including population, gross 

domestic product (GDP), energy production, and energy consumption. This study focuses on the 

primary energy commodities of oil, natural gas, and coal. Energy production, consumption, and 

trade were converted to gigajoules (GJ) separately for oil, natural gas, and coal so all three primary 

sources had the same energy units and could be summed up in one quantity. A comprehensive 

energy conversion calculator tool, provided by the EIA, was used for the energy conversions, 

available at (https://www.eia.gov/energyexplained/units-and-calculators/energy-conversion-

calculators.php). Table 1 summarizes the data used in this study. 

Table 2.1: Energy related data used in this study, along with their original reported units 

 

Data Source Unit 

National Population* EIA Capita 

Global Population* EIA Capita 

GDP* EIA Billion $2010 PPP a 

National fossil fuel energy production* EIA Tera joules 

Global fossil fuel energy production* EIA Tera joules 

National fossil fuel energy consumption* EIA Tera joules 

Global fossil fuel energy consumption* EIA Tera joules 

Energy intensity* EIA Btu b/$2010 GDP PPP 

National energy production of other sources of energy* EIA Quad Btu 

Bilateral fossil fuel energy trades UN Comtrade Kilogram (Weight) 

Total export-import** EIA bbl c 

a PPP: Purchasing Power Parity; b Btu: British thermal unit; c bbl: Barrel, *Independent variables considered for the GLMs, 

**Dependent variable in the GLMs 

http://resourcetrade.earth/
https://www.eia.gov/energyexplained/units-and-calculators/energy-conversion-calculators.php
https://www.eia.gov/energyexplained/units-and-calculators/energy-conversion-calculators.php
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2.3.2 Network construction 

In the proposed modeling approach, 77 countries were selected, which on average represented 

93% of the fossil fuel energy trade during the study period (1993-2016). The 77 selected nodes 

include 51 exporters and 59 importers; 26 are only-importer, 18 only-exporter, and 33 exporter-

importer. The 77 nodes (countries) created a maximum of 2,976 links, which were not all active 

in the network according to the trade data. For instance, in the USA-Iran trade link, both countries 

are major players in the global energy trade network, but there has been no energy trade through 

this link due to historical political conflicts. A subsequent filter was applied, similar to the 

approach followed by Tuninetti et al. (2017) for food trade networks, by considering a link to be 

active only if it was active for more than 50% of the time (9 years out of the simulation period of 

17 years) and if the volume of trade was at least 0.05% of the average of all global fluxes. This 

filter was applied to avoid cluttering the network with insignificant links that would cause 

excessive data noise without adding much value to the objective of capturing the global energy 

trade (Tuninetti et al., 2017). The adopted thresholds led to keeping only 1,185 active trade links, 

which carried 90% of the energy trade in the study period (Table A.2). The trade in the inactive 

links was considered zero in the network in all years. Additional assumptions included a fixed 

network topology as well as trade links maintaining their condition (active or inactive) over the 

baseline period. 

2.3.3 Gravity Law Models 

GLMs are regression-based models, often used to estimate the fluxes occurring in trade networks 

(Bergstrand, 1985). For decades, they have been reasonably successful at explaining the bilateral 

flows of different types of trade (Distefano et al., 2020). The original model formulation is inspired 

by Newton’s universal law of gravity: “The attraction between two objects depends on the mass 

of these objects” (Anderson, 1979). In this study, multivariate regression GLMs were coded in 

Matlab to simulate the total exports and imports of each node of the network. The GLMs were 

formed as a linear regression between the logarithms of trade and explanatory variables (Tamea et 

al., 2014), and were developed in this study to describe the relationships between the total energy 

outflows (exports of a country to the rest of the world) as a dependent variable and a set of 

indicators as independent variables (Country to World or Ci_W models; Equation 2.1). Similarly, 

the imports of each country (W_Cj models) were developed (Equation 2.2).  
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Ci_W models 𝐿𝑜𝑔(𝐹𝑖,𝑔) = 𝛽1 + 𝛽2𝐿𝑜𝑔v1 + 𝛽3𝐿𝑜𝑔v2 + 𝛽4𝐿𝑜𝑔v3 + ⋯        (2.1) 

W_Cj models 𝐿𝑜𝑔(𝐹𝑔,𝑗) = 𝛽1 + 𝛽2𝐿𝑜𝑔v1 + 𝛽3𝐿𝑜𝑔v2 + 𝛽4𝐿𝑜𝑔v3 + ⋯        (2.2) 

where Fi,g is the energy flow from the exporter node i to the global market g, and Fg,j is the energy 

flow from the global market g to the importer node j. βs are the model parameters interpreted as 

the regression coefficients, and vi is a model independent variable (provided in Table 2.1). For g, 

global data were used and the data of nodes i and j were always excluded. The robust linear 

regression method (DuMouchel & O’Brien, 1989) was employed to estimate the regression 

calibration parameters with the best performance in fitting the data. As fitting one regression model 

for all countries is not logical, 110 multivariate regression GLMs were developed for the selected 

77 countries in the study period (1993-2016). First, the GLMs of 51 exporters and 59 importers 

were developed/calibrated for the period 1993-2009 (17 yeas annual data or 70% calibration 

sample size) to estimate the sets of parameters. The GLMs were then validated for the 2010-2016 

period. It is recognized that the calibration and validation split samples are small; however, several 

studies simply employed the entire record for developing such trade models without split samples 

(Tamea et al., 2014; Tuninetti et al., 2017). Therefore, the approach adopted in this study adds 

another validation layer, admittedly limited, to ensure reasonable model reliability and similar to 

what was done by Abdelkader et al. (2018).  

To obtain the optimum number and the best set of independent variables for the export and import 

GLM models, country to world and world to country, the stepwise regression technique was 

implemented through three different alternative regression approaches (I, II, and III). In regression 

approach (I), the export of country i, as a dependent variable, was regressed against an independent 

variable v1. This was repeated for all export countries with the same variable v1, then tried with 

each of the other independent variables: v2, … v9.  The variable with the best corresponding overall 

result – median of the results of all exporters – was labeled as the best single variable and kept for 

the next step. In step 2, the best second variable, v2, was sought in the same way among the 

remaining eight independent variables, and was added to v1 to form a model with the best two 

variables, and so on until the best models with increasing number of variables were formed. At all 

steps, the decision was made based on the median performance over all countries to have models 

with the same set of independent variables for all countries. Also, it is important to note that all 

country models with, for example, v1 and v2 are the best two-variable models that include the best 
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single-variable identified in step 1. The best three-variable models include the same two variables 

identified in the best two-variable models, and so on. In regression approach (II), the best two-

variable models were obtained regardless of the best single-variable. This means that the single-

variable model for all countries might include, e.g., v4 but the best two-variable models can include 

v1 and v5 for all countries. The same thing applies to all models with more variables. In other 

words, the regression algorithm was free to select a set among all nine independent variables, as 

long as the selected set applies to all export countries. In regression approach (III), the regression 

was free to select the best sets and variables for every country individually, so, the best two-

variable for country i can be, for example, v1 and v3, but for country k, they are v2 and v7.  

The overall performance of GLMs in each step was evaluated, for the calibration (1993-2009) and 

validation (2010-2016) periods, using two quantitative statistics: R2 and Mean Absolute Relative 

Error (MARE) (Equations A.2 and A.3). Accordingly, the performance of the GLMs was evaluated 

for each node, and the median of all results based on R2 and MARE values reported. As the 

optimum number and best set of variables for each node were obtained, the performances of GLMs 

were then individually evaluated with respect to the estimation of the total volumes of energy flow 

using percent bias (PBIAS) (Equation 2.3) to characterize any over/underestimation. 

𝑃𝐵𝐼𝐴𝑆(%) =  
∑ (𝑄𝑜𝑏𝑠𝑖−𝑄𝑠𝑖𝑚𝑖

)𝑛
𝑖=1

∑ (𝑄𝑜𝑏𝑠𝑖)𝑛
𝑖=1

× 100                                 (2.3) 

where 𝑄𝑜𝑏𝑠 is the observed energy flows, 𝑄𝑠𝑖𝑚 is the simulated energy flow, 𝑄𝑜𝑏𝑠 is the mean of 

observed energy flows, and 𝑄𝑠𝑖𝑚 is the mean of simulated energy flows. MARE represents the 

average affinity of the simulated flows and ranges from 0 to +∞, indicating relative percent error 

in the model performance; R2 is the proportion of the variance explained by the independent 

variables in the GLMs, and ranges from 0.0 to 1.0 where 1.0 indicates the highest accuracy; and 

PBIAS is the average of the bias in the simulated energy flows and ranges from −∞ to +∞, 

indicating overestimation and underestimation of the energy flow volumes, respectively (Gupta et 

al., 1999). 
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2.3.4 RAS – Input-output table balancing technique 

The RAS method, which is a matrix balancing technique (Wiebe & Lenzen 2016), was utilized to 

construct and populate the global energy trade network and estimate the mutual energy trade 

between each pair of nodes.  

The modeling approach developed (Figure 2.1) includes the following three steps: 

1. The outputs of the GLMs (the total energy export-import of countries) were used as 

inputs to the annual IOT shown in Figure 2.1, as the table targets;  

2. The table cells Fi,j were filled by numbers as initial conditions, required for the 

initiation of the RAS method. Different initial conditions were also considered, as 

explained below; and 

3. The iterative procedures of the RAS method were conducted, and the resulting bilateral 

trade flow of each link was assessed when the table reached a balance (i.e., the 

estimated total exports and imports matched with the targets specified in step 1). 

