[image: image1]Modeling the systemic trade risk of crude oil from a network perspective, combined with a sentiment proxy

		ORIGINAL RESEARCH
published: 09 June 2023
doi: 10.3389/fenrg.2023.1178763


[image: image2]
Modeling the systemic trade risk of crude oil from a network perspective, combined with a sentiment proxy
Hao Chang*, Aiguo Luo, Yilin Zheng, Ridong Chang and Yifan Liu
Department of Biological Science and Technology, Jinzhong University, Jinzhong, China
Edited by:
Xiaohu Yang, Xi’an Jiaotong University, China
Reviewed by:
Xiaolei Sun, Chinese Academy of Sciences (CAS), China
C. T. Vidya, Centre for Economic and Social Studies (CESS), India
* Correspondence: Hao Chang, changhaofz3@outlook.com
Received: 03 March 2023
Accepted: 23 May 2023
Published: 09 June 2023
Citation: Chang H, Luo A, Zheng Y, Chang R and Liu Y (2023) Modeling the systemic trade risk of crude oil from a network perspective, combined with a sentiment proxy. Front. Energy Res. 11:1178763. doi: 10.3389/fenrg.2023.1178763

Introduction: Trade networks of crude oil are susceptible to cascade of initial shocks that increase systemic trade risks and threaten energy security. This study introduces a novel method of modelling systemic trade risk of crude oil which is combined with a sentiment proxy from a network perspective.
Method: We construct sentiment instability to evaluate the uncertainty of crude oil trade in a country and use the PageRank algorithm to measure supplier diversity from a network perspective instead of direct trade partners.
Result: At the global level, we show that the distribution of systemic oil trade risk has an obvious heterogeneity and a significant negative correlation between systemic trade risk of crude oil and trade volume volatility. At the regional level, we compare the systemic trade risk of crude oil between China and America and systemic trade risks show strongly significant correlations with the price volatility in both China and America. Furthermore, the structure of trade network can effectively reduce the systemic risk in America while it increases the systemic trade risk in China.
Discussion: Our results can give a reason for an irrational practice of Chinese crude oil imports which are “buying when the price is rising and not buying when the price is declining”.
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1 INTRODUCTION
With the development of the world economy, the continuous consumption of major fossil fuels and uncertain events on a global scale have impacted international trade. As an important part of international trade, crude oil trade also faces significant challenges. For example, due to the impact of COVID-19 on the crude oil industry, CAPEX, R&D investment, and exploitation projects in the crude oil market have been continuously reduced, and crude oil prices have been constantly fluctuating, posing a risk for the crude oil industry to lose its substantial energy market share (Norouzi, 2021). However, the volatility of crude oil prices has been identified as an obstacle to guaranteeing sustainable economic development as well as a catalyst of geopolitical crises (Sun et al., 2011; Haddadian and Shahidehpour, 2015; Lee et al., 2017). As oil supply shocks could propagate among trade channels (Maravalle, 2012), initial shocks may cause secondary effects, which eventually propagate through the entire interconnected trade network. Naturally, an external shock to any single country in the global oil trade network can spread through the entire network and potentially threaten the stability of the trade system, an effect termed the systemic trade risk of crude oil. With the increasingly interconnected trade system and the intense concern regarding oil supply security, there is an urgent need to assess the systemic risk level of oil trade networks, which would allow policymakers to understand potential threats to oil supply and manage the risk induced by the price volatility of crude oil.
Systemic risk measurement is an attempt to quantify the occurrence of contagion or a widespread shock resulting in a failure in a large fraction of a system (Neveu, 2018). For an interconnected system, an initial shock may propagate to cause cascades of subsequent failure (Haldane and May, 2011). The vulnerability of a system to such cascading effects can be modeled by complex network theory and assessed by its centrality measures (Grubesic et al., 2008; Simonsen et al., 2008; Battiston et al., 2012; Thurner and Poledna, 2013). Previous studies on the measurement of systemic risk mainly focused on the field of finance as a result of the impactful global financial crisis that began in 2007 (May and Arinaminpathy, 2010). Recently, trade protectionism is gradually growing and threatens economic globalization such as trade frictions between China and America. As it is increasingly clear that the security of resource supplies can only be understood in a framework that considers the global interconnections among systems of trading (Erdmann and Graedel, 2011), recent studies are gradually paying increased attention to the systemic trade risk of resources (Peter et al., 2015; Sun et al., 2017; Chen et al., 2018).
