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Executive Summary 

This report summarizes the main contributions to the dashboard and decision support system 
(DSS) stemming from the three tasks that compose Work Package (WP) 1. Task 1.1 provides 
numerical and graphical inputs based on a descriptive and static network analysis of cereal trade 
flows. The analysis examines trade interdependencies between six Middle East and North African 
(MENA) countries—Algeria, Egypt, Jordan, Lebanon, Morocco, and Tunisia—and the rest of the 
world using the freely accessible Base de données du Commerce International (BACI) database 
from the Centre d’Études Prospectives et d’Informations Internationales (CEPII) for the period 
2000–2023. This approach provides both a comprehensive overview and a more granular 
perspective on trade relationships. At the aggregate level, all unprocessed cereals listed in Table 
A1 are analysed jointly. In addition, the items highlighted in red—barley (Harmonised System (HS) 
1003), maize (HS 1005), rice (HS 1006), and wheat (HS 1001), which are the most imported 
cereals in the region—are examined individually, as discussed in Sub-section 3.1.1 of Deliverable 
1.1. Similarly, fertilisers are first considered together as a single product category in Table A2, 
while nitrogenous (HS 3102), phosphatic (HS 3103), and potassic (HS 3104) fertilisers—
highlighted in red—are also analysed separately. 

From Task 1.1, a set of key network centrality measures has been identified for inclusion in the 
dashboard, covering all levels of aggregation and disaggregation of cereal trade flows. The first is 
in-degree, which captures the number of countries from which Middle East and North African 
economies import cereals, along with its weighted counterpart, in-strength, accounting for traded 
values in each bilateral relationship. We are also considering a balanced version of these two 
measures, following Opsahl et al. (2010) to be included in our analysis. In addition, the dashboard 
should integrate global centrality indicators that reflect the importance of a country’s position within 
the broader network. To complement the static network analysis, a trade performance assessment 
is proposed through the computation of the Herfindahl–Hirschman Index (HHI) for unprocessed 
cereal imports, evaluating the degree of dependence on a limited number of suppliers, and the 
Balassa index of Revealed Comparative Advantage (RCA), identifying potential export strengths      
for fertiliser products. 

Task 1.2 builds on this work by contributing to the DSS with estimates of how various external 
stressors affect food security, while accounting for countries’ positions within the unprocessed 
cereals and fertilisers trade networks. Trade-related stressors are captured through tariff and non-
tariff measures, while political instability and violence are examined—currently proxied by political 
stability from the World Governance Indicators, with plans to refine the analysis by incorporating 
data from the Uppsala Conflict Data Program (UCDP). The analysis also considers climate-related 
stressors, including carbon emissions, water scarcity, and the frequency of natural disasters, in 
order to capture both physical and transition risks. 

Finally, Task 1.3 contributes to WP 4 by selecting key indicators to quantify the resilience to shocks 
of the agri-food Global Value Chain (GVC) in the MENA region. The selected indicators help 
assessing the preparedness of the main countries under study in relation to different types and 
intensities of shocks. For the DSS, resilience indicators are developed at the firm level for Egypt 
and Morocco. 
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1 Introduction 

The first work package aims to enhance the understanding of external stressors and shocks 
affecting different cereal value chains. To this end, it conducts a static network analysis of the 
MENA region’s position within global cereal value chains and identifies potential stressors and 
shocks to assess resilience across three key dimensions—trade, conflict, and climate. These 
dimensions are crucial for strengthening the preparedness of governments and economic actors 
along cereal value chains and within broader food systems. Moreover, the analysis supports 
governments in anticipating and responding to external stressors by integrating new knowledge 
and data into a dashboard and a Decision Support System (DSS). 

Against this background, WP1 provides a descriptive and network-based analysis designed to 
inform the dashboard. The analysis focuses on unprocessed cereals in six Middle East and North 
Africa (MENA) countries—Algeria, Egypt, Jordan, Lebanon, Morocco, and Tunisia—with data 
available over the past two decades (1995–2023). These products are further disaggregated to 
focus on the main cereals imported in the region: barley, maize, rice, and wheat. A similar 
approach is applied to fertilisers, which are subsequently separated into nitrogenous, phosphatic, 
and potassic categories. The analysis also integrates various stressors to assess their impact on 
food security in the region. By identifying existing stressors and shocks, quantitative resilience 
indicators at the country level are incorporated and associated with the corresponding external 
pressures. Together, these insights provide actionable evidence to support decision-making 
through the dashboard and the DSS.  

