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Abstract 

Energy vulnerability indexes are scarce or rather non-existent. This work represents a first effort in this 

direction. Using bilateral trade energy flows and structural and institutional factors from the importer and 

exporter country, we generate a database through a deep learning-based methodology that exposes the intrinsic 

energy risks for natural gas, oil, and solid fossil fuels and the total economy between 1995 and 2023. These 

indices can provide valuable information regarding energy risks, which countries can consider reducing 

dependence on a single importer, diversify their exports, or even meet demand through domestic production. 

The analysis reveals clear temporal and country differences: in 1995, Central and Eastern Europe faced extreme 

natural gas vulnerability due to heavy reliance on Russian supply, while major oil importers such as Japan and 

Western Europe were highly exposed to foreign producers. Solid fossil fuel dependence primarily affected 

import-dependent European regions. By 2023, diversification strategies, improved institutional quality in 

exporting countries, and the expansion of renewable energy reduced exposure for several European nations, 

although significant risks persisted for some importers like Hong Kong, Bangladesh, the Netherlands, Turkey 

or Lithuania.  

Introduction 

The world is currently facing a polycrisis driven by the convergence of multiple geoeconomic factors, including 

wars, limited access to energy resources, and geopolitical tensions (WEF, 2025). These developments have 

increased volatility in global energy markets, driving up the prices of oil, solid fossil fuels, and gas, and 

consequently affecting both industrial competitiveness and household consumption. In particular, the conflict 

between Russia and Ukraine marked a critical turning point, leading to a sharp rise in gas prices and intensifying 

the challenges of the energy trilemma—balancing sustainability, security, and affordability (WEC, 2024).  

In response to these risks, countries have diversified their energy sources, investing in renewable energies, and 

broadened their range of import partners, often aligning with states that share similar governance and 

ideological profiles, phenomena known as powershoring (Arbache, 2022). For example, REPowerEU Plan aims to 

reduce dependence on fossil-fuel imports and accelerate the green transition in the EU (European Commission, 

2022). Similarly, the Inflation Reduction Act (U.S. Congress, 2022) and subsequent Executive Orders (The White 

House, 2025) promote domestic energy production with the goal of securing energy supply. Also, in China the 

14th Five-Year Plan (2021–2025) (NDRC, 2022) pursues energy security through centralized planning and 

technological innovation. 

Despite energy security being in the centre of national policy agendas, the academic literature on this topic 

scarce or rather non-existent (Aiyar, Presbitero, & Ruta, 2023). Consequently, this paper is the first effort to 

tackle the topic of energy vulnerability. Energy security be defined as the uninterrupted availability of energy 

sources at an affordable price (IEA, 2014).  Considering this, a novel methodology is proposed that leverages 

a deep learning approach to calculate an index of energy vulnerability for the total economy and the three most 

critical energy raw materials—oil, solid fossil fuels and gas—across 65 countries from 1995 to 2023. The model 

integrates structural country-level features (e.g., production-consumption ratios, supplier diversification) and 

institutional factors (e.g., exporter political alignment, institutional quality) to provide an evaluation of the 

country risk exposure to geopolitical threats 

Between 1995 and 2023, global energy vulnerability has experienced significant shifts due to changes in 

production, consumption, and supply diversification. Natural gas vulnerability increased overall, largely driven 
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by price volatility, although LNG imports and institutional improvements have reduced risks for some 

countries. In 1995, gas risk affected importers like Belgium, Portugal, and Hong Kong, while self-sufficient 

producers remained relatively safe. By 2023, diversification and stronger institutions lowered exposure in 

several countries, yet key importers such as Portugal, Turkey, and Hong Kong still face medium to high 

vulnerability. Oil vulnerability was high particularly for Japan, Europe, and Hong Kong, due to reliance on 

politically unstable supplies. Some countries reduced their risk through domestic production or secure imports, 

while others, including Switzerland, the Philippines, and China, saw vulnerability rise. Vulnerability to solid 

fossil fuels has increased moderately, remaining lower than oil or gas due to stable supply patterns. Some 

countries reduced their exposure through lower consumption or diversified imports, while others still face 

rising risks. 

Overall, total energy vulnerability has declined thanks to greater domestic production and the growth of 

renewables. However, import-dependent countries, including Hong Kong, Turkey, and Lithuania, continue to 

face medium to high risks, reflecting uneven progress in global energy security. 

This paper is divided into 6 sections. Section 2 outlines the theoretical and conceptual framework, research 

hypothesis, data and explain the deep learning approach. Section 3 presents the results. Section 4 offers 

conclusions and discussion while Section 5 proposes policy recommendations. 

 

2. State of the art (expand but it will not be included in Nature version) 

To date, the World Energy Council (WEC) index is the only temporal and cross-country measure of energy 

security. Although widely used, it has been criticized for methodological limitations and for failing to capture 

the multidimensional nature of energy security (Šprajc, Bjegović, & Vasić, 2019). Several alternative indices 

have been proposed. Gnansounou (2008) developed a composite index assessing energy demand vulnerabilities 

based on energy intensity, oil and gas import dependence, CO₂ content of primary energy supply, electricity 

supply weaknesses, and the lack of diversity in transport fuels. Gatto and Busato (2020) proposed an index 

including electricity access, energy intensity, energy imports, and fuel exports. Similarly, Gatto and Drago (2020) 

introduced a composite indicator based on three pillars—energy access, energy efficiency, and renewable 

energy—using interval-based methods to capture uncertainty. Other attempts include Gupta (2008), who 

applied factor analysis to weight dimensions, and Kim et al. (2025), who used a Herfindahl–Hirschman Index 

(HHI)–based approach to measure energy market concentration, integrating political risk adjustments to assess 

vulnerability to supply disruptions. While informative, these approaches tend to oversimplify a 

multidimensional problem without considering non-linear relationships among variables, assumptions in 

weighting variables, importing and exporting characteristics, or providing data across years, countries, and 

products. 