 

Figure 2.1: Schematic representation of the global energy trade modeling approach 

Global bilateral trade data are available only after 2000, and therefore the period 2000-2016 was 

considered for the RAS application. As shown in Figure 2.1, the above process was repeated n 

times for the n years of the study period, with an IOT constructed for each year. In the process of 

balancing the IOTs, the accuracy of flow distribution is highly dependent on the weights and 
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topology of the initial conditions. Four different initial conditions were considered to initiate the 

RAS method and generate the bilateral flows: (A) for each year of the study period, 1000 sets of 

random numbers (1000 tables) were generated as alternative initial conditions using the Latin 

hypercube sampling method (Stein, 1987), and the best set of the 1000, based on the simulated 

bilateral flows, was identified; (B) all initial Fi,j were given the same value of “1.0” to provide the 

same initial weight to all trade links; (C) values of one over the geographical distance between 

nodes were used as the initial inputs, where the priority of trades emphasizes closer nodes 

(Anderson, 1979; Bergstrand, 1985); and (D) the actual bilateral flows of the first year of the 

simulation period (𝐹𝑖,𝑗)𝑜𝑏𝑠,2000 were used as the initial conditions of the table, and in subsequent 

years the balanced (modeled) bilateral energy trade flows of the preceding year were used. Based 

on the findings, one of the abovementioned four conditions will be used to produce an annual 

energy trade table. For each year, one table (Figure 2.2) was created, representing the global energy 

trade network of the corresponding year, where the rows and columns represent the outflows and 

inflows of nodes, respectively.  

 

Figure 2.2: Structure of the input-output table (IOT), based on 51 exporters and 59 importers. The 

grey cells indicate the countries involved in the bilateral trade. The cells with the rows and columns 

summations refer to the total export and import flows of each country, respectively. 
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The RAS method is explained in more detail in McDougall (1999), Toh (1998), UN Statistical 

Division (1999), Parikh (1979), and Mínguez et al. (2009). Balanced matrices for each year were 

obtained with an iterative procedure that progressively updates the initial inputs until the error 

difference between two consecutive steps, as an objective function, is minimized. This method 

was validated in this study using the energy bilateral trade data of the global energy market 

available from the UN Comtrade database (Chatham House, 2019). The performance of the RAS 

method was assessed using R2 to evaluate a node’s energy trade flux simulations. 

2.3.5 Future Projections of Global Energy Trade 

Global energy trade networks were projected for the study period 2017-2050. This projection was 

conducted under future scenarios based on Shared Socioeconomic Pathways (SSPs) (O’Neill et 

al., 2017), which project the future population, GDP, annual fossil fuel consumption, and 

production (Table A.1 of the appendix). The projected population and GDP, on 5-year intervals, 

come from the SSP database (Samir & Lutz, 2017; Cuaresma, 2017) at the country scale, and the 

energy data, with a 10-year interval, are the outcome of the integrated assessment model (IAM) at 

the regional scale (Van Vuuren et al., 2017; Fricko et al., 2017; Fujimori et al., 2017; Calvin et al., 

2017; Kriegler et al., 2017). The International Institute for Applied Systems Analysis (IIASA) 

divides the whole world into five regions (OECD, REF, ASIA, MAF, and LAM); more details 

regarding the regional aggregation can be found in the IIASA database (IIASA, 2020). The 

proposed country-based modeling framework includes updating the IOT over time within annual 

intervals. Therefore, the regional energy data (IIASA projections) were disaggregated into a 

country-based scale and the 5- and 10-year intervals into annual intervals. The regional energy 

data (production and consumption) were broken down to the country-based scale according to the 

country’s share in the corresponding region in the baseline period. The 5- and 10-year interval data 

were disaggregated to annual data based on linear interpolation. 

This study focuses on five SSPs (IIASA, 2020) that are based on RCP4.5, one of the four 

representative concentration pathways (RCPs) forcing targets, based on the data availability. 

Accordingly, the GLMs were developed under the future five SSPs, and the RAS method was used 

in a way similar to that conducted for the baseline period to project the bilateral flows of energy 

across the global network. The only difference in the RAS method for future projection is the first 

year of initial conditions is 2016, instead of 2000 for the baseline period. Also, the inactive links, 
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which were forced to be zero in the baseline period, were all weighted with a small value of 1.0 to 

have a chance to grow under the future scenarios, e.g., in the case that a minor country increases 

its production in the future. The narratives for each SSP are described in detail in Riahi et al. (2017) 

and Bauer et al. (2017). 

 

2.4 Results and Analysis 

2.4.1 Performance assessment of the developed GLMs 

The investigation of the three possible approaches of the regression models led to the 

implementation of approach (III) in the analysis. Accordingly, the GLMs, including four 

independent variables that vary across different countries, resulted in the best approach for 

modelling both the export (Ci_W) and the import (W_Cj) GLMs. As the number of inputs increase, 

the GLM performance (average performance across all countries) improves during model 

calibration; however, there is a turning point beyond four inputs in the validation period (Figure 

2.3). The GLMs have an average satisfactory performance across all importer and exporter 

countries, with R2 values of 0.51 and 0.55 and MARE values of 4.8 and 4.6% for importers and 

exporters, respectively.  
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(a)  

The Figure continues on the next page. 
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(b) 

 
  

Figure 2.3: The outcome of the GLMs in the simulation of energy flux during the calibration and 

validation period, for approaches (I), (II) and (III). (a) Export models (Ci_W) and (b) Import models 

(W_Cj). The x-axis represents the number of the selected input variables and the y-axis represents the 

error measure. 

 

In stepwise regression approaches (I) and (II) for the 51 exporters (Ci_W) and 59 importers (W_Cj), 

the overall performance of the GLMs in the validation period is not satisfactory (R2 and MARE) 

and does not show an optimum number of input variables (Figure 2.3, the panels in the upper and 

middle rows). This can be attributed to the need for different set of inputs for different countries, 

which is achieved in GLMs of approach (III). According to the stepwise regression results for both 

Ci_W and W_Cj models, the best set of four input variables, out of nine (Table 2.1), was obtained 

(b) 

 

Type_i  

Type_ii  
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for every exporter-importer node (the bottom panels of Figure 2.3 show the best performance 

achieved with four independent variables). Figure 2.4 shows the global median values of MAREs 

based on approach (III), with the distribution of overestimation and underestimation in the 

validation period. The results indicate the GLMs maintain their stable performance over the 

validation period for both importers and exporters. 

 

Figure 2.4: Boxplots of the GLM performance in the estimation of the energy trade volumes in the 

validation period for exporters (C_W) and importers (W_C) 

 

The GLMs were used in this study to model and characterize the total fossil fuel trade (imports 

and exports) of major players with the rest of the world; therefore, it is important to investigate the 

PBIAS of such models. Figure 2.5 shows the performance of individual exporter/importer GLMs 

using approach (III) in the validation period. The poorest performance of the GLMs belongs to 

North Korea with a PBIAS of −35.5%. Canada and Venezuela also have less accurate models, 

compared to other exporters, with PBIAS values of −27.3 and −22.3%, respectively. Such negative 

values of PBIAS indicate an overestimation of energy exports of these countries. These less 

accurate estimations are probably due to the absence of some unknown variables that are not 

included in the GLMs or to the number of selected variables. For instance, after a focused 

consideration of these particular countries, it is concluded that the GLM developed for Canada 

performs better in the validation period, with a PBIAS of 16%, when it includes five variables; 

this is not the case for Venezuela, for which adding or removing variables does not improve the 
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model performance. Similarly, there is a less satisfactory performance for six importers—

Colombia, Egypt, Hong Kong, Pakistan, Tunisia, and Turkey—with PBIAS values of 22.5, −23.2, 

−24.9, 22.2, 40.3, and 38.4%, respectively. As shown in Figure 2.5, the performance of models for 

most countries, with a few exceptions, is between +10 and −10%, which is satisfactory. 

Additionally, the well known F-test was used to evaluate significance of the influence of 

independent variables on the dependent variable (Shen & Faraway, 2004). The results indicate that 

the developed GLMs are significant for 42 exporters (82%) with P-value<0.1 including 40 

exporters (78%) with a P-value<0.05. Similarly, 47 importer GLMs (82%) have a P-value<0.1, 

including 41 (70%) with a P-value<0.05. However, the P-value>0.1 for 9 exporter and 11 importer 

GLMs, which could be attributed to the small sample size of data. The highest P-values of 0.4, 

0.41, and 0.42 belong to the three exporter GLMs of Yemen, Ukraine, and Egypt, and P-values of 

0.38 for the importer GLM of Philippines. As shown in Figure 2.5, there are a few GLMs with 

0.26>P-values>0.1 which include the exporter GLMs of Poland, Sweden, United Arab Emirates, 

Bahrain, and Nigeria, and the importer GLMs of Denmark, Brazil, Slovakia, Japan, Bangladesh, 

United States, Mexico, Canada, Belarus, Hungary, and Israel. 

 

Figure 2.5: The performance of the developed GLMs in both (a) Ci_W and (b) W_Cj models in the 

validation period (2010-2016). 

 

 

 

 

 

 

(a) 

 

(b) 

 

 



42 
 

 

2.4.2 Performance assessment of the bi-lateral energy flow modeling (RAS) 

Experimenting with four possible approaches to initiate the input-output table (IOT) of the bi-

lateral energy flows revealed that using the observed energy trade network in the first year of the 

simulation period (year 2000, approach D) as initial conditions lead to the best results (Figure 2.6), 

compared to the other potential approaches. The simulation accuracy starts with an R2 value of 

0.98 in year 2 and decreases over time until it reaches 0.70 in year 17. Note that the performance 

of a model with an R2 value >0.95 can be maintained if the observed trade values of the past year 

or two are used. This can be adopted if characterization of the trade network over the historical 

period or a forecast of one- or two-year lead time is desired. However, the initial values of the first 

year of the simulation period was used in this study to enable reconstruction of future projections 

of the trade network over several years.  