Descriptive statistics for trade performance indicators (HHI and RCA) and network centrality 
measures—presented in both tabular and graphical formats—were previously detailed in 
Deliverable 1.1, completed by the end of July 2025 (M15). Throughout Section 2, illustrative 
examples drawn directly from that deliverable are therefore provided. Relative to D1.1, the scope 
of the analysis has been refined: the set of products is restricted to unprocessed cereals, while 
agricultural inputs are limited to fertilisers, in line with the requirements of the dashboard and the 
DSS. Tables A1 and A2 in the Appendix report the list of unprocessed cereals and fertilisers 
considered. In addition, the time period of analysis has been shortened to ensure greater country 
homogeneity, focusing on the most recent 23 years available (2000–2023).  

Drawing on the results of the static network analysis and a comprehensive review of resilience 
indicators at the country level, this report provides guidance on the tools to be integrated into the 
Information Technology (IT) solutions developed under WP4. These include the equations for key 
centrality measures, the indices of cereal import concentration and revealed comparative 
advantage, as well as the main resilience indicators. Hence, WP1 contributes to the dashboard 
through trade performance metrics, static network indicators, and country-level resilience 
measures. 

The contribution to the early warning module embedded in the dashboard—based on the 
estimation of stressor coefficients from the multi-scenario analysis and the development of original 
firm-level resilience indicators for Morocco and Egypt—is still under development. Nevertheless, 
this report provides a detailed description of the empirical framework adopted for the multi-
scenario analysis, outlines the main data sources required for its implementation, and presents 
the preliminary results of this empirical study in Sub-section 4.2, which are discussed in greater 
detail in Deliverable 1.2. 

To highlight the specific contributions that each task within WP1 provides to the dashboard and 
the DSS, the report is structured into sections, each dedicated to a single task and presenting its 
key methodological components and indicator frameworks. These are then consolidated in a 
summary section leading into the report’s conclusions. 

The remainder of the report is organized as follows. Section 2 presents the main findings from 
Task 1.1, focusing on network analysis metrics and other indicators used to assess the 
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performance of the countries of interest. Section 3 provides graphical illustrations and outlines the 
methodology used to compute import market concentration and revealed comparative advantage 
(RCA) indicators. Section 4 discusses the key results from the multi-scenario analysis conducted 
under Task 1.2, which aims to identify potential stressors and shocks affecting MENA agri-food 
value chains, with particular attention to climate change, conflict, and trade policy. Section 5 
summarizes the main insights from the literature review on macro-level resilience indicators (Task 
1.3). Section 6 outlines the contributions to the dashboard and the decision support system (DSS). 
Finally, Section 7 concludes by highlighting the relevance of these indicators for the dashboard 
and the DSS. 

2 Takeaways from T1.1 

The following subsections present the main contributions from Task 1.1 to the dashboard, focusing 
on the network and descriptive analysis of dependency and exposure indicators for six MENA 
countries: Algeria, Egypt, Jordan, Lebanon, Morocco, and Tunisia.  

Subsection 2.1 details the network indicators derived from our static analysis of cereal trade flows, 
computed at the aggregate level and product. The discussion moves from local measures such 
as degree centrality to global indicators, including authority and hub scores, eigenvector, and 
PageRank centrality. 

Subsection 2.2 introduces the Herfindahl–Hirschman Index and the Revealed Comparative 
Advantage indicator, which are used respectively to assess the degree of market concentration in 
cereal imports and the ability of the selected countries to compete in foreign markets as cereal 
suppliers. 