2. Theoretical framework  

As a theoretical framework we develop a modified version of the trade model proposed by Antràs (2016). Our 

model consists of a world with 𝐽 consumer countries that consume 𝑤 goods 1— in our case energy products 

such as oil, solid fossil fuels and gas. Preferences are identical everywhere in the world and given by: 

𝑈𝑗 = ∑∑ 𝛽𝑖𝑗log 𝑞𝑖𝑗,𝑤 ,               ∑𝛽𝑖𝑗

𝐼

𝑖=1

=  1                                  (1)
𝑤€𝛺𝑖𝑗

𝐼

𝑖=1

 

Each consumer countries is represented by 𝑗, whereas imported countries by 𝑖. 𝛽 represents the share of 

country 𝑗’s expenditure on energy originating from 𝑖. The 𝑞𝑖𝑗,𝑤 represents the demand of good 𝑤, while  𝛺𝑖𝑗    

denotes the set of all products considered for country 𝑗 originating from country 𝑖. These goods can either be 

imported (𝑖 ≠ 𝑗) or produced domestically (𝑖 = 𝑗).  

The total demand of energy goods from consumption country 𝑗 is given by 𝑄. In equation 2, consumption 

shares are additive of goods 𝑤. Since energy goods 𝑤 are largely independent and not easily substitutable 

(Serletis et al., 2010a; 2010b), their cross-price elasticities are zero. 

 
1 We will use the terms ‘goods’ and ‘energy goods’ interchangeably, but this model focuses on energy goods trade. 



𝑄𝑗 = ∑ ∑ 𝑞𝑖𝑗,𝑤
𝑤€𝛺𝑖𝑗

𝐼

𝑖=1

 (2) 

Based on equation (2), the share of each country’s consumption from each origin can be defined as: 

𝑠𝑖𝑗 = 
∑ 𝑞𝑖𝑗,𝑤𝑤€𝛺𝑖𝑗

𝑄𝑗
                      (3) 

In our model, individual demand is given by equation (4), where 𝐸𝑗 represents the total expenditure of country 

𝑗; 𝛽𝑗𝑗  denotes the consumption proportion of domestic production; 𝑝𝑗𝑗(𝑤) is the domestic price of good 𝑤; 

𝛽𝑖𝑗 is the proportion of imported consumption, 𝑝𝑖(𝑤) is the external price of good  𝑤 from country 𝑖. 𝜏𝑖𝑗 

captures the institutional quality of the exporting country, 𝛾𝑖𝑗 represents inherent transport costs between 𝑖 and 

𝑗, 𝑓(𝑑𝑖𝑗)   denotes the effect of country political distance. 

𝑞𝑖𝑗,𝑤 = 

{
 
 

 
 𝛽𝑗𝑗𝐸𝑗

1

𝑝𝑗𝑗(𝑤) +  𝜀
            𝑖 =  𝑗

𝛽𝑖𝑗𝐸𝑗
𝑓(𝜏𝑖𝑗)

𝑝𝑖(𝑤) + 𝛾𝑖𝑗 +  𝑓(𝑑𝑖𝑗)    
     𝑖 ≠ 𝑗

}
 
 

 
 

   (4)        

 

Where 𝐸𝑗 is given by (5): 

𝐸𝑗 = ∑ ∑ 𝑝𝑖𝑗,𝑤𝑞𝑖𝑗,𝑤               (5)

𝑤€𝛺𝑖𝑗

𝐼

𝑖=1

 

The level of domestic production is limited by available energy reserves, such that 𝑞𝑗𝑗,𝑤 ≤  𝑅𝑗,𝑤
𝑟𝑒𝑠 , where 𝑅𝑗,𝑤

𝑟𝑒𝑠 

represents the reserves or capacity available in country 𝑗 to produce good 𝑤. If reserves are insufficient, 

domestic production falls and the demand is met through imports. From this, we can obtain the total domestic 

production for each country given by (6). 

𝑌𝑗
𝑑𝑜𝑚 = ∑ 𝑞𝑗𝑗,𝑤                   (6)

𝑤€𝛺𝑗𝑗

 

The importing country may diversify its providers to reduce import risk (Cohen, Joutz, & Loungani, 2011). 

This is given by (7).  

𝐷𝑗  =   ∑𝜃𝑖𝑗
2

𝑖

     (7) 

When 𝐷𝑗 → 1, there is concentration in a few suppliers, and when 𝐷𝑗 → 0, there is high diversification. From 

this, we can obtain the level of exposure to risk of country 𝑗 from equation 8. 

 

𝑅𝑤𝑗 = 𝑅̅     − ∝ 𝑌𝑗
𝑑𝑜𝑚 −  𝛿∑𝑓(𝜏𝑖𝑗)     +  𝛤∑𝑓(𝑑𝑖𝑗)

𝑖≠𝑗

+  𝜃𝐷𝑗 + 

𝑖≠𝑗

𝜀𝑗      (8) 

The risk of country 𝑗 for energy product 𝑤, 𝑅𝑤𝑗 , depends on an average level of risk on the global landscape 

(𝑅̅). Higher domestic production 𝑌𝑗
dom reduces risk, while reliance on foreign suppliers, adjusted for institutional 

quality 𝜏𝑖𝑗 , and greater political distance 𝑑𝑖𝑗  reduce (𝛿)  and increase (𝛤) it respectively. Also, lower 

diversification of suppliers 𝐷𝑗  increases risk (𝜃), and 𝜀𝑗 captures idiosyncratic shocks.  