 

Figure 2.6: Performance of RAS in the estimation of energy trade based on the different experiments with 

initial conditions: (A) the best set of the randomly generated 1000 sets of numbers, (B) all initial values 

were given the same value of “1.0”, (C) values of one over the geographical distance between nodes were 

used as the initial inputs, and (D) the actual bilateral flows of the first year of the simulation period were 

used as the initial conditions of the table, and in subsequent years the balanced (modeled) bilateral energy 

trade flows of the preceding year were used. 

 

The performance of the RAS method was assessed as an average over all cells in the IOT, which 

means an average value over the global trade network. The performance of the RAS method for 

each country is shown in Figure 2.7.  
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Figure 2.7: Geographical representation of RAS performance in the estimation of energy trade 

distribution using approach D for (a) exporters (Ci_W) and (b) importers (W_Cj) in 2016. 

 

The energy trade is predicted with acceptable accuracy for 31 exporter nodes (60% of the network) 

with R2>0.6, including 19 nodes (36%) with R2>0.8. The results also show weak performance in 

capturing the trade patterns for seven nodes (13%; Argentina, Ukraine, Yemen, India, Egypt, 

China, and Azerbaijan), with a total network trade flux share of 3.2% and R2<0.4. For the 

importers, the accuracy of the prediction for 36 nodes (61%) is good with R2>0.6, including 27 

nodes (45%) with R2>0.8; for 12 nodes (20%; Nigeria, Colombia, Switzerland, Yemen, 

 
(a) 

 
(b) 
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Bangladesh, Malta, Argentina, Panama, Chile, Australia, New Zealand, and Portugal), the 

accuracy is low with R2<0.4, with total network share of 3.6%. The results show the performance 

of the RAS method in modeling energy trade is better for major players of the global energy 

network, which have a larger global market share. The RAS performance is very good for 18 major 

exporters, which carry 80% of the network energy supply and have an average R2 of 0.79, and for 

15 major importers, which carry 81% of the network energy demand and have an average R2 of 

0.80. The results also indicate weak performance of the RAS method for countries with a small 

global market share. To more closely examine the performance of the RAS method, Figure 2.8 

shows, as examples, its performance in the estimation of the node’s energy trade values for two 

major exporters (Saudi Arabia and Russia) and two major importers (the United States and China) 

in the last year of the simulation period (2016). 
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Figure 2.8: Performance of the RAS method with respect to the simulation of energy flux for (a) two 

major importers and (b) two major exporters in 2016. 
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Another experiment was designed to analyze the behavior of the network when a change takes 

place. For this experiment, Canada was picked as it is one of the biggest producers of energy in 

the world and the biggest trade partner of the United States, with the strongest trade link, quantified 

by the volume of trade through the link, between any two countries in the network. All trade 

interactions with Canada—energy inflows and outflows—were forced to be zero, not only in 2016 

but for the entire validation period for the GLMs (2010-2016). This is mainly because it was aimed 

to allow the network to adapt to the change that took place over the seven years of the validation 

period. Such an adaptation happens when the outcome of the RAS method in each year is used as 

the initial input of the simulation of consequent years, and so the network evolves over time. 

Therefore, the initial conditions were also changed in the construction of the IOT. In this part, 

instead of using the observed trade of 2000 as the initial condition, the observed trade of two years 

earlier; i.e., 2014’s trade to predict 2016 trade values, was used. The results indicate that removing 

Canada as a major player in the network impacts the entire network. Trade links in other regions 

are affected as well, with USA-Saudi Arabia becoming the biggest trade link in the world, and the 

USA as the major energy importer from Canada significantly expanding its imports from other 

countries, such as Saudi Arabia, Iraq, Venezuela, Mexico, and Brazil, and at smaller scale with the 

other trade partners (Figure 2.9d). 
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The Figure continues on the next page. 
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Figure 2.9: Visualization of the global energy trade network in 2016, based on: (a) observed values, (b) 

simulated values using observations of 2000 as initial conditions, (c) simulated values using observations 

of 2014 as initial conditions, and (d) with Canada removed from the global network. 

 

2.4.3 Analysis of the key variables influencing the energy trade  

Based on our methodology, each country has only four selected influential variables that 

substantially affect its energy trade (Figure 2.10). For example, Saudi Arabia’s energy exports are 

mainly governed by its national GDP, its fossil fuel production, global fuel production, and global 
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consumption. The first two variables logically reflect the country’s economic reliance on its energy 

exports, which are only limited by the global market demand (represented by the latter two 

variables). Canada, as an exporter, shares with Saudi Arabia the importance of national and global 

fuel production as variables, but is unique in other aspects. As a major energy consumer and a 

developed country, Canada’s energy exports are affected by its national energy intensity and 

reliance on other sources of energy (e.g., hydro, nuclear, wind). Note that an exporter-and-importer 

country such as Canada can have different variables affecting its imports and exports. For example, 

the national GDP, reflecting industrial development and economic expansion, is an important 

factor for Canada’s imports of fossil fuel energy (Figure 2.10). 
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Figure 2.10:  Geographic representation of the influential variables of the GLMs in both (a) export (Ci_W) 

and (b) import (W_Cj) models. 
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Among a total of nine variables, national production of fossil fuel is globally the most used 

variable in the GLMs of exporters, where it is included in 29 exporter nodes (57% out of 51 

exporters). Three other variables—national population, national energy production of other 

sources of energy, and global fossil fuel energy consumption—are also used in GLMs of 28, 27, 

and 26 exporter nodes, respectively (Figure 2.11). In addition, energy intensity is the least 

influential variable, being used for only 15 exporter nodes. With regard to importer countries, note 

that all variables are influential in the global market, where national GDP is the most used, 

affecting 28 importer nodes (47%). 

 

 

Figure 2.11: Representation of the important predictor variables in both exporter and importer GLMs. 

The role each variable plays in increasing/decreasing the energy export/import of the countries 

was analyzed according to their signs in the regression models (GLMs) (Figure 2.12). 

Interestingly, a mixed signal effect of all variables globally is evident. For example, global 

production of fossil fuels has an increasing effect on the exports of 10 exporters but a decreasing 

effect on 12 other exporters. On the other hand, the same variable has an increasing effect on the 

imports of 13 countries and a decreasing effect on another 13 importers (Figure 2.12). 
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 Figure 2.12: Representation of the impact of different variables, in terms of leading to an 

increase/decrease in the exports/import, on both (a) export (Ci_W) and (b) import (W_Cj) models. 

 

2.4.4 Future scenarios of the global energy trade  

The two-step modeling approach developed in this study (GLMs, followed by RAS) was adopted 

to project the global energy trade network under five different SSPs. Figure 2.13 shows the 

projected total global fossil fuel energy trade under different SSPs for the period from 2017 to 

2050. In SSP5, “a world of rapid and unconstrained growth in economic output and energy use” 

 

(a) 

 

(b) 

 



53 
 

(Keilman, 2020), the global energy consumption and production are at their highest levels, which 

leads to fast growth in the global energy trade between energy suppliers and importers.  

The results show a sharp increase of the energy traded under scenario SSP5 (Figure 2.13) to a 

value of 538 EJ in 2050—a 260% increase compared to the 148 EJ in 2016. The rank of SSPs in 

the corresponding projected global energy trade varies over time, but in 2050, SSP2, SSP4, SSP1, 

and SSP3 (in that order) come after SSP5. In the case of SSP3, “a fragmented world of resurgent 

nationalism” (Keilman, 2020), countries focus on domestic and regional issues (Riahi et al., 2017) 

and decrease their production and consumption, which leads to the lowest global energy trade (215 

EJ). However, trade still increases by 45% compared to 2016 levels, over a period of 34 years.  

 

Figure 2.13: Projected annual fossil fuel energy trade at the global scale. 

Figure 2.14 is the topological visualization of the projected global energy trade network in 2050, 

using the Flowmap tool (Boyandin, 2020). SSP1 and SSP5 are shown here as two distinct 

scenarios; the remaining scenarios are shown in Figure A.2. The Canada-USA link is projected to 

continue as the strongest bilateral trade link under all SSPs, with Venezuela’s exports to China and 

India emerging as equally strong under SSP5. The gentle increasing trend of energy trade under 

SSP3 and SSP4 (Figure 2.13) is obviously caused by declining imports of China and India—the 

world’s largest importers under these two scenarios (Figure A.2).  

Currently, the top three exporters of fossil fuel energy are Russia, Australia, and Saudi Arabia, 

with Russia mostly dominating the European trade flows (Figure 2.15a). According to our analysis, 
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the 2016 energy network exhibits four main communities (sub-networks) containing nodes that 

are more densely connected together than to the rest of the network. Figures A.1 provides 

visualization of the projected global energy trade network at regional scale under different SSPs 

in year 2050. 

Community detection was carried out using Gephi (https://gephi.org/), a network visualization and 

exploration software. The algorithm for community detection is based on optimizing the network 

modularity (the strength of division of a network into modules) according to the approach proposed 

by Blondel et al. (2008). At the beginning, the number of communities equals the number of 

countries. The algorithm then iteratively merges communities that optimize the modularity of the 

network. The energy trade network has a modularity of 0.43, which is an indicator of significant 

modularity with four communities. In the current network, Russia dominates the biggest 

community, including ~42% of the total number of active countries (Figure 2.15a). Australia and 

Saudi Arabia form and dominate in terms of energy export, along with Indonesia, a different 

community consisting of ~27% of the total active countries, but internally trading large amounts 

of fossil fuels.  