As an important derivative and strategic resource, the risk of crude oil is closely related to investor sentiment because of the impacts of geopolitics and macroeconomics (Qadan and Nama, 2018). However, previous studies on systemic trade risk have hardly considered investor sentiment. In this paper, we used simultaneously network-based analysis and investor sentiment to assess the systemic trade risk level of crude oil. At the global level, we observed a high-level heterogeneity of the distribution for both systemic and local trade risks. Furthermore, we used country-level panel data covering 103 countries for the period 2008–2015 and employed a random-effects model to investigate the relationship between trade risk and trade volume volatility, the results of which showed that most countries tend to adopt conservative trade strategies and guarantee the stability of oil trade volume to deal with high trade risks. At the regional level, we compared the trade risks of the largest developing country—China—and the largest developed country—America—which are also the two largest crude oil consumers. We showed that the volatility of crude oil prices in China and America were closely related to specific network centrality measures that we proposed to quantify systemic trade risk. This close relationship largely depended on the structural properties of the entire trade network rather than the local trade risks. Furthermore, we found that the network effects were conducive to a reduction of the American systemic trade risk and an increase in Chinese systemic trade risk.
This paper contributes to the literature in two ways. First, this study constructed sentiment instability to quantify the trading uncertainty in a particular market. Second, this study investigated the vulnerability to supply shocks in crude oil from a network perspective instead of directly importing channels. The corresponding results strongly emphasized the effects of entire trade networks on reducing systemic trade risks. Such findings are important for policymakers designing and implementing policies to manage the trade risks of crude oil.
The structure of this paper is as follows. The next section presents a literature review on measuring systemic trade risk and the theoretical basis for constructing our sentiment proxy. Section 3 describes the data, our network model, and the network centrality measurements. Section 4 presents and explains the empirical results. Finally, Section 5 provides the conclusion and policy implications.
2 THEORETICAL BACKGROUND
Systemic risk is often defined as the risk that a large fraction of a system will collapse as a consequence of seemingly minor and local shocks that initially only affect a small part of the system. Because of the interconnectedness of the systems, these shocks may cause secondary effects that eventually propagate throughout the entire network. Awareness of systemic risk has greatly increased in the finance literature in the wake of the 2008 financial crisis (Billio et al., 2012; Huang et al., 2009). For financial systems, systemic risk is, to a large extent, a network effect in which external shocks to a single financial institution result in a sudden reduction of financial flows to other institutions, causing distress for them as well (Haldane and May, 2011). This chain of reduced financial flows can spread through the system, potentially leading to positive feedback dynamics and resulting in a strong reduction of the total net worth of financial institutions (Calvo et al., 2004). Relevant research has confirmed the cascade conduction effect of networks and the impact of network structure on network function (Jia et al., 2020; Jia et al., 2019; Li et al., 2022; Li et al., 2018).
It is becoming increasingly clear that resource production and trade systems have gradually formed a global interconnected network. Snyder and Kick (1979) were the first to study the international trade system, examining the flow relationship of trade by constructing an international trade network. Fagiolo et al. (2010) used measurement indicators such as the degree distribution and the cumulative intensity distribution of weighted networks to explore the evolutionary trends of trade risk networks among countries over time. Jia et al. (2023) studied the transmission of tungsten product price fluctuation in trade activities between the Chinese domestic market and international trade market from the industry chain perspective. The Chinese domestic market was embedded into the international trade market to construct a price fluctuation transmission network (network-in-network) in the tungsten industry chain. With the increasingly mature development of network theory, some scholars have also used network theory to examine the spatial correlation characteristics of international trade in crude oil. Ji et al. (2014) constructed a crude oil trade network and analyzed the overall characteristics, regional characteristics, and stability of the oil trade. Zhang et al. (2014) established a network of crude oil trade competition to analyze the evolution of crude oil trade competition patterns and communication methods and proposed a “5C” policy framework. Therefore, it is necessary to explore the system trade risks of crude oil from a network perspective.