3.1 Conceptual framework and research hypothesis  

The conceptual framework introduces a novel model in which countries face two main sources of energy risks. 

Structural factors create vulnerabilities when countries lack sufficient domestic resources to be self-sufficient 



or rely heavily on a single foreign supplier (Cohen, Joutz, & Loungani, 2011), increasing their exposure to 

geopolitical disruptions. Institutional factors further amplify risk when imports come from countries with 

weaker levels of governance (Antràs, 2016; Kim et al., 2025) or significantly different political and ideological 

orientations (Bailey et al., 2017; Kim et al., 2025). See Figure 1 for a conceptual framework. 

 

 

Fig. 1. A conceptual framework about the country energy vulnerability given by structural and institutional 

factors.  

Source: Own elaboration 

We investigate three main hypotheses in this paper:  

• H1: Countries exhibit energy vulnerabilities in their energy supply due to import dependence from risk 

countries 

• H2: Energy-producing countries may still be exposed to risk despite having domestic resources, due 

to imports dependence.  

• H3: Some countries are more resilient than others to economic and geopolitical shocks in the energy 

sector. 

3.2 Data  

A panel dataset of international trade flows was constructed covering 65 importing countries2, for the raw 

materials most relevant to energy vulnerability (IEA, 2025) – namely gas, solid fossil fuels, and oil. These 

commodities accounted for approximately 81.3% of global energy consumption in 2024, with gas representing 

23.6%, solid fossil fuels 26.2%, and oil 31.6%. The dataset spans the period 1995–2023 and is based on BACI 

for oil and solid fossil fuels, which provides bilateral trade flow data for 200 countries at the HS 6-digit product 

level code while for gas is provided by the International Energy Agency.  

As import features, production-to-consumption ratio3 is considered since countries with a higher ratio are 

expected to have lower energy vulnerability (Gatto and Drago, 2020). This variable is calculated for, oil, solid 

fossil fuels and gas using data from Our World in data (OWID). Moreover, the Herfindahl-Hirschman index 

(HHI) is included representing the import concentration, as higher diversification of providers is expected to 

reduce vulnerability (Cohen, Joutz, & Loungani, 2011).  

Regarding the exporting countries, two features are included. First, Rule of Law: importing from countries with 

lower Rule of Law is expected to increase a country’s energy vulnerability (Antràs, 2016). Second, to capture 

differences in political alignment, which represents the divergence in positions on United Nations issues (Bailey 

 
2 Importing countries were selected due to data availability restrictions. 
3 Production is used instead of reserves because, in some countries, reserves are not immediately available for extraction 
(Welsby et al., 2021). Moreover, countries with higher reserves are expected to produce more, leading to a higher 
production-to-consumption ratio and, consequently, lower energy vulnerability. 



et al., 2017). This accounts for the fact that for some countries (e.g., Japan) importing from one country (e.g., 

Australia) may be more secure than importing from another (e.g., Saudi Arabia), and for others (e.g., Venezuela) 

importing from one country (e.g., Russia) may be more secure than importing from another (e.g., United States). 

Since our objective was to include the actual dependence of the importer country on others, the share of a 

country consumption that relies on foreign sources is calculated. We use, oil, solid fossil fuel and gas data from 

OWID, reported in TWh, and convert BACI trade data for oil and solid fossil fuels4 from tons to TWh using 

calorific values from the United Nations (2016).5 All features were standardized to ensure comparability across 

countries and years.  

 

3.3. Networks & Deep Learning 

Let 𝑋(𝑡,𝑤) ∈ ℝ𝐷𝑥𝑁   be the input feature matrix for year 𝑡 and product 𝑤, where 𝐷 is the total number of nodes 

(countries) and 𝑁 is the total number of features. This matrix can be partitioned into importer and exporter 

features as  

𝑋(𝑡,𝑤)importer ∈ ℝ
𝑁imp×𝐹imp  and    𝑋(𝑡,𝑤)exporter ∈ ℝ

𝑁exp×𝐹exp  

where 𝑁imp  +  𝑁exp  = 𝐷   and  𝐹imp  +  𝐹exp  =  𝑁.    Here, 𝑁imp and 𝑁exp denote the number of importers and 

exporters, respectively, while 𝐹imp and 𝐹exp represent the number of features for importers and exporters. 

Further, let 𝐻𝑖 ∈  ℝ
𝐷 𝑥 ℎ𝑖   be the output matrix of the hidden layer 𝑖, being 𝑊𝑖 ∈  ℝ

𝐷 𝑥 ℎ𝑖 the weight of each 

hidden layer and 𝑏𝑖 ∈  ℝ
𝐷 𝑥 ℎ𝑖 be the corresponding bias  where ℎ𝑖 is the number of neurons in the 𝑖 hidden 

layer with ℎ𝑜 = 𝑁 and thus 𝐻𝑜 = 𝑋. Moreover, we denote 𝑧𝑖  (. ) as the activation function, in our case a 

Gaussian Error Linear Unit (GELU)6 function (Hendrycks and Gimpel, 2016).  Then, we calculate the output 

layer 𝐿 ∈  ℝ𝐷 𝑥 𝑆 , where 𝑠 is the number of modelled features (see equation 9.).  See Figure 2 for a graphical 

representation of the network. In the output layer the subscripts 𝑜, 𝑠 and 𝑔 refer to oil, solid fossil fuels and 

gas respectively. 