 

https://gephi.org/
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Figure 2.14: Visualization of the projected global fossil fuel energy trade network at the country scale 

under SSP1 and SSP5 in 2050 (remaining scenarios shown in Figure A.2). 

 

The network modularity analysis shows the global leadership of fossil fuel energy exports will 

shift from Russia to Canada (Figure 2.15b) and Venezuela (Figure 2.15c) under scenarios SSP1 
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and SSP5, respectively. However, Canada will remain a major exporter even under SSP5, with 

4.2x1010 GJ of exports, second to Venezuela (6.4x1010 GJ). Note that countries might change their 

communities in the future. For example, Canada and USA currently belong to the same community 

but are projected to be part of different communities under SSP1 and SSP5 in the future, as shown 

by the community detection algorithm. This applies to many countries, as shown in Figure 2.15. 

Under SSP5, the Venezuela-China (3x1010 GJ), Canada-USA (2.9x1010 GJ), and Venezuela-India 

(2.6x1010 GJ) links are projected to be the strongest ones. Among the top exporters, both Venezuela 

and Mexico show large clustering coefficients (CCs; 0.6 for both countries, according to values 

estimated by Gephi’s network statistics) under both SSP1 and SSP5, denoting the tendency of 

these countries to form tightly connected groups. This implies the trade partners of Venezuela and 

Mexico are themselves well connected. In the case of Venezuela in particular, a strong triangle is 

evident with China and India under SSP5 (Figure 2.15c), although China also imports large flows 

from Indonesia, Iraq, Saudi Arabia, and Australia. Under SSP1, the top three exporters are Canada, 

Indonesia, and Iraq, while Russia and Saudi Arabia significantly reduce their energy exports 

compared to 2016. In SSP1, one more community is detected compared to 2016 and SSP5 due to 

the emerging role of Brazil as an exporter, especially to China and Latin American countries. 

According to the projection in 2050, China remains a central node in the energy trade network, as 

in the past. It is projected to become the biggest importer of energy under SSP1, SSP2, and SSP5 

with imports from diverse communities (Figures 2.14 and 2.15); this is in contrast to SSP3 and 

SSP4 where its energy imports dramatically decrease (Figure A.2). However, it always exhibits a 

small CC (0.25), highlighting a weakly connected neighborhood due to the fact it tends to diversify 

its trading partners, which seems to be a national policy. Overall, the largest CCs (>0.65) are found 

for Eastern European countries (e.g., Slovakia, Latvia), Turkmenistan, and Hong Kong. These 

countries form tightly connected relations with a few other countries and are mostly localized at 

the periphery of the network, being connected to the core of the energy trade by small energy 

flows. Figure A.3 shows the Middle East and North Africa’s energy outflow to other regions, as 

the biggest exporter of energy in the world, under different SSPs. 
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The Figure continues on the next page. 
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Figure 2.15: Networks of fossil fuel energy trade in (a) 2016 and 2050 under (b) SSP1 (green road) and 

(c) SSP5 (fossil fuels) scenarios. Nodes are colored according to their community evaluated with the 

modularity optimization algorithm. For each community, the percentage of included nodes is shown in 

the legend. Node size is proportional to export flow, and the top three exporters of each scenario are 

represented in the legend. Link color is in accordance with source nodes to highlight the energy flow 

sources of each community. 
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2.5 Discussion 

The results of the presented methodology are not meant to be used for predicting specific annual 

values of energy trade, but rather to characterize the current global energy trade network and 

highlight potential future changes based on various projected scenarios. The developed modeling 

framework combines GLMs and the RAS method to construct global energy trade networks and 

estimate trade interactions between countries. GLMs have been used to directly estimate bilateral 

trade through a node-to-node approach; however, the proposed methodology employs them in a 

novel way to determine the total capacity of fossil fuel exports and imports for each country. The 

GLM outputs were then used as the target inputs to the RAS method to construct the whole trade 

network. In such a novel approach, the RAS method was employed to act as a link predictor, and 

the constructed trade network in each year was used as the initial input of the following year. This 

approach enables us to (i) model the evolution of the network and its trade links over time and 

under future scenarios, (ii) give all currently inactive links a chance to grow over time within the 

global energy network, and (iii) investigate the distribution of energy from suppliers to importers. 

In addition, one of our experiments shows that when a country is removed from the trade network, 

for any reason, other countries manage their multilateral trades to satisfy their demand. This 

capability is mainly due to the nature of the RAS method, which keeps the input-output matrices 

balanced and reduces the difference between the total inputs and outputs through a minimization 

process. This feature allows an investigation of the effect of certain shocks on the global energy 

market.  

The projected global energy trade networks are also aligned with the narratives of future SSPs. 

Under the most optimistic scenario (SSP3), countries are supposed to reduce their fossil fuel 

energy consumption along with a decrease in national production, which leads to the least trade 

interactions within the global energy network, as evident in Figure A.2. In contrast, under SSP5 

countries increase both their national fossil fuel energy consumption and production, which is 

projected to result in more trade interactions between countries within the network (Figure 2.14b). 

Sharmina et al. (2017) projected the global fossil fuel trade by year 2050 to be a wide range from 

less than 100 EJ to over 420 EJ based on future low and high carbon scenarios. In contrast, the 

results of this study projected a larger global fossil fuel trade, both in minimum and maximum 

values, from 215 EJ under SSP3 to 538 EJ under SSP5 by year 2050. 
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The logical results of the simulations provide additional evidence that our network characterization 

model is working well. Canada-USA is the biggest trade link in the global energy trade network 

under all SSPs except SSP5, where the Venezuela-China link is projected to be the most dominant. 

The Canada-USA trade link in 2050 is projected to carry 8, 7, 9, 13, and 5% of the global energy 

trade network under SSP1, SSP2, SSP3, SSP4, and SSP5, respectively, whereas it carried 4% of 

the market in 2016.  

The presented modeling framework is impacted by multiple limitations that should be considered 

and addressed in future research. First, the energy trade network constructed in this study includes 

a large number of countries for which the availability of annual trade data was a major limitation. 

The combination of the RAS method and the GLMs requires adequate data to function properly. 

In addition, lack of data for some national variables was also a limitation for many countries. 

Second, the future projected energy variables, which are the outcome of the IAM provided by the 

IIASA, were only limited to energy production and consumption at a regional scale, and with 10-

year intervals. Thus, the projected data needed to be disaggregated by country with annual 

intervals, which affects the accuracy of results. Also, only one future RCP was used in this study 

due to data availability. Third, the estimation of total trade fluxes, done using GLMs, could be 

improved as they greatly affect the performance of the RAS method. Such improvement could be 

achieved by either including additional influential factors, e.g., energy price, foreign investments, 

and political sanctions, or even employing other modeling approaches. Fourth, although fossil 

fuels are still the dominant source of energy in the world, the pattern and quantity of national 

energy consumption from other sources of energy and their impact on the fossil fuel energy trade 

are worth investigating in more detail.  

The main policy implication of this study is that greater emphasis should be placed on the energy 

supply security with respect to the uncertainty of the future global energy trade network. At least 

until the mid of the century, fossil fuels would remain the core of the global energy supply. IIASA 

(2020) projected that the domination of primary energy resources would continue under all SSPs. 

The global plans to mitigate global warming, the Paris agreement in particular, have also entered 

into a new phase and the countries have pledged to take practical steps, including reducing CO2 

emissions associated with fossil fuels development. Such international mitigation policies could 

lead to gradual changes within the global energy trade network. Major energy consumer countries 



61 
 

are more vulnerable to instability of the global energy trade network, and the role that energy 

suppliers play under future scenarios could be decisive for setting energy trade policies. Therefore, 

the results of this study could provide national policymakers and resource managers with a 

modeling framework that can serve as an analysis toolkit to inform long-term strategies and 

investments concerning fossil fuel energy, production, consumption, and trade. 

2.6 Conclusion  

A modeling framework was developed to model and characterize the annual global fossil fuel 

(energy) trade network at the country level and investigate potential changes that might happen 

within the network under future scenarios. Seventy-seven countries that carry more than 90% of 

the global energy trade were identified to form significant nodes in the global network. The total 

annual energy exports and imports of each country (node) were estimated using GLMs, using four 

identified independent variables that differ for individual countries. The distribution of energy 

within the trade network (node-to-node) was modeled using the RAS method as a matrix-balancing 

technique for the baseline period (1993-2016) and projected up to 2050 under five shared 

socioeconomic pathways. The proposed modeling approach captured the main characteristics of 

the global network well, and simulated major trade links with good accuracy and minor ones 

satisfactorily. The projected global energy trade may reach 215 EJ (45% growth compared to 2016) 

under SSP3 as a green scenario and 538 EJ (260% growth) under SSP5 over the period from 2017 

to 2050. The trade network analysis indicates China is projected to remain a central node in the 

global energy trade network as a major importer, and Canada-USA will remain the most dominant 

trade link in terms of bilateral traded energy under four out of five future SSPs. The network 

modularity analysis indicates naturally formed communities (sub-networks) within the global 

network can significantly change depending on the future scenario. 
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Chapter 3                                                                                         

Virtual Water Within the Global  Energy Trade 

3.1 Introduction 

Understanding the structure of the global energy trade network has substantial implications. An 

important, but overlooked, issue regarding energy security and trade is the virtual water (VW) flow 

through the global energy trade network (Duan and Chen, 2016). The VW, introduced by (Allan, 

1993; 1994), is the volume of water consumed in the production process of a commodity. Large 

amounts of clean water are usually used to produce, extract, and process fossil fuels, which are 

traded globally. Water consumption in the fossil fuel production, defined also as the water footprint 

of energy production, varies globally based on the reserve types and the employed technologies. 