Sun et al. (2017) summarized the measurement method of systemic trade risk of crude oil from previous studies and divided it into a diversification index to attempt to identify the risk factors. The former aimed at investigating supplier diversification, while the latter aimed to assess trade uncertainty in a country.
Basically, diversifying supply sources is helpful to reduce specific risk, which is often induced by some events uniquely related to individual supplier nations. Therefore, supplier diversification can reduce disruption vulnerability from a specific supplier source in theory and practice (Wu et al., 2007; Cohen et al., 2011; Yang et al., 2014). Usually, relying on a single supplier source exposes a company to risks such as political instability, natural disasters, or economic crises that may occur in that specific supplier’s country. By diversifying supplier sources, a company can spread its risk across multiple suppliers, reducing the impact of any disruptions that might occur in one supplier’s country on the company’s operations. Supplier diversification can also contribute to healthy competition between suppliers, which can lead to better pricing, quality, and innovation (Wu et al., 2007; Cohen et al., 2011; Yang et al., 2014). In summary, supplier diversification is a reliable and effective risk management strategy that can help companies to achieve long-term success and sustainability in their operations. Lesbirel (2004) found that supplier diversification can lead to improved energy supply security by reducing the impact of supply disruptions from specific sources. Japan’s policy of importing energy from a diverse range of sources has been effective in mitigating the risks associated with overreliance on particular suppliers and emphasizes the importance of supplier diversification in ensuring reliable and secure energy supplies.
Wu et al. (2008) evaluated the systemic risk of China’s petroleum product imports and emphasized the importance of supplier diversification as a means of mitigating these risks and improving energy supply security. Global diversification can reduce dependence on a single supply source; thus, reducing the risk of energy supply interruption and diversifying energy supply sources can also reduce the possibility of market monopolies, thereby increasing transparency and market stability (Bahgat, 2006; Yergin, 2006; Ladislaw, 2007; Cohen et al., 2011). Therefore, policymakers should consider promoting the global diversification of supply sources to enhance the security of energy supplies. Even though a country may receive imports from a large number of countries, the ultimate source of those imports may be just one country, making the importing country vulnerable to supply shocks if the source country experiences disruptions. In this case, a supplier diversification index that measures the number of direct suppliers will overestimate the degree of diversification and underestimate its vulnerability to supply shocks. Therefore, we used PageRank to measure the global diversification of oil supply. PageRank is a popular algorithm used by search engines to rank web pages based on their relevance and importance. This method offers some advantages over traditional diversification indexes that rely on direct trade flows with neighboring countries. Considering the entire global network of oil trade relations provides a more comprehensive measure of diversification that accounts for indirect relationships and dependencies between countries (Newman, 2010). In summary, this method considered both diversification and measured the network’s ability to withstand shocks from the perspective of the entire network, enabling a comprehensive analysis of the systemic trade risks of crude oil.
Risk factors also can be used to assess trade uncertainty levels in a particular country. Some of these risk factors include political risk, economic risk, legal and regulatory risk, environmental risk, and social risk. For instance, Peter et al. (2015) used political instability and trade barriers as risk factors to evaluate the risk level of a particular country, to help identify potential obstacles to doing business in a particular country, and to develop strategies to mitigate these risks. Gupta (2008) used eight selected indicators to assess the relative vulnerability of 26 net-importing countries, helping policymakers in these countries to better understand and develop strategies to mitigate the potential risks they face. Le Coq and Paltseva (2009) proposed an index to better evaluate the risks associated with the external energy supply of a country. Their index was based on four indicators: energy dependence, diversity of supply sources, level of import concentration, and the political stability of energy suppliers. Sun et al. (2017) developed a model for assessing the systemic risk associated with global crude oil trade. The model was based on four risk factors: availability, accessibility, acceptability, and affordability. Based on an analysis of previous literature, the fundamental factors that influence the long-term supply and demand of crude oil generally do not change significantly in the short term. However, it is important to note that short-term changes can also impact the demand and supply of crude oil, leading to short-term price volatility and potential systemic risk. As a result, it remains necessary to assess and manage these short-term risks to ensure stability in the global crude oil trade. For instance, the price of crude oil in 2008 was approximately 140 USD per barrel while the price of crude oil in 2009 dropped to approximately 40 USD per barrel. Thus, while fundamental factors impact the price of crude oil, market psychology also plays a role in price fluctuations. In general, market psychology reflects the behavior and sentiments of investors. Investor sentiment, speculation, and panic-buying or selling can have a significant impact on oil prices, especially in the short term. Geopolitical factors can be difficult to measure, and traditional risk factors may not fully capture the potential impact of political risks on oil prices. A sentiment proxy can provide a more nuanced view of the market and consider factors that may not be captured by traditional risk measures (Correlje and van der Linde, 2006). By including sentiment proxy, investors can gain a better understanding of the potential risks and uncertainties in the crude oil market.