𝐿 = 𝐻𝑖𝑊𝐼+1 + 𝑏𝐼+1  (9) 

 

 
4 Gas data were reported in TWh by the IEA. 
5 For 0.05% of the sample, the import share exceeds consumption. In some cases, we assume this occurs to increase the 

proportion of reserves; in others, we imagine the country is acting as storage to later send goods to other countries. 
However, most of these cases are considered measurement errors in the BACI trade data. Therefore, when imports exceed 
consumption, we cap the value at 1. That is, a country cannot import more than it consumes.  
6 GELU is selected over traditional approaches like Rectified Linear Unit (ReLU) since due to its desirable attributes, 

including its smoothness and differentiability (Lee, 2023). 



 

Fig. 2. A conceptual framework about the deep learning approach developed. 

 

 

 

 

Since we do not have a dependent variable to compare against for minimizing the error, so we generate it using 

inductive methods. A self-supervised loss function is defined that guides the model (Bardes, Ponce and LeCun; 

2021) 

ℒ = 𝛼 ℒvar + 𝛽 ℒcorr + 𝛾 ℒsign    (10) 

ℒ refers to the total loss that the network tries to minimize (equation 10). The variance per node (ℒvar): 

maximizes the dispersion of the scores to avoid flat values. 𝛼 is associated with how much we want to maximize 

the variance of the scores (equation 11). 

ℒvar = −Var(𝑣̂)  (11) 

ℒcorr guarantee that the model is correlated with the features described in Section 3.1 and 𝛽 represents how 

much we want that the calculated index follows the directions of the features (equation 12). In our case, 𝑣̂ 

represents the vulnerability score for each importer, product and year, 𝑘 is the feature and 𝑠𝑘 is the expected 

direction that are based on Sections 3.1 and 3.2. So, what we want is to maximize the correlation between the 

index and the feature.  

ℒcorr = −
1

𝐾
∑ corr(𝑣̂, 𝑋importer

(𝑘)
⋅ 𝑠𝑘)

𝐾

𝑘=1

   (12) 

 

Correlation sign (ℒsign): It penalizes correlations that are contrary to economic theory, for both importers and 

aggregated exporters (equation 13).  

ℒsign = ∑GELU(−𝑠𝑘 ⋅ Cov(𝑣̂, 𝑋importer

(𝑘)
))

𝐾imp

𝑘=1

+∑GELU(−𝑠𝑙 ⋅ Cov(𝑣̂, 𝑋exporter-agg
(𝑙)

))

𝐾exp

𝑙=1

 (13) 

 



Where 𝑠𝑘 , 𝑠𝑙 indicates the expected direction. 𝑠𝑘 , 𝑠𝑙 ∈ {−1,1}       

ℒcorr guides the model to align predictions with the trend and magnitude of the features, penalizing deviations 

from the expected direction and smoothing the learning process, while ℒsign ensures that the scores maintain 

the correct sign regardless of slope. Together, these losses are complementary. ℒcorr aligns predictions with 

known relationships, and ℒsign prevents sign inversions, allowing the model to capture complex non-linear 

interactions among features. 

Each model is trained separately for each country, year and energy product. Inference is then performed year 

by year using the trained model, producing vulnerability scores for each importer. The model weights are 

optimized through backpropagation using the Adam optimizer (Kingma and Ba, 2015) and a dropout 

(Srivastava et al. 2014) to avoid overfitting. Each model produces a scalar vulnerability score through a final 

sigmoid activation (Narayan, 1997), which maps the output of the linear layer into the [0,1] range, representing 

the model’s estimated vulnerability probability. Finally, vulnerability embeddings were first scaled to a fixed 

(0,100) range using the 2nd and 98th percentiles of the distribution across all years, thereby reducing the 

influence of outliers. Then, embeddings were aligned to a common reference frame using Orthogonal 

Procrustes (Maystre et al. 2025) to make them comparable across years  

Finally, vulnerability indexes for each product are weighted by the proportion of total final consumption 𝑞𝑤 to 

calculate the total actual vulnerability for each country (𝑉) (see equation 14). Since we quantify each product 

consumption relative to total consumption, if countries produce more renewable energies7 will exhibit lower 

vulnerability, as these sources are assumed to be domestically produced. 

𝑉 =  𝑉𝑜𝑞𝑜  +  𝑉𝑠𝑞𝑠  +  𝑉𝑔𝑞𝑔   (14) 

4. Results 

Before discussing the observed results, it is important to emphasize that the data specifically reflect the risk 

associated with the product itself. A reduction in consumption does not necessarily translate into a lower risk. 

Even if a country decreases its reliance on a particular product, it may remain highly exposed if it lacks domestic 

production capacity or continues to depend on imports from countries with elevated risk or from states with 

which it has limited political alignment. For example, a country whose gas consumption represents only 5% of 

its total energy needs may still face significant vulnerability if that 5% is imported from a nation experiencing 

civil unrest. 