2.1 Network Centrality Measures 

We use BACI bilateral trade flow data, developed by CEPII, to construct the international trade 
network of unprocessed cereals at both the aggregate and product levels. At the product level, we 
focus on four crops—barley, maize, rice, and wheat—which our preliminary descriptive analysis 
identified as the main cereals for MENA countries, where domestic demand is largely met through 
imports. A complete list of the cereals included in our study is provided in Appendix, Table A1. 
These items are classified at the 6-digit level of the Harmonized System (HS) and belong to raw 
cereals, as listed in Chapter 10 (“Cereals”) of the HS system. Similarly, fertilizers reported in 
Chapter 31 (“Fertilisers”) of the HS system are first studied as a unique group and then categorized 
into nitrogenous, phosphatic, and potassic types. Therefore, for both the aggregate category and 
each product group, we provide network centrality indicators and graphical representations. The 
list of all fertilisers analysed is provided in Appendix, Table A2. 

The network analysis approach goes beyond traditional country-level statistics, which usually treat 
bilateral trade relationships in isolation. Network analysis instead situates each dyadic trade 
relationship within the broader global structure, where connections with other countries also shape 
and influence the bilateral link. In this way, countries are not only characterized by their own trade 
flows, but also by their position and importance within the overall network, captured through 
measures of centrality. 

Through this approach, we identify key players (e.g., hubs, authorities), assess the level of 
centralization and fragmentation in the network, and evaluate the relative importance of trade 
partners beyond simple bilateral exchanges. Lastly, network analysis also contributes to 
uncovering patterns of dependency and resilience, which are particularly important in the context 
of shocks or disruptions to global value chains. 
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It is important to note that several criteria influence the construction of the network. First, the 
number of countries included in the analysis directly affects network comparability over time. To 
ensure consistency and comparability across years and countries, the standardization procedures 
must be applied to the same set of countries throughout the period of analysis. Consequently, the 
time coverage of our analysis depends not only on data availability and country composition but 
also on the adoption of comparable measures to assess food security. 

The BACI (HS92) dataset reports trade flows for up to 238 countries over the period 1995–2023. 
However, in the early years, some countries were aggregated under customs or politico-economic 
unions. For instance, South Africa was reported jointly with Botswana, Eswatini, Lesotho, and 
Namibia as part of the Southern African Customs Union (SACU) until 1999, while Belgium and 
Luxembourg were grouped as a single entity until 1998. To ensure consistent country coverage 
across time—without losing observations for the multi-scenario analysis, for which food security 
measures are generally unavailable before 2000—the analysis period is restricted to 2000 - the 
first year in which SACU members are reported individually, till 2023 (last available year to date). 
The only countries that remain unified are Serbia and Montenegro (until 2005), Sudan and South 
Sudan (the latter gaining independence in 2011), and the Netherlands Antilles (dissolved in 2010, 
when Bonaire, Saba, and Sint Eustatius became special municipalities of the Netherlands, while 
Curaçao and Sint Maarten became constituent countries within the Kingdom of the Netherlands). 

To ensure the inclusion of only relevant trade flows in our analysis, we adopted the same 
procedure proposed by De Benedictis et al. (2014), retaining only those countries that report trade 
with at least one international partner in every year throughout the period 2000–2023. 
Consequently, countries that changed their composition after 2000, as well as those that 
interrupted both imports and exports of unprocessed cereals or fertilisers, depending on the trade 
flows analysed, for at least one year during this period, were automatically excluded from the 
sample. After applying these restrictions, the resulting sample remains constant over time for both 
product groups, comprising 207 countries for unprocessed cereals and 196 for fertilizers. Since 
the number of nodes differs slightly between the two networks, the full list of countries included in 
either network is provided in Table A3. Countries appearing exclusively in the cereals network are 
highlighted in red, while those included only in the fertilizers network are highlighted in blue. 

Second, to gain a more comprehensive understanding of trade dynamics within the cereal 
network, both unweighted and weighted network analyses are conducted. The unweighted version 
reflects the mere existence of trade relationships, whereas the weighted version accounts for the 
intensity of trade flows. Since the BACI CEPII dataset provides both quantities and values of trade 
flows, the analyst must choose which variable to use as weights. Given the absence of missing 
values and the widespread use of value data in trade analysis, the use of trade values is 
recommended as the preferred weighting method. 