The term “sentiment” can have different meanings depending on different research fields. In finance and investment, sentiment is often used to describe investor emotions and attitudes toward the market or specific assets. Brown and Cliff (2004) defined sentiment as the overall sense of optimism or pessimism in the market, which can affect investment decisions and market behavior. Long et al. (1990) linked sentiment to noise trading, which refers to buying or selling stocks based on rumors or emotions rather than fundamental analysis. Baker and Wurgler (2006) defined “investment sentiment” as the overall attitude of investors toward the market or specific assets. Economic psychology studies have found that individuals may change their online searching behavior in response to changes in market uncertainty. This occurs because, during times of uncertainty, investors may seek more information and use search engines to gather more knowledge about a specific market or investment (Lemieux and Peterson, 2011; Abbas et al., 2013). The Google search volume index (GSVI) can provide insights into how the general population is searching for information related to specific assets or topics, which can be indicative of overall sentiment toward those assets or topics, and provides a direct measure of market attention (Andrei and Hasler, 2015). Therefore, we used the GSVI as a sentiment proxy to quantify the trading uncertainty in a particular market.
In the field of economic psychology, the relationship between investor sentiment and risk continues to be a topic of debate. The affect infusion model suggests that positive sentiment reduces risk aversion, which would indicate a positive relationship between investor sentiment and market risk (Forgas, 1995). The mood maintenance hypothesis proposes that positive sentiment increases risk aversion, indicating a negative relationship between investor sentiment and market risk. To avoid getting involved in the debate of these two competing streams, we made the following hypothesis: the volatility of the Google search volume index (or sentiment instability) could reflect the risk level of a particular country; moreover, the hypothesis suggests that changes in the level of investor sentiment could be an indicator of increased or decreased risk in the market. Our hypothesis suggested that investor sentiment can be used as a proxy for trade uncertainty and overall risk level in a country. By assuming that sentiment instability is directly related to the risk level of a country, the model can provide insights into the potential impacts of changing sentiment on investment decisions and market outcomes, including changes in capital flows, asset prices, and overall market volatility.
In summary, this study constructed a network of crude oil system trade risk from a network perspective using the PageRank method and combined sentiment proxy as risk factors to explore their role in this network.
3 DATA AND METHODOLOGY
3.1 Data
The data used to describe the crude oil trade in this paper were downloaded from the UN Comtrade website on May 11, 2018. The website contains all export and import flows (both trade volume and trade value) among 103 countries from 2008 to 2015. The commodity name is Crude oil, and its HS code is 2709. We used the variance in trade volume (kg) to represent the volatility of trade volume. The data on price volatility in year t of country [image: image] was the log-return of the trading price (USD/kg) in year [image: image] of country [image: image], which was calculated by dividing the crude oil trade value in year [image: image] of country [image: image] by the crude oil trade volume of country [image: image].
The data for the Google searches were extracted from the Google Trends website (https://www.google.com/trends/correlate). Although professional platforms such as Bloomberg and Reuters provide more accurate information about the crude oil and capital markets, we used data from Google searches to construct a sentiment proxy to estimate uncertainty in a country for two reasons. First, based on the availability of data, Google searches can provide information on worldwide investors from the corresponding 103 countries. Second, a previous study revealed that the results of Google searches are broadly consistent with theories of investor sentiment (Da et al., 2015). We aggregated the monthly Google search volume index (GSVI) of a series of keywords related to “crude oil” from January 2008 to December 2015 for 103 countries. GSVI values range from 0 to 100 and refer to the total number of searches in a country for a term relative to the total number of searches performed on Google over time. The higher the GSVI of a country, the more the attention that corresponding investors pay to crude oil. We obtained the sentiment instability in country [image: image] in year [image: image], [image: image], by calculating the standard deviation of GSVI in country [image: image] in year [image: image]. High [image: image] values indicated high sentiment instability, corresponding to high uncertainty of crude oil trading in country [image: image].