Figure 3: Energy vulnerability for oil. Left panel represents 1995, and right panel represents 2023 

 

 

Oil results are presented in Figure 3. Overall, oil risk is increasing over time with volatility. In 1995, oil-related 

vulnerability was high and widespread, particularly among major importers such as Japan, most of Europe, 

Marruecos, South Africa, Taiwan, Hong Kong or Singapore where values ranged between 70 and 100. In 1995, 

the main oil exporters were Saudi Arabia (15.2%), Norway (6.7%), and Russia (5.8%). For many years, it has 

 
7 In this group, we include solar, wind, biofuels, hydro, nuclear, and other renewable sources. 



been considered the highest-risk resource, as a large portion of its production comes from countries 

experiencing deteriorating institutional quality due to political and economic instability, such as Iran, Saudi 

Arabia, Iraq, Nigeria, Angola, Venezuela or Russia. By the end of the series, Saudi Arabia accounted for 12.13% 

of exports, the United Arab Emirates for 11.7%, Russia for 7.8%, and the United States 9.3%. Several significant 

changes occurred between 1995 and 2023. In 2023, on average, the risk was higher in all the world, where we 

highlight countries like Hong Kong, Netherlands, Philippines, Switzerland, France, Bulgaria, Taiwan, Ireland, 

Estonia or Chile. 

Regarding changes in position, we can highlight that vulnerability declined in Azerbaijan and Russia because of 

increased domestic production. In Western Europe, countries such as Sweden (-43.7 percentage points (pp.)) 

and Finland (-26.0 pp.) experienced reductions in vulnerability due to their near-exclusive reliance on Norway, 

a secure supplier. The Czech Republic (-25.3 pp.) benefited from decreased dependence on Russian imports 

and increased sourcing from Germany. Similarly, Spain (-24.9 pp.) reduced its vulnerability by shifting imports 

toward politically aligned and secure partners, including the United States, while reducing exposure from 

Nigeria, Libya, and Iran. Conversely, some countries experienced an increase in vulnerability over the same 

period. Switzerland (52.3 pp.) saw a rise due to a more concentrated import structure, while the Philippines 

(40.7 pp.)8. Also, China (34.9 pp.) registered higher vulnerability driven by increased imports from Russia, Iraq, 

and Oman.  

 

Figure 4: Energy vulnerability for solid fossil fuels. Left panel represents 1995, and right panel represents 2023 

 

Results for solid fossil fuels are presented in Figure 4. Overall, solid fossil fuels risk is increasing over time with 

volatility.  In this case, vulnerability is lower compared to oil or gas, since the main producing countries are 

more politically stable. In 1995, Australia accounted for 32.6% of exports and the United States for 17%, acting 

as the primary exporters. Major producer–consumer countries, including Venezuela, China, the United States, 

Australia, India, exhibited low vulnerability levels (0–20). In contrast, import-related risks were mainly 

concentrated in Western and Central Europe—such as Lithuania, Netherlands, Latvia, Croatia, Ireland, 

Sweden, Denmark, Oman, Singapore and Belgium—where vulnerability levels were substantially higher (80–

100). By the end of the period, Indonesia (32.4%), Australia (25.5%) and Russia (10.3%) had become the main 

suppliers of solid fossil fuels, which explains the high vulnerability observed in some countries in 2023. Several 

countries decreased their vulnerability compared to 1995; for example, Azerbaijan (-80.8 pp), due to its 

practically non-existent consumption; Switzerland (-64.8 pp), thanks to higher imports from countries such as 

Australia and Germany instead of China, Venezuela, or South Africa; Egypt (-61.2 pp), also due to lower 

consumption; and Pakistan (-32.8 pp), owing to diversification and imports from politically aligned suppliers. 

Conversely, vulnerability levels increased in other countries. Oman (+72.0 pp) experienced higher exposure 

due to increased import dependence, particularly from Russia. Croatia (+60.9 pp) recorded greater vulnerability, 

mainly driven by solid fuel consumption sourced from Kazakhstan, Colombia, and Indonesia. Argentina 

(+48.0 pp) saw an increase in vulnerability due to declining domestic reserves and growing import dependence, 

 
8 We consider that the import data for the Philippines in the current year are likely overestimated since they import a 691% 

more than the previous year. 



primarily from Indonesia. Finally, Morocco (+45.3 pp) became more vulnerable as imports expanded from 

suppliers such as the United States, Colombia, and Russia. 

Figure 5: Energy vulnerability for gas. Left panel represents 1995, and right panel represents 2023 

 

 

 

 

Results for gas are presented in Figure 5. Overall, gas risk is increasing over time with volatility experiencing 

the highest risk increase in all the three products considered. In 2023 the mean risk across all countries is 55.20. 

Natural gas vulnerability exhibited a geopolitical concentration in 1995 since most production was concentrated 

on Russia (39%) and Canada (16.9%). The most critical conditions were Belgium, Finland, Sweden, North 

Macedonia, Lithuania, Portugal, Switzerland, Singapore, South Korea and Hong Kong, Conversely, large 

producers and self-sufficient regions such Canada, Russia, Malasia or Denmark maintained low vulnerability 

levels (0–20).  Between 1995 to 2023, there is a diversification of supply sources, including LNG imports from 

Norway, Qatar, and improvements in regional institutional in some exporting countries such as Indonesia, 

Malasia or Argelia. In 2023, the main global suppliers of natural gas were the United States (16.0%), Qatar 

(11.3%), and Russia (10.85%). 

Nevertheless, vulnerability remained medium to high for key importing countries, reflecting structural 

dependencies. The countries exhibiting the highest energy risk are Portugal, Latvia, Estonia, Luxembourg, 

Slovenia, Belgium, North Macedonia, Turkey, Lithuania, and Hong Kong. In this regard, the United States can 

be highlighted as a risky case, since despite having domestic gas production, it exports part of its output while 

simultaneously importing from Russia—a politically non-aligned supplier associated with elevated geopolitical 

risk.  