Finally, for graphical visualization, it is necessary to apply thresholds that filter out very small trade 
flows. Without such filtering, network graphs become excessively dense, labels overlap, and the 
most relevant trade relationships—those that shape global supply dependencies—are harder to 
discern. To enhance readability and highlight the most economically meaningful connections, we 
adopt differentiated thresholds for MENA and non-MENA countries. The rationale is to accurately 
represent the structure of trade in cereals and fertilisers, while ensuring that the network remains 
interpretable. The thresholds are defined as the minimum share of total global trade that a bilateral 
flow must represent in order to appear in the visualization. Specifically, the threshold for the Rest 
of the World (RoW) is set at 0.3% of global trade, while a lower threshold of 0.075% is applied to 
the six MENA countries—four times more permissive. These values are slightly higher than those 
used in the first network visualization presented in D1.1, which employed thresholds of 0.125% 
for RoW countries and 0.0415% for MENA countries. While the D1.1 thresholds allowed a broader 
set of trade flows to enter the graph, they also increased network density and made it more difficult 
to visually identify the key suppliers and trade corridors. By adopting higher thresholds in the 
present version, the network contains fewer nodes and fewer edges, since only countries 
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maintaining relatively stronger trade relationships are retained. As a result, the refined 
representation is less cluttered and more effective in highlighting the major trade linkages that 
define global cereal supply patterns. This improvement can be clearly observed when comparing 
the D1.1 network (Figure 1) with the updated visualization (Figure 2), which displays a sharper 
and more interpretable structure of trade flows in unprocessed cereals. 

Differentiating thresholds for MENA and non-MENA countries remains appropriate given the 
structural characteristics of MENA trade. The six MENA economies typically exhibit limited export 
capacity and persistent structural trade deficits in cereals, relying on a small number of dominant 
suppliers. A lower threshold therefore ensures that these critical import dependencies are not 
filtered out. Conversely, applying a higher threshold to RoW countries helps focus attention on the 
principal global exporters and their most significant trade links, rather than displaying a long tail of 
marginal flows of limited analytical relevance. 

It is worth noting that more or less restrictive criteria can be applied both to the computation of 
centrality indicators and to the network’s graphical representation. However, the approach 
proposed here ensures consistency in the number of countries considered, allowing for meaningful 
comparisons between and within countries over time, while also producing an intuitive and visually 
balanced representation of the main trade relationships within the global cereal network. 

The network analysis has been conducted using R software, employing the igraph package to 
compute network centrality indicators and the ggraph package to produce graphical 
representations of the networks. The igraph library (Csardi & Nepusz, 2006), developed under the 
umbrella of the statnet library (Goodreau et al., 2008), offers computational efficiency that allows 
working with very large networks. 

We construct two versions of the cereals trade network: an unweighted (binary) and a weighted 
version. Both are modelled as directed graphs, where links go from the exporting country to the 
importing country and the direction of the link matters. Formally, the network is represented as a 
graph 𝐺 = (𝑉, 𝐿) where: 

● 𝑉 denotes the set of nodes (or countries) in the network; 

● 𝐿 is the set of directed edges (or links) representing trade flows. 

 

In the unweighted version of the network, the adjacency matrix 𝐿𝑖𝑗 is binary: 

 

ℒ𝑖𝑗 =  { 
1 𝑖𝑓 𝑡ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑡𝑟𝑎𝑑𝑒 𝑓𝑙𝑜𝑤 𝑓𝑟𝑜𝑚 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑖 𝑡𝑜 𝑐𝑜𝑢𝑛𝑡𝑟𝑦 𝑗     
0  𝑖𝑓 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑒𝑥𝑖𝑠𝑡 𝑎 𝑡𝑟𝑎𝑑𝑒 𝑓𝑙𝑜𝑤 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑡𝑤𝑜 𝑐𝑜𝑢𝑛𝑡𝑟𝑖𝑒𝑠

 

 

This allows us to assess only the presence or absence of a trade link, without considering the 
effective amount of the trade volume between two given nodes. 