There is a large number of studies regarding the water footprint of energy production (DOE 2006; 

Elcock 2010; Fthenakis & Kim 2010; Gleick 1994; Mekonnen & Hoekstra 2011; Meldrum et al 

2013; Mielke et al 2010; Mittal 2010; Mulder et al 2010; Spang et al 2014; Vassolo & Döll 2005; 

Wu et al 2009), which supports the variation of the estimations. Indeed, such a large-scale virtual 

water pathway within the global energy trade is a significant consideration in the global water 

distribution (Hoekstra & Hung, 2005). The majority of energy exporters face water shortages, 

while exporting high volumes of VW to wetter regions within the energy trade network. 

Nonetheless, the fossil fuel energy production is a large proportion of the economy for the major 

energy exporters. Thus, several energy exporters with extreme water scarcity rely on desalinated 

seawater for energy production. 

Along with rising concerns about the future of global energy trade, there are also concerns about 

the future of virtual water flows resulting from the potential changes in the energy trade network. 

The global energy demand is projected to be much higher in the future than the current state (Singh 

et al 2015), and the consequent energy production growth will lead to more virtual water trade. 

This perspective raises a potential problem for several countries, especially for water scarce 

countries that lack long-term strategies regarding their national virtual water trade. Also, a better 

understanding and characterization of the resource’s movement (energy and the associated VW) 

within the global trade networks could be a significant step toward the management of these 

resources and the water-energy-food nexus at the global scale. This chapter attempts to quantify 

and analyze the virtual water traded through the global energy trade network. 
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3.2 Methodology 

In this thesis, to reflect the wide range of uncertainty in the VW of fossil fuel production, three 

assessed levels of water consumption (median, minimum, and maximum) were used to estimate 

the VW embodied within the resource production. Table 3.1 provides the water footprint of 

primary energy carriers in the world, based on the literature, as the amount of water consumed to 

produce a unit of energy (m3/GJ) from crude oil, natural gas, and coal. The conventional natural 

gas has the lowest production median water footprint (0.004 m3/GJ) as well as the narrowest range 

of uncertainty (0.026 m3/GJ). On the other hand, crude oil has the largest production water 

footprint. 

Table 3.1: Average water footprint of fossil fuel production 

 Water consumption (m3/GJ) 

  Source a 

Energy carrier c Sub-category Median b Min Max 

Crude Oil Conventional oil 0.121 0.062 0.188 

 Unconventional oil d 0.154 0.098 0.180 

Natural Gas Conventional gas 0.004 0.001 0.027 

 Unconventional gas 0.017 0.003 0.221 

Coal  0.043 0.006 0.242 

a: Wu et al (2009) for water used in oil production, Meldrum et al (2013) for water used in coal and gas production; b: Spang et al 

(2014); c: including the refining and production processes; d: global average estimation, including for shale oil, oil sands, and 

heavy oil. There are studies such as Scanlon et al., (2020) and Kondash et al., (2018) that provide different numbers for the USA, 

but based on water used at each meter of drilled wells, not for each unit of energy. 

The conventional oil and gas resources are the major reserves of energy for oil and gas producer 

countries. Although unconventional deposits exist in many regions of the world (World Energy 

Resources, 2016), only a few countries are actively producing unconventional fossil fuel resources 

(IEA-ETSAP, 2010). The USA is by far the biggest producer of oil shale in the world; 63% of its 

national crude oil production (EIA, 2020), whereas Canada is the biggest producer of oil sands, 

which amounts to 64% of its national crude oil production (NRCAN, 2018). Venezuela is the 

major producer of heavy oil, which amounts to 20% of its total oil production (Salameh, 2012). In 

this thesis, it was assumed that the above-mentioned three major producers of unconventional 

fossil fuels will maintain their current production (mix) ratios for their future operations, and the 
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other countries also keep producing conventional fossil fuels. The shares of the various types of 

fossil fuels in the energy mix of the bilateral trades vary for each country and change over time, 

but such changes of shares for each trade link do not happen over a short period of time, but rather 

gradually over long time. Thus, at this stage, the average of energy shares from different sources 

for each trade link over the historical period (Figure 3.1) was considered. Then, the overall energy 

trade (GJ) of each link was converted to VW based on the shares of the various energy sources, 

along with their water footprint of production. The VW (m3) in each trade link was calculated by 

multiplying the values of water footprint (m3/GJ) provided in Table 3.1 by the amount of traded 

energy (GJ). 

 

Figure 3.1: Average fossil fuel mix of active trade links over the period of 2000-2016. 

 

3.3 Results 

Based on the global energy trade modeling framework, presented in chapter 2, the trade network 

was projected up to 2050 under five different Shared Socioeconomic Pathways (SSPs). The 

constructed energy trade fluxes were converted to VW amounts for analyzing the global VW trade. 

Figure 3.2 demonstrates the projected volumes of VW flow associated with energy trade at global 

scale under the uncertain amounts of VW of energy production. As shown, even under the current 

conditions (year 2016), the amount of the fossil fuel’s virtual water traded ranges from 6.7x109 to 

29x109 m3 of water, with a median value of 14x109 m3.  
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Figure 3.2: Projected annual volume of virtual water flow embodied in energy trade at the global scale. 

Under future SSPs, the volume of VW within energy trade becomes larger, particularly under SSP5 

when the traded VW is projected to reach a median value of 51x109 m3 by year 2050. The large 

 
                 SSP1 

 
                 SSP2 

             
                 SSP3 

     
                 SSP4 

 
                  SSP5 

 

 

 

Water consumption  

in energy production 

Figure 16: Projected the annual volume of virtual water flow at global scale. 
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uncertainty in the estimation of VW can make this value as high as 100x109 m3. Such values 

become more meaninful when assessing the various SSPs. Not only does a green pathway, such 

as SSP3, reduce the fossil fuel energy production and trade, along with the associated greenhouse 

gas emissions, but it also reduces the median value of VW trade to 20x109 m3 by year 2050, which 

is moderatly higher than the current value of 14x109. Under SSP5, the VW of fossil fuel energy 

trade can be brought down from 100x109 m3 to 24x109 m3 by year 2050 if the lowest water 

consumption rates are adopted globally when producing fossil fuels. 

In the global energy trade network, some countries are net exporters of VW (e.g. Australia, Canada, 

Russia, Saudi Arabia) under the baseline period as well as under all future SSPs (Figure 3.3), while 

others are net importers (e.g. China, India). In general, countries do not change their positions as 

VW exporters or importers within the energy trade network under the future SSPs. However, a 

few countries may assume different positions, depending on the future scenario (SSP). Turkey, for 

example, switches from a net importer of VW under the baseline period, as well as SSP1, SSP2, 

SSP3, and SSP4, to a net exporter under SSP5. On the other hand, Egypt switches from a net 

exporter of VW currently to a net importer under all SSPs except SSP5 (Figure 3.3). If one 

considers  medium mitigation and adaptation (SSP2) as a likely future scenario, for example, 

countries like Canada and Saudi Arabia export 3.0x109 m3 (14%) and 2.7x109 m3 (13%) of the 

VW within the global energy trade, whereas China and India have the highest VW inflows in the 

world, by importing 9.5x109 m3 (44%) and 2.8x109 m3 (13%).  
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The Figure continues on the next page. 
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 Figure 3.3: Geographical representation of the net annual volume of energy’s virtual water (inflow-

outflow). 

 

Water consumed in the fossil fuel energy production could be used in other sectors, e.g. agriculture, 

industry, municipalities. Thus, the ratio of the country’s net virtual water trade to its total available 

renewable water resources could be a useful factor to evaluate the significance of the water 

footprint of energy and the VW trade. Total renewable water resources, which theoretically 

represents the maximum yearly amount of freshwater available for a country (FAO, 2020), could 

be considered as a yardstick to evaluate the value of VW trade for each country. An arid country 

like Saudi Arabia, which imports most of its food needs due to water shortage (Assad, 2007), 

exports a significant amount of water in the form of energy for economic purposes. According to 

the FAO, Saudi Arabia’s total renewable water resources was 2.4x109 m3 by year 2016 (FAO, 

2020), while its median net virtual water outflow within energy trade in the same year was 

estimated to be 1.7x109 m3 (70%), and projected to increase up to 3.4x109 m3 (and a maximum 
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value of 5.8x109 m3, considering the upper bound of the water footprint of energy) by year 2050 

under SSP5. There are a few energy exporter countries that must rely on costly desalinated 

seawater in fossil fuel production, as they do not have access to sufficient natural water resources. 

Table 3.2 shows seven arid countries that produce over 80% of the global desalinated water (Al-

Shayji & Aleisa, 2018), with significant net virtual water export with respect to their water 

conditions. 

Table 3.2: Arid countries with highest desalinated seawater production by year 2016. 

 

Country 

Net virtual 

water outflow 

(VWO), 109 m3  

Total renewable 

water resources 

(RWR)a, 109 m3 

Desalinated 

water (DW)b, 

109 m3 

Ratio of 

VWO/RWR 

% 

Ratio of 

VWO/TWRc 

% 

Bahrain 0.008 0.116 0.240 6.525 2.126 

Kuwait 0.470 0.020 0.620 2351.329 73.479 

Libya 0.096 0.700 0.070 13.677 12.433 

Oman 0.164 1.400 0.200 11.741 10.273 

Qatar 0.237 0.058 0.440 408.163 47.537 

Saudi Arabia 1.701 2.400 1.680 70.887 41.698 

UAE 0.542 0.150 1.580 361.327 31.329 

a: FAO (2020); b:  Al-Zubari et al (2017) for the countries of Bahrain, Kuwait, Oman, Qatar, Saudi Arabia, and UAE, Brika (2018) 

for the country of Libya; c: Total water resources (TWR) is the summation of total renewable water resources (RWR) and 

desalinated water (DW). 