The main decreases in vulnerability during the period were observed in Finland (-46.9 pp), due to increased 

imports from the United States and Australia and reduced reliance on Russia; Israel (-44.8 pp), driven by the 

availability of domestic reserves; Ukraine (-37.4 pp), thanks to diversification toward suppliers such as the 

United States, Poland, Australia, and Colombia; and Uzbekistan (-36.5 pp), following diversification and a shift 

toward politically aligned partners. In contrast, some countries experienced significant increases in vulnerability. 

South Africa (+61.4 pp) or Taiwan (+44.6 pp). 

 

Results for the total vulnerability are presented in Figure 6. Overall, risk is decreasing over time mainly due to 

country self-dependence of energy. The Total Energy Vulnerability Index integrates the combined risks 

associated with natural gas, oil, and solid fossil fuels, since we quantify each product consumption relative to 

total consumption, if countries produce more renewable energies will exhibit lower vulnerability, as these 

sources are assumed to be domestically produced (see equation 14). High vulnerability levels  persisted in 

Belarus, Estonia, Hong Kong, Ireland, Japan, Luxembourg, Lithuania, Morocco, Portugal and Singapore in 

1995, reflecting high consumption intensity and strong exposure to external supply risks. In contrast, self-

sufficient countries consistently maintained low risk levels, with North America, China, Norway, Oman, 



Venezuela, Russia and Brazil. Some notable changes occurred between 1995 and 2023. Several European 

countries reduced their risk exposure through the increased penetration of renewable energy—such as Spain, 

Finland, Denmark, Sweden, Estonia, Ireland, Portugal, Luxembourg—while other countries experienced 

higher risk levels, notably Hong Kong, Bangladesh, the Netherlands, Turkey, Philippines, Egypt or Lithuania. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Total vulnerability. X axis represents 1995, and Y axis represents 2023 

 

Conclusions and discussion 

In this article, we propose a new methodology based on deep learning to estimate the intrinsic energy risks in 

energy flows—natural gas, oil, and solid fossil fuels—as well as the total vulnerability from 1995 to 2023, 

considering structural and institutional factors. The analysis of energy vulnerability highlights distinct patterns 

for natural gas, oil, solid fossil fuels and total vulnerability.  

Natural gas vulnerability has increased overall, with volatility showing the largest risk rise. In 1995, risk was 

concentrated in Russia and Canada, affecting countries like Belgium, Portugal, and Hong Kong, while self-

sufficient producers remained low. By 2023, supply diversification through LNG imports and institutional 

improvements in exporters reduced exposure for some countries. Despite this, key importers—including 

Portugal, Turkey, and Hong Kong—still face medium to high vulnerability, while countries like Finland, Israel, 



and Ukraine managed to lower their risk. Oil vulnerability has increased over time, with major importers like 

Japan, Europe, and Hong Kong facing high risk due to reliance on politically unstable exporters. In 1995, Saudi 

Arabia, Norway, and Russia were the main suppliers. Between 1995 and 2023, some countries—such as 

Azerbaijan, Russia, Sweden, and Finland—reduced risk through domestic production or secure imports, while 

others, including Switzerland, the Philippines, and China, saw vulnerability rise. Solid fossil fuel vulnerability 

has generally increased, though it remains lower than oil or gas due to stable producers. In 1995, Australia and 

the United States dominated exports, while import-dependent countries in Europe faced the highest risk. By 

2023, Indonesia, Australia, and Russia became key suppliers, raising vulnerability in countries like Oman, 

Croatia, Argentina, and Morocco. Some countries, such as Azerbaijan, Switzerland, Egypt, and Pakistan, 

reduced their risk through lower consumption or diversified imports. 

Overall, total energy vulnerability has decreased over time, mainly thanks to greater domestic energy production 

and the growth of renewables. Back in 1995, countries with high imports and energy-intensive consumption, 

like Belarus, Hong Kong, and Portugal, faced the highest risks. Self-sufficient regions such as North America, 

China, and Russia stayed relatively safe. Between 1995 and 2023, many European countries lowered their 

vulnerability through renewables, while some import-dependent countries, including Hong Kong, Turkey, and 

Lithuania, saw their risk increase. 

 

 

 

 

 

Regarding policy recommendations to enhance energy security and reduce vulnerability, policymakers should 

pursue both short-term strategic measures and long-term structural actions. In the short term, diversifying 

supply sources diversifying providers with high institutional quality and politically aligned is important, also 

promoting alternative routes avoiding geopolitical attacks, flexible contracts is essential, storage facilities, 

regional interconnections and promoting local self-sufficiency. For the long term, coordinated strategies at 

regional and multilateral levels are critical. Accelerating the energy transition through renewable deployment 

and energy efficiency improvements will reduce dependency on imports of fossil fuels. Finally, during the 

transition is relevant to monitor energy vulnerability to adapt policies in response to evolving global conditions. 

Although the index is constructed using the most reliable database currently available, there are certain 

limitations arising from reporting gaps. Some countries do not provide natural gas data for 2023, and in these 

cases the model assigns approximate values, placing them in mid-distribution positions. Additionally, other 

countries, such as have not updated their reports since 2015, which may introduce uncertainty in the final 

estimation. Moreover, this study does not account for “dark trade,” or unrecorded exports, which may mask 

actual energy risks in countries like Iran, Venezuela, and Russia. Future research should aim to estimate the 

scale and impact of this hidden trade to better assess global vulnerability.  