Following the framework of De Benedictis et al. (2014), the network structure in the weighted 
version is expressed as: 𝑁 =  (𝐺(𝑉; 𝐿); 𝑊; 𝑃). 

 

● 𝑊 is a function that assigns weights to the edges, where 𝑊𝑖𝑗 describes the volume of cereal 

exports from country 𝑖 to country 𝑗, or alternatively, the monetary value of that flow. Since 
the original dataset provides trade data in both value and quantity, 𝑊𝑖𝑗 effectively captures 

the intensity—or strength—of each bilateral trade relationship. 

● 𝑃 is a vertex-level function capturing node-specific characteristics, such as country names 
or income.  
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In our analysis, weighted centrality measures and network visualizations are constructed using 
bilateral trade flows expressed in values as edge weights. The same metrics were also computed 
using trade flows in quantities; however, the value-based approach is preferred, particularly for 
the multi-scenario analysis. This choice is supported by three main considerations. First, trade 
values represent the standard metric in international trade analysis. Second, while the dataset 
provides complete coverage for trade values, quantity data contain some missing observations—
although a relatively small number—making value-based measures more reliable for our 
purposes. Third, trade values allow the aggregation of different cereals (HS Chapter 10) and 
fertilizers (HS Chapter 31), thereby facilitating the construction of one-mode networks1 for each of 
the two product groups and their respective subcategories: barley, maize, rice, and wheat for 
unprocessed cereals, and nitrogenous, phosphatic, and potassic for fertilizers. 

The following subsections describe in detail the procedure adopted to compute each centrality 
measure, distinguishing between local and global indicators. The key equations used for the final 
computation of each indicator are highlighted in bold. Finally, Subsection 2.1.5 reproduces the 
tabular and graphical representations originally presented in D1.1. 

2.1.1 Local unweighted network centrality measures: degree centrality. 

Degree and strength centrality are essentially local measures, as they consider only the direct 
links of a node—its immediate neighbourhood—without accounting for the node's position in the 
broader network structure. 

Degree centrality is the simplest measure of the position of a node in a network. It is the sum of 

all the edges connected to a given node (∑ 𝐿𝑖𝑗
𝑁
𝑗≠𝑖 ).  

It is normalized by dividing it by the maximum possible number of nodes (𝑛 − 1), since in 
international trade a node cannot have a link with itself.  

𝐶𝑖𝐷
𝑁 =

∑ 𝐿𝑖𝑗
𝑁
𝑗≠𝑖

(𝑛−1)
. 

(1) 

It ranges between 0 and 1; the closer the degree centrality is to 1, the more integrated a node is 
within the network. 

In directed networks, centrality needs further qualifications, as nodes can be central in a network 
because they show a high number of incoming ties or outgoing ties. Therefore, two complementary 
measures of centrality can be computed; vertices are measured with both an in-degree and an 
out-degree centrality indicator. In-degree centrality measures the number of incoming edges to a 
given node, while out-degree centrality measures the number of outcoming edges from a given 
node. In our analysis, edges are trade flows, with incoming ties being imports and outgoing ties 
being exports. So, each country under study is associated with two centrality measures: an in-

degree centrality (𝐶𝑖𝐷𝑖𝑛

𝑁 ) and an out-degree centrality (𝐶𝑖𝐷𝑜𝑢𝑡

𝑁 ), as follows: 

𝐶𝑖𝐷𝑖𝑛

𝑁 =
∑ 𝐿𝑗𝑖

𝑁
𝑗≠𝑖

(𝑛−1)
, 𝐶𝑖𝐷𝑜𝑢𝑡

𝑁 =
∑ 𝐿𝑖𝑗

𝑁
𝑗≠𝑖

(𝑛−1)
. 

(2) 

The two centrality measures are totally independent on one another, so a country can exhibit high 
(or low) in-degree centrality while at the same time showing low (or high) out-degree centrality. In 
other words, a country can be an important importer in the trade network, i.e. has high in-degree 

 

1 A one-mode network consists of a single set of nodes—in our case, countries—where trade relationships can 
form between any pair of nodes within that same set. 
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centrality, while at the same time being not important as an exporter, i.e. has low out-degree 
centrality. Whereas in the sociological literature, in-degree is often referred to as prestige, while 
out-degree is associated with influence2.  