Interestingly, the net virtual water outflow (VWO) of Oman, Libya, and Saudi Arabia was close 

to the amount of desalinated water they produced in year 2016, while the desalinated water 

production of Bahrain, Qatar, Kuwait, and United Arab Emirates is much larger than their total 

renewable freshwater resources (RWR) that could be used in various sectors. The desalinated 

water, as a non-conventional resource, is not included in the county’s total available renewable 

water resources. When including the desalinated water in the total available water resource (TWR), 

the net virtual water outflow of Bahrain, Oman, Libya, Saudi Arabia, United Arab Emirates, Qatar, 

and Kuwait in year 2016 range from 2.78% to 73.4% of their total renewable water resources 

(Table 3.2). Tables A.3 and A.4 provide the total available renewable water resources and the 

energy’s VW inflow and outflow of the selected countries in this study in year 2016. 
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Under SSP5, the energy’s VW outflow (VWO) of Qatar, Saudi Arabia, United Arab Emirates, 

Iraq, Kuwait, Bahrain, and Libya could increase by 62, 111, 127, 134, 200, 254, and 350% during 

the period 2017-2050. Meanwhile, the countries of Hong Kong, Singapore, and Malta have a net 

virtual water inflow of 0.07x109 m3, 0.2x109 m3, and 0.03x109 m3 in the baseline period, which 

accounts for 3, 12, and 18% of their total renewable water resources. Under SSP5, Singapore and 

Hong Kong increase their net virtual water inflow by 41% and 205%. The full range of uncertainty, 

based on different levels of water footprint of fossil fuel energy production, can be viewed in 

Figure 3.4, which provides a visual representation of each country in the global energy trade 

network with respect to inflows or outflows of virtual water under future SSPs. 
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(a)  (b) 

The Figure continues on the next page. 
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(c) (d) 

The Figure continues on the next page. 
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(e) (f) 

Figure 3.4: The share of each node within the global VW trade in (a) 2016, and (b-f) the projected values 

in 2050 under five future SSPs. 

 

Across all considered SSPs, only some countries have a noticeable net virtual water inflow or 

outflow whereas most countries do not show up as significant major exporters or importers of VW 
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within the global energy trade network. This cannot be interpreted in a way that trivializes the 

water footprint of energy in such countries, but it could be also due to their balanced energy trades 

when they import and export different types of fossil fuels. However, one can notice the wide 

range of uncertainty, in particular for the countries with larger net inflow/outflow. This highlights 

the importance of adopting advanced technology that minimizes the water footprint of energy 

production, which could significantly impact the long-term net virtual water flows within the 

energy trade network. For instance, under SSP5, the net virtual water outflow of Saudi Arabia, 

Venezuela, and Canada with the median water consumption rates is 98%, 100%, and 117% larger 

than the case with the minimum water consumption rates in the fossil fuel energy production. 

Under SSP3 (green scenario), the median net virtual water outflow of Saudi Arabia by year 2050 

is projected to be 97% larger than its minimum level, and 40% less than its maximum rate. 

Additionally, according to the water footprint of each fossil fuel, countries with a higher volume 

of crude oil trade would have larger VW trade compared to those with more trade interaction in 

natural gas and coal. For example, Australia as the biggest exporter of coal and one of the major 

exporters of natural gas during the baseline period (Chatham House, 2019) is not projected to be 

among the future top five net virtual water exporters within the energy trade under all SSPs. On 

the other hand, Saudi Arabia, with a major focus on crude oil exports, is projected to be among the 

top five net virtual water exporter within energy trade under all future SSPs (Figure 3.4). 

Countries within the global energy trade network were grouped into seven regions: East Asia and 

Pacific (EAP), Europe and Central Asia (ECA), Latin America and the Caribbean (LAC), Middle 

East and North Africa (MENA), North America (NA), South Asia (SA), and Sub-Saharan Africa 

(SSA), according to the World Bank regional classification (World Bank). Precipitation could 

reflect the overall availability of water resources in different regions. Figure 3.5 represents the 

gridded mean annual precipitation for the period 1981-2019 using the Climate Hazards Group 

InfraRed Precipitation with Station data (CHIRPS) with 0.05°x0.05° degree grid resolution (Funk 

et al., 2015). The LAC region is the wettest region in the word with over ~1560 mm of weighted 

average annual precipitation, and the MENA is the driest one with ~120 mm of weighted average 

annual precipitation, over 11 million km2 of land (FAO, 2020). The MENA is the biggest exporter 

of energy in the world with nearly 40% of the energy outflow of the global energy market in 2016, 

while its energy inflow was only around 2% of the global market. Therefore, MENA is always a 

net exporter of VW in energy sector. 
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Figure 3.5: Gridded mean annual precipitation over the period 1981-2019 using CHIRPS with 

0.05°x0.05° degree grid resolution (Funk et al., 2015). 

Figure 3.6 shows the total volume of virtual water outflows from the MENA region in 2016 as 

well as the projected values by year 2050 under different SSPs. The median annual MENA’s VW 

outflow in the form of energy ranges from 4.4x109
 m

3 in year 2016 till 12.2x109
 m

3 under SSP5. 

The uncertainty of such estimates can make these values as high as 20x109 m3 of water. Such 

values might not seem large in wetter regions of the world, however, major water conflicts in the 

region; e.g. among the countries of the Nile and Euphrates Basins, break out over smaller amounts 

of water (Zeitoun & Warner 2006; Priscoli & Wolf 2007; Petersen-Perlman et al 2017). Under 

SSP3 (green scenario), the MENA region could export up to 176x109 m3 of water in form of energy 

over the period of 2017-2050. Under SSP5, as the worst scenario, the MENA’s total net virtual 

water outflow could increase up to 290x109 m3, assuming the median values of water consumption 

rates, and projected to reach up to 476x109 m3 by considering the upper bound of water 

consumption rates in the period of 2017-2050. Therefore, the energy’s VW exports of the MENA 

region should be assessed within the context of the region’s aridity as the driest region in the world. 
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Figure 3.6: Annual volume of virtual water outflow from the Middle East and North Africa (MENA) 

region. 

Figures 3.7 represents the virtual water outflow from the MENA region to wetter regions under 

each SSP with consideration of the full range of uncertainty in the levels of water footprint of fossil 

fuel energy production. The EAP is the biggest importer of VW from the MENA region, however, 

the magnitude of such trade varies based on the SSP under consideration. The geographical 

proximity plays a major role in the MENA’s distribution of VW exports. It is interesting to note 

that VW exports to the regions of North America (NA) and Europe (ECA) increase considerably 

under SSP3 (Green scenario), compared to other SSPs, which might be attributed to the dramatic 

decrease of fossil fuel production in those two developed regions. 
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Figure 3.7: Volume of virtual water outflow from the Middle East and North Africa (MENA) to other 

regions of the world under five different SSPs. 

 

3.4 Conclusion 

Fossil fuel energy trade plays a substantial role in national and global economy, as it meets the 

importers demand while economically benefiting the producers. However, the virtual water 

outflows, as a result of the large-scale fossil fuel trade, could affect the sustainability of water 

resources in water-limited regions. The growth of energy production intensifies the existing water 

stresses in arid regions, which may conflict with the rising water demand from other sectors (e.g. 

agriculture) and jeopardize the availability of water resources. Assuming that the uncertainty in 
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the estimates of the VW of energy reflects the variability in practices and technologies among 

different energy sectors and different countries, it is important to adopt the best possible practices 

and technologies in fossil fuel energy production to save water. Employing modern technologies 

in energy production could dramatically lower the water consumption and consequently decrease 

the volume of virtual water export. For instance, the arid region of MENA is projected to export 

significant amount of water, with a wide range of uncertainty, to wet regions in the form of energy 

by year 2050. The total virtual water outflows of MENA, at the maximum level of water 

consumption estimate in the energy production, is almost 200% more than the case of the minimum 

volume of water consumption across the future scenarios. Virtual water trade analysis in the past 

and future within the global energy trade network, as well as in other trade networks (e.g. food, 

services, industrial products, etc.), can contribute to the achievement of water resources 

sustainability at national and global scale if it is carefully analyzed and managed. 
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Chapter 4                                                                                     

Summary and Conclusions 

4.1 Summary 

For long-term assessment of global energy security, a characterization of the global energy trade 

network is needed. In addition, large amounts of water are consumed to produce tradable fossil 

fuels in all fuel-producing countries. Estimation of the large-scale virtual water flow embodied in 

the global energy trade network is important for assessing the sustainability of both energy and the 

associated water. This study provided a modeling framework for characterizing the current and 

projected future global energy trade and its associated virtual water. 

Chapter 1 provided an introduction to global trade networks, their creation and evolution, and the 

importance of energy as a key index of human development and social welfare and one of the most 

critical commodities within global trade chains. Key studies related to global trade networks and 

the existing methodologies for modeling trade networks were reviewed and the necessity for global 

energy trade as a critical element of national energy security was emphasized. Chapter 1 also 

provided a discussion of the major factors that influence global trade networks and stimulate 

interactions between countries over time.  

Literature related to the global virtual water trades in different sectors was discussed. Studies on 

virtual water trade in the food sector are more advanced, compared to other sectors, with 

investigations having been conducted from various angles, including past analyses and future 

projections. In the energy sector, studies have been carried out based on current energy trade 

systems, and have little to contribute regarding the future of energy and related virtual water trades. 