 

 

 

 

 

 

 

 

 



 

 

 

 

 

References  

Arbache, J. (2022, noviembre 14). Powershoring. CAF – Banco de Desarrollo de América Latina y el Caribe. 

https://www.caf.com/es/actualidad/blog/powershoring/ 

Antràs, P. (2016). Global production: Firms, contracts, and trade structure. Princeton University Press. 

http://press.princeton.edu/titles/10613.html 

Aiyar, S., Presbitero, A. F., & Ruta, M. (Eds.). (2023). Geoeconomic fragmentation: The economic risks from a fractured 

world economy. CEPR Press. https://cepr.org/system/files/publication-files/190366-

geoeconomic_fragmentation_the_economic_risks_from_a_fractured_world_economy.pdf 

Bailey, M. A., Strezhnev, A., & Voeten, E. (2017). Estimating Dynamic State Preferences from United Nations 
Voting Data. The Journal of Conflict Resolution, 61(2), 430–456. http://www.jstor.org/stable/26363889 

Bardes, A., Ponce, J., & LeCun, Y. (2021). VICReg: Variance–Invariance–Covariance Regularization for Self-

Supervised Learning. arXiv. https://doi.org/10.48550/arXiv.2105.04906 

Cohen, G., Joutz, F., & Loungani, P. (2011). Measuring energy security: Trends in the diversification of oil and 
natural gas supplies. Energy Policy, 39(12), 7895–7909. https://doi.org/10.1016/j.enpol.2011.06.034 

European Commission. (2022, May 18). REPowerEU plan (COM (2022) 230 final). https://eur-
lex.europa.eu/resource.html?uri=cellar:fc930f14-d7ae-11ec-a95f-
01aa75ed71a1.0001.02/DOC_1&format=PDF 

Gatto, A., & Busato, F. (2020). Energy vulnerability around the world: The global energy vulnerability index 

(GEVI). Journal of Cleaner Production, 253, 118691. https://doi.org/10.1016/j.jclepro.2019.118691 

Gatto, A. & Drago, C. (2020). Measuring and modeling energy resilience. Ecological Economics, 172, 106527. 

https://doi.org/10.1016/j.ecolecon.2019.106527 

Gnansounou, E. (2008). Assessing the energy vulnerability: Case of industrialised countries. Energy Policy, 36(10), 
3734–3744. https://doi.org/10.1016/j.enpol.2008 

Gupta, E. (2008). Oil vulnerability index of oil-importing countries. Energy Policy, 36(3), 1195–1211. 

https://doi.org/10.1016/j.enpol.2007.11.011  

Kim, J., Jaumotte, F., Panton, A. J., & Schwerhoff, G. (2025). Energy security and the green transition. Energy 

Policy, 198, 114409. https://doi.org/10.1016/j.enpol.2024.114409 

Kingma, D. P., & Ba, J. (2015). Adam: A method for stochastic optimization. In Proceedings of the 3rd International 

Conference for Learning Representations (ICLR). https://doi.org/10.48550/arXiv.1412.6980 

Hendrycks, D., & Gimpel, K. (2016). Gaussian Error Linear Units (GELUs). arXiv:1606.08415. 
https://doi.org/10.48550/arXiv.1606.08415 

IEA (2014). Energy Supply Security. International Energy Agency. https://iea.blob.core. 
windows.net/assets/73908149-4d6e-4f10-b626-d55c60ab3bd7/ENERGYSUPP LYSECURITY2014.pdf.  

IEA (2025), Global Energy Review 2025, IEA, Paris https://www.iea.org/reports/global-energy-review-2025, 
Licence: CC BY 4.0 

Lee, M. (2023). GELU activation function in deep learning: A comprehensive mathematical analysis and performance. arXiv. 
https://doi.org/10.48550/arXiv.2305.12073 

http://press.princeton.edu/titles/10613.html
https://cepr.org/system/files/publication-files/190366-geoeconomic_fragmentation_the_economic_risks_from_a_fractured_world_economy.pdf?utm_source=chatgpt.com
https://cepr.org/system/files/publication-files/190366-geoeconomic_fragmentation_the_economic_risks_from_a_fractured_world_economy.pdf?utm_source=chatgpt.com
http://www.jstor.org/stable/26363889
https://doi.org/10.48550/arXiv.2105.04906
https://doi.org/10.1016/j.enpol.2011.06.034
https://eur-lex.europa.eu/resource.html?uri=cellar:fc930f14-d7ae-11ec-a95f-01aa75ed71a1.0001.02/DOC_1&format=PDF
https://eur-lex.europa.eu/resource.html?uri=cellar:fc930f14-d7ae-11ec-a95f-01aa75ed71a1.0001.02/DOC_1&format=PDF
https://eur-lex.europa.eu/resource.html?uri=cellar:fc930f14-d7ae-11ec-a95f-01aa75ed71a1.0001.02/DOC_1&format=PDF
https://doi.org/10.1016/j.jclepro.2019.118691
https://doi.org/10.1016/j.ecolecon.2019.106527
https://doi.org/10.1016/j.enpol.2008
https://doi.org/10.1016/j.enpol.2007.11.011
https://doi.org/10.1016/j.enpol.2024.114409
https://doi.org/10.48550/arXiv.1412.6980
https://iea.blob.core/
https://doi.org/10.48550/arXiv.2305.12073


Narayan, S. (1997). The generalized sigmoidal activation function: competitive supervised learning. Ciencias de 
la Información, 99(1–2), 69–82. https://doi.org/10.1016/S0020-0255(96)00200-9 

National Development and Reform Commission (NDRC). (2022, June 1). 14th Five-Year Plan for Renewable 

Energy Development [Unofficial English translation]. China Energy Portal. 

https://chinaenergyportal.org/en/14th-five-year-plan-for-renewable-energy-development/ 

Maystre, L., Ortega Gonzalez, A., Park, C., Dolga, R., Berariu, T., Zhao, Y., & Ciosek, K. (2025). When embedding 

models meet: Procrustes bounds and applications. arXiv. https://doi.org/10.48550/arXiv.2510.13406 

The White House. (2025, January 20). Executive order on unleashing American energy. The White House. 
https://www.whitehouse.gov/presidential-actions/executive-order-unleashing-american-energy 

United Nations, Department of Economic and Social Affairs, Statistics Division. (2016). International 

recommendations for energy statistics (IRES) (Statistical Papers Series M No. 93; ST/ESA/STAT/SER.M/93). 