3.2 Constructing trade risk networks
We first constructed the directed and weighted network of international crude oil trade flows [image: image]. The entries in [image: image] represent the amount of crude oil (in kilograms) that flows from country [image: image] to country [image: image] within year [image: image].
The network-based vulnerability of country [image: image] occurs due to shocks in the trade network of crude oil because of trade uncertainty from another country [image: image]. Exporters can affect the trade risk of their importers through trade relations. Therefore, we constructed the trade risk network of crude oil [image: image] using Equation 1.
[image: image]
where [image: image] is the fraction of country [image: image]’s imports of crude oil from country [image: image] within year [image: image], weighted by the sentiment instability of country [image: image]. The exporter [image: image] can transmit its sentiment instability to its importers through trade relations. As the higher sentiment instability of country [image: image], country [image: image] receives a higher trade risk, which is proportional to the [image: image], which is the fraction of country [image: image]’s imports of crude oil from country [image: image] within year [image: image]. In this sense, our model is similar to that of Peter et al. (2015), who investigated political stability through trade relations.
3.3 Network measures and corresponding connotation
Networks consist of a set of nodes (in this paper, countries that participate in the trade of international crude oil) that are connected by links (oil trade risk flows). The matrix [image: image] is, therefore, representative of all worldwide oil trade risk flows between each pair of countries in year [image: image]. The directions of the links represent the directions of supply shocks to importing countries. The weights of the links represent the strengths of the oil trade risk flows, which in our case can be understood as the likelihood of risk transmission. The weights in our model were evaluated according to their dependence on exporting countries and market sentiment in exporting countries. On the one hand, importing a large percentage amount of crude oil from a minor number of exporting countries is more likely to be affected by external supply shocks than importing a small percentage amount of crude oil from a large number of exporting countries. On the other hand, imports from countries whose market sentiments are unstable are more likely to be affected by potential supply shocks than are imports from countries whose market sentiments are stable.
3.3.1 In-degree: oil supply diversity
The degree of a node in a network is defined as the number of links of a given node (Newman, 2010). The out-degree in our case was the number of export links a country had with others, while the in-degree was the number of import links.
The in-degree value of [image: image] was computed using Formula 2, in which if country [image: image] imports crude oil to country [image: image] in year [image: image], there is a link from node [image: image] to node [image: image], and [image: image]. Otherwise, no link is drawn, and [image: image].
[image: image]
A higher in-degree value indicated a wider range of a country’s directed imports and implied a higher local oil supplier diversity.
3.3.2 In-strength: local trade risk
While the degree of a node merely depends on the number of links, the strength of a node also considers their weights (Newman, 2010). The in-strength [image: image] is the sum of the weights of all links that point toward node [image: image]. This can be calculated by Formula 3, where [image: image] is the weights of the links from node [image: image] to node [image: image] in year [image: image].
[image: image]
The in-strength [image: image] of the oil trade risk network only considers the dependence on exporting countries that have direct trade relations with country [image: image]. To consider local supplier diversity, we use Formula 4 to calculate the local trade risk of country [image: image].
[image: image]
The lower the local supplier diversity and the higher the dependence, the higher the local trade risk. We defined [image: image] as the local trade risk of country [image: image] because this index is not related to the network effect and is based on trade flows with direct neighbors in the trade risk network.
3.3.3 PageRank: systemic trade risk
The PageRank algorithm derives from ranking the importance of websites. The basic intuition is that the more important the websites are, the more likely these websites are to be linked from other websites, even when there is no direct link between these websites. In this paper, the PageRank indicates the likelihood of being affected by supply shocks in any other countries, even when there is no direct trade relationship between these countries.
The PageRank [image: image] of country [image: image] in the trade risk network for crude oil in year t is given by solutions to the recursive Equation 5, where the parameter [image: image], which ranges from 0 to 1, can be understood as the contribution to supply shocks due to effects that are related to the trade risk network (Newman, 2010). Without explicitly stating it, we adopt the convention to set [image: image].