With respect to modeling energy trade networks, existing studies used only a few techniques and 

typically employed complex network theory, which is an effective tool to analyze trade networks. 

However, these studies did not propose a methodology to project the future global energy trade 

network in a comprehensive country-based and quantitative manner. Finally, more attention was 

given to two key techniques for modeling global trade networks: Gravity Law Models (GLMs) 

and RAS methods. Some studies that adopted them were reviewed. 

Chapter 2 investigated the global energy trade network, with a focus on fossil fuels as the major 

source of energy in the world. The proposed methodology was divided into two components: (1) 
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modelling the global energy trade network at the country level over a baseline period (1993–2016) 

and (2) projecting the network up to 2050 based on five future Shared Socioeconomic Pathways 

(SSPs). Hence, descriptive GLMs were individually developed for each country to estimate the 

total annual trade with the rest of the world using the identified contributing factors. Subsequently, 

the RAS method, as a matrix balancing technique, was used to estimate the bilateral flux of energy 

among the major exporting and importing countries. The results indicated the proposed method 

performs well in terms of constructing the global trade network, while keeping the network 

balanced so that global imports equal global exports. The outcomes of the proposed modeling 

framework for the future were in line with the narratives of the SSPs.  

The future projection results show the global energy trade could reach 538 EJ as the highest level 

under SSP5 (fossil fuel development scenario) and 215 EJ as the lowest level under SSP3 (green 

scenario). Moreover, a network modularity was employed to analyze the trade communities (sub-

networks) as well as the core nodes of networks under various scenarios. Although the global 

energy trade network can follow different pathways under future scenarios, a few outcomes are 

common. For instance, the results of the network modularity analysis for year 2050 revealed China 

as a major importer would remain a central node in the global energy trade network across future 

scenarios, and Canada-USA will remain the most dominant trade link in terms of bilateral traded 

energy under four out of five future SSPs. 

Chapter 3 complemented Chapter 2 by providing an assessment of the virtual water embodied 

within the global fossil fuel energy trade network. First, the assessment was conducted over the 

baseline period (2000-2016), then projected up to 2050 based on energy trade projections under 

future SSPs. The uncertainty range of the water footprint of energy production was used to estimate 

the uncertainty of the virtual water trade in the global network. In addition, the movement of virtual 

water between countries and regions of the world was analyzed. Interestingly, trade interactions 

within the Middle East and North Africa (MENA) region, which is the driest region, are the largest 

in the world, effectively exporting water in the form of energy to wetter regions. In addition, the 

desalinated water production of arid countries in the MENA region was discussed and their 

energy’s virtual water outflow with respect to their water conditions was analyzed. The results 

under various future SSPs indicate the global virtual water trade is projected to reach a median 

value of 51x109 m3, which could increase up to 100x109 m3 with consideration of the upper bound 
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of the estimation of the water footprint of fossil fuel energy production. Finally, it was concluded 

that the magnitude of virtual water outflows from arid countries and regions could be considerably 

reduced by adopting proper technology in fossil fuel energy production. 

 

4.2 Challenges and Limitations 

The modeling methodology proposed in this study was successful in characterizing and modeling 

past fossil fuel trade networks, and also provided plausible projections of their possible future 

evolution. Based on the modeled and projected energy trade, the associated virtual water trade was 

quantified and analyzed. However, the study faced multiple challenges that limited the extent of 

the modeling and analysis efforts. This work, as well as other global trade investigations, relied on 

the quantity and quality of global data, which must have acceptable accuracy and availability for 

all countries involved in the trade networks. Several organizational databases (e.g., those 

belonging to the United Nations (UN), US Energy Information Administration (US EIA), 

International Energy Agency (IEA), and British Petroleum (BP)) were accessed to obtain data on 

a number of fossil fuel-related variables such as fuel reserve, production, and consumption. 

However, such datasets have some limitations: first, energy data are not available for all countries 

in the world; second, several temporal resolutions in datasets (mostly for years before the mid-

1990s) cause some inconsistency; and third, they do not provide any detailed information about 

the fossil fuel energy operations in individual countries, e.g., the technologies employed and type 

of reserves.  

Fossil fuels trade data (export/import) are also a challenge; current datasets provide the total trade 

data for all countries after 1993, and earlier annual data are only available for a few countries. 

Therefore, only 24 years of data were used for all selected major energy exporters and importers 

to develop the GLMs. The availability of bilateral trade data is also critical as these were used as 

the initial inputs to the RAS method. Such data are available only after 2000, which limited the 

analysis period for this study when constructing annual input-output tables (IOTs). Such data 

limitations might be attributed to several countries treating their national energy data as 

confidential, e.g., details of international energy trade contracts, or information about the 

production of other sources of energy, such as nuclear energy. Also, a number of countries are not 
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transparent regarding their national fossil fuel activities, e.g., national production, reserves, and 

unofficial fossil fuel trades with other trade partners. 

Part of this research relied on future projections, provided by the International Institute for Applied 

Systems Analysis (IIASA), of the variables used in the modeling framework. First, the Integrated 

Assessment Models (IAMs) projections are made available at regional scale for five regions: (1) 

the Organization for Economic Co-operation and Development (OECD); (2) countries from the 

Reforming Economies of Eastern Europe and the Former Soviet Union (REF); (3) ASIA, including 

most Asian countries with the exception of the Middle East, Japan, and Former Soviet Union 

states; (4) countries of the Middle East and Africa (MAF), and (5) countries of Latin America and 

the Caribbean (LAM) (https://tntcat.iiasa.ac.at/SspDb). Thus, regional projections were broken 

down to the country-level scale based on the country’s share in the corresponding region in the 

baseline period. Second, the IAM projections have a 10-year temporal resolution, but the proposed 

country-level modeling framework includes updating the IOT over time within an annual time 

scale. Therefore, the 10-year intervals were disaggregated into annual intervals with linear 

interpolation. Third, the projected energy variables, the outcome of the IAMs, are only limited to 

production and consumption. It would be useful for future studies to have projections of other 

influential factors such as the capacity and type of fossil fuel reserves in the future. In fact, all 

aforementioned data limitations contribute to the uncertainty of the results of the modeling 

framework. 

Additionally, the water footprint of various processes in the energy sector still needs further 

investigation. In this study, the virtual water embodied within the global energy trade was 

estimated based on three assessed levels of water consumption (median, minimum, and maximum) 

and the average of energy shares for each trade link over time. According to the literature, there is 

a wide range of water footprint in energy production, which depends on the type and location of 

the fossil fuel reserve, as well as the technologies employed in extraction and refinery processes. 

Existing studies are limited to a few countries, mostly the United States, China, Canada, Saudi 

Arabia, and Russia, with varying estimated levels of water consumption in each. Consequently, at 

this stage, the average of the estimations provided in literature was used. 

 

https://tntcat.iiasa.ac.at/SspDb
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4.3 Future Work 

Sustainable Development Goals (SDGs), developed by the United Nations, provide a long-term 

global roadmap towards several targets in which the accessibility of essential resources, food 

(SDG#2), water (SDG#6), and energy (SDG#7) for current and future generations are significant 

considerations. In addition, the water-energy-food (WEF) nexus concept is developed as a 

platform for proper global integrated resource management and allocation. It is widely accepted 

that the targets of SDGs and the WEF nexus will not be achieved without international 

collaboration. One of the most fundamental means of international collaboration is trade between 

countries. Lowering trade barriers opens the global market for more trade and stimulates national 

economies; however, in some cases unsustainable trade may deplete national resources of some 

countries and consequently jeopardizes the supply security of future generations. Such concerns 

are reflected in a growing number of studies investigating local and global resources and their 

movement under the WEF nexus concept in which the virtual water trade has been a key connector 

(Abdelkader and Elshorbagy, 2020; Abdelkader et al., 2018; Duan & Chen 2017; Tian et al., 2017; 

Tuninetti et al., 2020, Esther, 2010). Better projections of future global trades in various sectors 

(food, energy, services, etc.) as well as their embodied virtual water could be a significant step 

toward sustainable global resources management, even considering the uncertainties (Bazilian et 

al., 2011; Muller, 2015). 

This thesis developed a framework that enables characterization of the global energy trade and its 

virtual water in the future. However, several issues should be considered in future investigations. 

With regard to the methodology proposed in this study, it should be noted that the outcome of the 

RAS method in estimating trade distributions is highly dependent on the total input-output trade. 

Thus, an accurate estimation of national total exports/imports assures more reliable projection of 

the future of energy and virtual water trade networks. This can be achieved by developing more 

accurate trade models, i.e., by using more data, including further effective factors, and utilizing 

other potential models for estimating the total trade capacity of countries within the global trade 

network. More attention should be also directed to the estimation of the water footprint in energy 

production across producer countries in different locations and with varying natural resource 

conditions. This study could be extended by working on areas that were left out of the present 

work, e.g., the global trade of other types of energy such as nuclear and renewable energy 

resources, and their embodied virtual water. Additionally, future research could include an 
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economic analysis, e.g., quantification of the trade-off between the financial benefits and 

environmental costs of national and global energy and its virtual water trade, especially for major 

energy producers that face water shortages. Finally, the long-term impacts of virtual water trade 

in all sectors on natural resources at different scales could be potential considerations of 

subsequent investigations. 
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Appendix: Supplemental materials for chapter 2 

 

A.1 Global scenarios used for the projection of future energy trade 

 

Table A.1: Future SSPs considered in this study for energy trade projection 

Scenario Mitigation Adaptation Narratives a 

SSP1 Low challenge Low challenge a world of sustainability-focused growth and equality 

SSP2 Medium challenge Medium challenge a ‘middle of the road’ world where trends broadly follow 

their historical patterns 

SSP3 High challenge High challenge a fragmented world of ‘resurgent nationalism’ 

SSP4 Low challenge High challenge a world of ever-increasing inequality 

SSP5 High challenge Low challenge a world of rapid and unconstrained growth in economic 

output and energy use 

a: Keilman, (2020), Riahi et al., 2017, Bauer et al., 2017. 