United Nations. [Final edited version prior to typesetting] 

Šprajc, P., Bjegović, M., & Vasić, B. (2019). Energy security in decision making and governance – 

Methodological analysis of energy trilemma index. Renewable and Sustainable Energy Reviews, 114, 109341. 

https://doi.org/10.1016/j.rser.2019.109341  

World Energy Council (WEC). (2024). World energy trilemma index 2024. https://trilemma.worldenergy.org 

Welsby, D., Price, J., Pye, S., & Ekins, P. (2021). Unextractable fossil fuels in a 1.5 °C world. Nature, 597(7875), 

316–317. https://doi.org/10.1038/s41586-021-03821-8 

Serletis, A., Timilsina, G. R., & Vasetsky, O. (2010a). Interfuel substitution in the United States. Energy 

Economics, 32(3), 737–745. https://doi.org/10.1016/j.eneco.2010.01.013 

Serletis, A., Timilsina, G. R., & Vasetsky, O. (2010b). International evidence on sectoral interfuel substitution. 

The Energy Journal, 31(4). https://doi.org/10.5547/ISSN0195-6574-EJ-Vol31-No4-1 

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R. (2014). Dropout: A simple way to 

prevent neural networks from overfitting. Journal of Machine Learning Research, 15(56), 1929–1958. 

World Economic Forum. (2025). The Global Risks Report 2025: 20th edition. 

https://reports.weforum.org/docs/WEF_Global_Risks_Report_2025.pdf 

U.S. Congress. (2022). H.R. 5376—Inflation Reduction Act of 2022. Congress.gov. 

https://www.congress.gov/bill/117th-congress/house-bill/5376 

 

 

 

 

 

 

 

 

 

 

 

https://doi.org/10.1016/S0020-0255(96)00200-9
https://chinaenergyportal.org/en/14th-five-year-plan-for-renewable-energy-development/
https://doi.org/10.48550/arXiv.2510.13406
https://doi.org/10.1016/j.rser.2019.109341
https://trilemma.worldenergy.org/
https://doi.org/10.1038/s41586-021-03821-8
https://doi.org/10.1016/j.eneco.2010.01.013
https://doi.org/10.5547/ISSN0195-6574-EJ-Vol31-No4-1
https://reports.weforum.org/docs/WEF_Global_Risks_Report_2025.pdf?utm_source=chatgpt.com
https://www.congress.gov/bill/117th-congress/house-bill/5376


 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix 

Appendix A. List of imported countries included. 



 

 

 

 

 

 

 

Appendix B. Product Categories with Included Items 

 

Iso code Country name Iso code Country name

ARE United Arab Emirates JPN Japan

ARG Argentina KAZ Kazakhstan

AUS Australia KOR South Korea

AUT Austria KWT Kuwait

AZE Azerbaijan LTU Lithuania

BEL Belgium LUX Luxembourg

BGD Bangladesh LVA Latvia

BGR Bulgaria MAR Morocco

BLR Belarus MEX Mexico

BRA Brazil MKD North Macedonia

CAN Canada MYS Malaysia

CHE Switzerland NLD Netherlands

CHL Chile NOR Norway

CHN China OMN Oman

COL Colombia PAK Pakistan

CZE Czech Republic PHL Philippines

DEU Germany POL Poland

DNK Denmark PRT Portugal

EGY Egypt ROU Romania

ESP Spain RUS Russia

EST Estonia SGP Singapore

FIN Finland SVK Slovakia

FRA France SVN Slovenia

GBR United Kingdom SWE Sweden

GRC Greece THA Thailand

HKG Hong Kong TUR Turkey

HRV Croatia TWN Taiwan

HUN Hungary UKR Ukraine

IND India USA United States

IRL Ireland UZB Uzbekistan

IRN Iran VEN Venezuela

ISR Israel ZAF South Africa

ITA Italy



Group HS2007 Code Product name 

Oil 

270820 Pitch coke 

270900 Crude oil 

271000 Oil products 

271011 
Petroleum oils; crude, not 
elsewhere specified 

271019 Other petroleum oils, n.e.s. 

271112 LPG propane 

271113 LPG butanes 

271114 LPG ethylene/etc. 

271119 Other LPG 

271129 Gaseous hydrocarbons 

271210 Petroleum jelly 

271220 Paraffin wax 

271311 Petroleum coke 

271312 Calcined petroleum coke 

271320 Petroleum bitumen 

271390 Petroleum residues 

Solid fossil fuels 

270111 Anthracite coal 

270112 Bituminous coal 

270119 Other coal 

270120 Coal briquettes 

270210 Lignite 

270300 Peat 

270400 Coke 

Gas 
271111 LNG 

271121 Natural Gas 

Source: Own elaboration. 