[image: image]
The PageRank, [image: image], is a measure of how likely country [image: image] is to be affected by supply shocks from any other country in the trade risk network. It represents a vulnerability to the overall supply shocks, which is closely related to the network effects and based on trade flows with not only direct neighbors but also indirect neighbors.
We used the schematic diagram shown in Figure 1 to elaborate on the difference between local and systemic trade risks. Country A imports crude oil from three countries with low sentiment instability, which are represented as three green nodes. Using Equation 4, the local trade risk of country A is low because all directed exporters of country A are stable. However, the systemic trade risk of country A is relatively high as its exporters are all influenced by the same country with an unstable sentiment.
[image: Figure 1]FIGURE 1 | Schematic diagram for the construction of the oil trade risk network.
4 EMPIRICAL RESULTS AND DISCUSSION
4.1 Global results: systemic oil trade risk of 103 countries
4.1.1 Description of oil trade risk
As shown in Figure 2, higher local trade risk generally corresponds to higher systemic trade risk. Uganda, the third-largest oil storage country in Africa, showed the largest systemic trade risk during 2008 and 2015. The government in Uganda aimed at promoting its economy through crude oil trade; however, Uganda showed no real progress on pipeline laying in East Africa. Therefore, poor infrastructure exacerbated the risk of its crude oil marginalization as well as its systemic trade risk and kept the crude oil in Uganda from the international crude oil market. Oman, a crude oil-exporting country in the Middle East, showed the second largest systemic trade risk. Oman is the only country in the Middle East that has not joined the seven crude oil exporting countries and independently provides monthly prices for its crude oil. China and America are the largest importing countries, but China has the largest local trade risk and large systemic trade risk. Furthermore, as shown in Figure 3, the distribution of trade risks among 103 countries showed obvious heterogeneity, implying that a minority of countries had high trade risks.
[image: Figure 2]FIGURE 2 | Systemic trade risk versus local trade risk for 103 countries.
[image: Figure 3]FIGURE 3 | Distribution of systemic trade risk among 103 countries.
4.1.2 Trade risk and trade volume volatility
We used country-level panel data covering 103 countries for the period 2008–2015 and employed a random-effects model to investigate the relationship between trade risk and trade volume volatility as shown in Table 1. In all situations, the relations between trade risks and volume volatility of crude oil were negative and statistically significant, implying that most countries tend to take conservative trade strategies and guarantee the stability of oil trade volume to deal with high trade risks. When local trade risk was combined with sentiment proxy, the significance of the relationship between local trade risk and trade volume volatility changed from the 1 percent level to the 10 percent level. However, when systemic trade risk was combined with sentiment instability, it still showed a statistically significant relationship with trade volume volatility, implying an improving ability to predict trade volume volatility. This suggested that sentiment instability may be a more useful measure for predicting trade volume volatility because it factors in global events and sentiment, which can have a significant impact on international trade. On the other hand, local trade risk and systemic trade risk may provide important insights into specific challenges and risks faced by individual countries in their domestic and international trade. In summary, these findings highlighted the importance of considering multiple factors and measures when analyzing trade risks and predicting trade volume volatility. By taking a comprehensive approach, policymakers and businesses can better understand the complex and dynamic nature of international trade and develop effective strategies to manage risks and promote growth.
TABLE 1 | Regression results for full samples.
[image: Table 1]Overall, at the global level, we observed high-level heterogeneity in the distributions of both systemic trade risk and local trade risk. Moreover, the relationship between trade risk and trade volume volatility could not be influenced by sentiment. Specifically, whether or not combined with sentiment, systemic trade risks could better predict trade volume volatility.
4.2 Regional results: comparison of oil trade risks between China and America
To better understand the inner nature of systemic trade risk, we compared oil trade risks between China and America. These countries are not only the two biggest economies in the world but are also the two largest consumers of crude oil. Predictably, their dependence on crude oil importation makes them susceptible to crude oil supply. Any risk in the global crude oil trade network may cause volatility and even threaten their energy security. In this section, we compared their crude oil trade risks from direct neighbors and their systemic crude oil trade risks, which are affected by the whole trade network, to reveal the inner differences in oil trade risk between China and America.