Each SSP in Table A.1 follows different storyline based on the challenges for mitigation and 

adaptation. Each SSP scenario approaches different trends that may shape the future. From the 

energy perspective, in SSP1, there is preference against the fossil fuels development, and 

inclination towards the sustainable development and renewable resources (Bauer et al., 2017). In 

SSP2, and in spite of the investments in renewable resources, the world would keep relying on 

fossil fuels (Bauer et al., 2017). In SSP3, countries tend to achieve their energy security targets 

with a focus on the domestic and regional resources with limited energy trades (Riahi et al., 2017). 

In SSP4, there are investments in both fossil fuels and the low-carbon energy sources (Riahi et al., 

2017). In SSP5, the world is strongly going toward fossil fuels development and the sustainable 

practices would not be globally supported (Bauer et al., 2017). 

 

A.2 Global energy trade network construction 

Considering all countries (222) means 49,062 potential trade links; however, preliminary 

investigations revealed that 90% of the global energy trade from 2000-2016 occurred through only 
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1,185 links. Therefore, the significant exporting and importing countries (network nodes), along 

with trade links, were identified from historical trade data (Table A.2). 

Table A.2: Active trade links selection 

 Number of nodes Trade links Share of carrying trade 

Actual global energy trade network 222 49062 100 % 

First selection  77 2,976 93 % 

Second selection  77 1185 90 % 

 

A stepwise regression experiment was conducted to test three different approaches to come up 

with the best combination of input variables for modeling the energy trade. Here the export models, 

(Ci_W; Equation A.1), are used to explain the different approaches, recognizing that the same 

procedures were followed with the import models (W_Cj).  

 

Ci_W models 𝐿𝑜𝑔(𝐹𝑖,𝑔) = 𝛽1 + 𝛽2𝐿𝑜𝑔v1 + 𝛽3𝐿𝑜𝑔v2 + 𝛽4𝐿𝑜𝑔v3 + ⋯ (A.1) 

𝑅2 = 1 − 
∑ (𝑄𝑜𝑏𝑠𝑖−𝑄𝑠𝑖𝑚𝑖

)2𝑛
𝑖=1

 ∑ (𝑄𝑜𝑏𝑠𝑖−𝑄𝑜𝑏𝑠 )2𝑛
𝑖=1

                                                  (A.2) 

𝑀𝐴𝑅𝐸 (%) = 100/𝑛  ∑ |
(𝑄𝑜𝑏𝑠𝑖−𝑄𝑠𝑖𝑚𝑖

)

𝑄𝑜𝑏𝑠𝑖

|𝑛
𝑖=1                                    (A.3) 

where 𝑄𝑜𝑏𝑠 is the observed energy flows, 𝑄𝑠𝑖𝑚 is the simulated energy flow, 𝑄𝑜𝑏𝑠 is the mean of 

observed energy flows, and 𝑄𝑠𝑖𝑚 is the mean of simulated energy flows. 

A.3 Future Projection of the global energy trade  

Figures A.1, chord diagrams, provides visualization of the projected global energy 

trade network at regional scale under different SSPs in year 2050. The regions are 

arranged along the circle as segment, with the region’s segment length reflecting the 

trade magnitude relative to other regions. The varying size of each arc connecting two 

regions represents dominant direction of the energy flux, and the larger arcs on the 
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diagrams represent the nodes with higher contribution to the network (Jalali, 2016). 

The whole world was divided into seven regions according to the World Bank regional 

classification to analyze the interactions among the regions in terms of energy trade. 

Details about the list of countries that fall under different regions are available at 

(http://data.worldbank.org/about/country-and-lending-groups).  

In year 2016, it is evident that the Middle East and North Africa (MENA) is the core of 

the network in both trade volume and trade relationships. Also, the small chords at the 

position of South Asia demonstrates that it is mainly an importer of energy while it is 

not exporting a considerable energy to other regions. The projected regional energy 

interactions vary in each SSP. East Asia and Pacific is the biggest energy customer of 

the MENA by importing over 27x109 GJ in 2016, and such a strong regional trade 

relationship is similarly seen in the other projected scenarios in 2050. One of the 

obvious observations is that, even though the MENA’s energy exports increase 145% 

from 48x109 GJ to 118x109 GJ, under SSP5, its global share decreases from 51% to 

30%, where Latin America and Caribbean has the biggest global share (32%) in 2050, 

which was only 9% in 2016. 

http://data.worldbank.org/about/country-and-lending-groups
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Figure A.1: Projected global fossil fuel energy trade network at regional scale under different SSPs in 

year 2050, with a comparison with the real network in year 2016. 
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The North America decreases its energy imports and will mostly have energy exports to the other 

regions in 2050 under SSP5. Interestingly, Latin America and Caribbean increases its global 

exports while becomes a major importer of energy from North America (this is the case in SSP2 

as well). In SSP5, the majority of countries increase their energy trades, and even the region of 

South Asia expands its energy exports, mostly to Europe and East Asia. The MENA does not 

export a high amount of energy to the Sub-Saharan Africa and Latin America and the Caribbean 

in year 2016 as well as in year 2050 across SSPs. 

 

 

The Figure continues on the next page. 
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Figure A.2: Visualization of the projected global fossil fuel energy trade network at country scale under 

SSP2, SSP3, and SSP4 in year 2050. 

 

The region of MENA, which includes the countries of Saudi Arabia, Iraq, United Arab Emirates, 

Kuwait, Iran, Qatar, Algeria, Oman, Libya, Egypt, Yemen, Bahrain, Tunisia, Lebanon, Israel, and 

Turkey, is the biggest exporter of energy in the world with nearly 50% of the energy outflow of 

the global energy market in 2016. Figure A.3 is the energy outflow of the Middle East and North 

Africa’s to other regions under different SSPs.  

 

Figure A.3: The Middle East and North Africa’s energy outflow to other regions under different SSPs. 
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Table A.3: The countries with net virtual water outflow and their total renewable water resources in year 

2016 (109 m3) 

 

Country 

 

Net virtual water            

outflow 

 

Total renewable 

water resources a 

Russia 2.11 4525.4 

Saudi Arabia 1.70 2.4 

Iraq 1.23 89.9 

United Arab Emirates 0.54 0.2 

Australia 0.49 492 

Kuwait 0.47 0.02 

Indonesia 0.45 2018.7 

Iran 0.42 137 

Norway 0.40 393 

Nigeria 0.35 286.2 

Angola 0.35 148.4 

Canada 0.31 2902 

Kazakhstan 0.27 108.4 

Colombia 0.24 2360 

Qatar 0.24 0.1 

Venezuela 0.23 1325 

Algeria 0.19 11.7 

Oman 0.16 1.4 

Mexico 0.12 461.9 

Libya 0.10 0.7 

Ecuador 0.09 442.4 

Azerbaijan 0.07 34.7 

South Africa 0.04 51.4 

Equatorial Guinea 0.03 26 

Brazil 0.02 8647 

North Korea 0.01 77.2 

Egypt 0.01 57.5 

Yemen 0.01 2.1 
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Country 

 

Net virtual water            

outflow 

 

Total renewable 

water resources a 

Bahrain 0.01 0.12 

Malaysia 0.01< 580 

Turkmenistan 0.01< 24.8 

       a: FAO (2020) 

 

Table A.4: The countries with net virtual water inflow and their total renewable water resources in year 

2016 (109 m3) 

 

Country 

 

Net virtual water                 

inflow 

 

Total renewable 

water resources a 

Sweden 0.01< 174 

Tunisia 0.01 4.6 

Lebanon 0.01 4.5 

Argentina 0.02 876.2 

New Zealand 0.02 327 

Bangladesh 0.02 1227 

Bulgaria 0.02 21.3 

Israel 0.03 1.8 

Czech Republic 0.03 13.2 

Lithuania 0.03 24.5 

Peru 0.03 1879.8 

Malta 0.03 0.1 

Hungary 0.03 104 

Ireland 0.04 52 

Latvia 0.04 34.9 

Slovakia 0.04 50.1 

Vietnam 0.04 884.1 

Denmark 0.04 6 

Ukraine 0.05 175.3 
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Country 

 

Net virtual water                 

inflow 

 

Total renewable 

water resources a 

Austria 0.06 77.7 

Panama 0.06 139.3 

Philippines 0.06 479 

Finland 0.07 110 

Switzerland 0.07 53.5 

Greece 0.07 68.4 

Belarus 0.07 57.9 

Hong Kong 0.08 2.6 

Portugal 0.08 77.4 

Pakistan 0.08 246.8 

Chile 0.09 923.1 

Poland 0.11 60.5 

United Kingdom 0.16 147 

Turkey 0.16 211.6 

Belgium 0.20 18.3 

Singapore 0.22 0.6 

Thailand 0.24 438.6 

Spain 0.31 111.5 

Netherlands 0.36 91 

France 0.36 211 

Italy 0.38 191.3 

Germany 0.64 154 

India 0.81 1910.9 

South Korea 0.98 69.7 

Japan 1.12 430 

United States 1.13 3069 

China 2.18 2840.2 

  a: FAO (2020) 
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