4.2.1 Price volatility and network effects
As price volatility is a general origin of crude oil trade risks (47;48), we calculated the correlations of systemic trade risk, local trade risk, and price volatility in China and America as shown in Table 2. We observed a significant correlation ([image: image] = 0.300**) between price volatility of crude oil and systemic trade risk in China. Both local trade risk and network structures contributed to this result. To illustrate the impact of higher-order network effects on the price volatility of crude oil, we calculated the linear partial correlation ([image: image]) between systemic trade risk and price volatility, controlling the influence of local trade risk. After removing the influence of direct neighbors in the network, this linear partial can be interpreted as the amount of variance in the price volatility of China that can merely be explained by knowledge of the entire trade risk network. We found that [image: image], which meant that approximately 93% of the original correlation between price volatility and systemic trade risk ([image: image] = [image: image]) could be attributed to genuine network effects. The same results were obtained for America. After controlling for the influence of local trade risk, we obtained a partial correlation ([image: image] = [image: image]) between price volatility and systemic trade risk and 81% contributions of genuine networks. This result suggested that the indicator of systemic trade risk is indeed systemic, meaning that this indicator reflects risks that have the potential to impact the global economy as a whole. The results further indicated that the significant correlation between systemic trade risk and price volatility was driven more by the structure of the global trade networks as a whole, rather than by the risks posed by individual trading partners (direct neighbors). In other words, the risks associated with systemic trade risk were more systemwide in nature and had the potential to affect a wider range of countries and markets than those associated with local or bilateral trade risks.
TABLE 2 | Correlations of trade risk and price volatility in China and America.
[image: Table 2]4.2.2 Systemic oil trade risk and network effects
To further uncover the impact of trade network effects, we studied the influence of the coefficient α, which is the fraction of the network contribution. When α = 0, the network contributions in Equation 5 were completely eliminated and the likelihood of being affected by supplier shocks for any country was equal. We increased the weight of the network contributions by increasing the value of parameter α from 0 to 1. As network contributions increase, countries inherit more systemic trade risk if they import from countries that are systemically risky. When α = 0, the indicator “systemic trade risk” is dominated by the recursive network effects. As shown in Figure 4, the systemic oil trade risk of China increased rapidly as α varied from 0 to 1, while the systemic oil trade risk of America decreased with increasing network contribution. This result suggested that the position of countries in global trade networks has an impact on their systemic trade risks. Specifically, America has a superior position in the international crude oil trade network, which may mitigate its systemic oil trade risks. Conversely, China has a relatively inferior position in the global trade system, which contributes to its high systemic oil trade risks. This indicates that a country’s position in global trade networks is an important factor in determining its level of systemic trade risk, and may have important implications for its economic stability and resilience.
[image: Figure 4]FIGURE 4 | Variation in systemic trade risk with differing network contributions.
4.2.3 Evolution of trade risk
As big crude oil consumers, both China and America have urgent needs to monitor and manage their systemic oil trade risks. To shed light on the differences in their trade risk, we compared the evolution of their local and systemic oil trade risks, as shown in Figure 5. The local trade risks of China from 2008 to 2015 tended to decrease slowly, implying a continuous improvement in its local trade conditions. However, systemic oil trade risk increased from 2008 to 2011 and decreased from 2012 to 2015, which is far from the evolution of its local trade risk. In 2013, China launched the “One Belt One Road” initiative, which aimed at improving its trade situation. After that, the systemic trade risk of China dropped, although its local trade risk did not significantly decrease. In America, although its local trade risk obviously rose after 2012, its systemic trade risk stayed at a low level except in 2010. The explanation for this result is that its dependence on crude oil importation continuously decreased after the shale gas revolution. Thus, America’s reliance on imported crude oil has decreased since the shale gas revolution. This could be because the shale gas revolution has enabled America to produce more of its own energy resources domestically, reducing the need for imports, which has kept America in a superior position in the global trade network. The position of a country in global trade networks is an important factor in determining its trade risk level. Therefore, America’s superior position in the international crude oil trade network may result in lower systemic trade risk for the country in that specific sector.
[image: Figure 5]FIGURE 5 | Evolution of trade risk.
Wu et al. (2009) reported an irrational practice of Chinese crude oil imports, described as “buying when the price is rising and not buying when the price is declining.” Our results can give a reason for this irrational practice. China faces significant systemic trade risks regarding crude oil due to its heavy reliance on imports. While China may be able to optimize its local trade situation to reduce its local trade risk, it is still subject to systemic risk in the larger trade network. Additionally, high crude oil prices lead to high trade risk for importing countries like China. As a result, even if China does not want to follow certain crude oil import practices, it may have to do so to ensure the security of its crude oil supply.
Overall, at the regional level, we showed that the volatility of crude oil prices in China and America was closely related to specific network centrality measures that we proposed to quantify systemic trade risk. This close relationship largely depended on the structural properties of the entire trade network rather than the local trade risks. Furthermore, we found that the network effects were conducive to a reduction of systemic trade risk in America and an increase in systemic trade risk in China.
5 CONCLUSION
This study introduces a novel way to model the systemic trade risk of crude oil, which is combined with a sentiment proxy from a network perspective. We constructed sentiment instability using the standard deviation of the monthly Google search volume index in a certain country and used PageRank to calculate the systemic trade risk of crude oil, which indicated the likelihood of being affected by supply shocks in any other country. At the global level, the distribution of systemic oil trade risk showed an obvious heterogeneity among 103 countries. Furthermore, country-level panel data covering 103 countries for the period 2008–2015 and the use of a random-effects model revealed a significant relationship between systemic trade risk and trade volume volatility. At the regional level, as both China and America have an urgent need to manage their trade risks of crude oil, we compared their systemic trade risks of crude oil. First, we found that the systemic trade risk of crude oil was strongly and significantly correlated with price volatility in both China and America. Moreover, these correlations largely depended on the structure of the entire trade network other than local trade risks that are influenced by their direct trading partners. Second, as the contribution of network effects increased, the systemic trade risk of crude oil in America gradually decreased while that in China increased. Third, after China launched the “One Belt One Road” initiative in 2013, the local trade risk in China did not significantly decrease while systemic trade risk in China decreased, implying its improvement in oil trade circumstances. In contrast, after the success of the shale gas revolution in America, its dependence on crude oil importation declined but America still showed a low level of systemic trade risk of crude oil due to its superior position in the international crude oil trade network.
Several reasons may explain why specific countries are more prone to trade risks: 1 Political instability: Countries facing political instability or unrest may be at a higher risk of experiencing trade disruptions such as trade wars, embargoes, or sanctions. 2 Economic vulnerabilities: Countries with weak or underdeveloped economies may be more vulnerable to external shocks or fluctuations in global commodity prices, which can impact their trade volumes and increase risk. 3 Dependence on a limited range of exports: Countries heavily dependent on a limited range of exports may face significant risks if the demand for these goods decreases or if there is a disruption in the global supply chain. 4 Geopolitical locations: Countries located in regions of conflict or tension may be at a higher risk of experiencing disruptions to their trade due to geopolitical factors or security concerns. 5 Weak regulatory environments: Countries with weak regulatory frameworks or a lack of transparency in their trade practices may be at a higher risk of facing difficulties in conducting international trade. America, as the largest developed country, has strong economic stability, no geopolitical factors and national security issues, good regulatory environment, and reduced crude oil import demand after the shale gas revolution. These factors make America less prone to systemic trade risks than other countries. On the other hand, China is facing challenges such as regulatory compliance, intellectual property protection, and unfair competition from state-owned enterprises. The ongoing trade war has caused significant disruptions to global supply chains and trade flows. This has not only affected China’s exports to America but has also impacted its relations with other trading partners.
A number of policy implications emerge from our results regarding the systemic trade risk of crude oil. Although trade in crude oil inevitably involves some degree of imperfect information, better information transparency is needed to reduce uncertainty and stabilize the market psychology. Better transparency may encourage increased collaboration and communication among market participants, potentially leading to greater trust and more stable market conditions. Therefore, efforts to promote transparency in the crude oil market could play a key role in reducing systemic risk and improving the stability of global trade networks for crude oil. Furthermore, our results emphasize the contributions of network effects to systemic trade risk. Policymakers should consider the structure of the entire trading network to better understand the risks in the crude oil trade. In contrast to the elimination of systemic risk in financial networks by means of a systemic risk transaction tax (Poledna and Thurner, 2016), a systemic oil trade risk tax could also be applied to eliminate the systemic risk in the crude oil trade.
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