In line with De Benedictis et al. (2014), we normalize the total number of links (∑ 𝐿𝑖𝑗
𝑁
𝑗≠𝑖 ) by the 

total number of edges in the network, 𝑀, to obtain the percentage of inflows and outflows a country 
is responsible for. 

𝐶𝑖𝐷𝑖𝑛

𝑃 =
∑ 𝐿𝑗𝑖

𝑁
𝑗≠𝑖

𝑀
, 𝐶𝑖𝐷𝑜𝑢𝑡

𝑃 =
∑ 𝐿𝑖𝑗

𝑁
𝑗≠𝑖

𝑀
. 

(3) 

Using the same notation as De Benedictis et al (2014), the superscript 𝑃 denotes percentage 

terms, so that 𝐶𝑖𝐷𝑖𝑛

𝑃  and 𝐶𝑖𝐷𝑜𝑢𝑡

𝑃  represent the percentage of in-degree and out-degree ties 

associated with a given node. Both normalization procedures can be applied, but we primarily 
favour the first methodology presented in equation (2), as it captures the effective number of 
relationships among the six MENA countries within the network, allowing for meaningful 
comparisons over time. 

2.1.2 Local weighted network centrality measures: strength centrality. 

The weighted network extends beyond the mere presence of trade connections by incorporating 
trade intensity. In this context, degree centrality—typically defined as the number of direct trade 
links—is replaced by node strength, which corresponds to the total trade volume of a node as 
suggested by De Benedictis et al. (2014). Given the heterogeneity of trade flows across countries, 
degree and strength capture different dimensions: degree reflects the breadth of a country's trade 
relationships, while strength measures its intensity. As a result, unweighted and weighted 
networks convey different information (Newman, 2010). 

Unweighted and weighted measures should be interpreted in parallel, as they offer complementary 
insights. Together, they reflect two fundamental aspects of trade: trade partners and trade 
volumes (Helpman et al., 2008). 

The weighted in- and out-degree measures, also referred to as in-strength and out-strength, 
quantify the total intensity of connections that a node maintains in the network by accounting for 
the weight of each link. Let 𝑊𝑖𝑗 denote the weight of the directed link from node 𝑖 to node 𝑗, 

corresponding to the value of exports from country 𝑖 to country 𝑗. The in-strength and out-strength 
of node 𝑖 in a directed network with 𝑛 nodes, normalized by the maximum number of possible 

connections (𝑛−1), are defined as: 

𝐶𝑖𝑆𝑖𝑛

𝑁 =
∑ 𝑊𝑗𝑖

𝑁
𝑗≠𝑖

(𝑛−1)
, 𝐶𝑖𝑆𝑜𝑢𝑡

𝑁 =
∑ 𝑊𝑖𝑗

𝑁
𝑗≠𝑖

(𝑛−1)
. 

(4)      

To compute the trade share for imports and exports we maintained unaltered the numerator for 

𝐶𝐷𝑖𝑛

𝑁  and 𝐶𝐷𝑜𝑢𝑡

𝑁 , respectively and we divide them by total world trade, as follows: 

𝐶𝑖𝑆𝑖𝑛

𝑁 =
∑ 𝑊𝑗𝑖

𝑁
𝑗≠𝑖

∑ ∑ 𝑊𝑗𝑖𝑗𝑖
, 𝐶𝑖𝑆𝑜𝑢𝑡

𝑃 =
∑ 𝑊𝑖𝑗

𝑁
𝑗≠𝑖

∑ ∑ 𝑊𝑖𝑗𝑗𝑖
. 

(5) 

 

2 According to Wasserman and Faust (1994), a prestigious node is one that receives a large number of incoming 
ties, reflecting its importance as a recipient in the network. In simpler terms, prestige represents a form of 
passive centrality in directed networks, as it captures the extent to which a node is the target—rather than the 
source—of connections (Aceves, 2017). Conversely, a node with a high out-degree is considered influential, as 
it actively establishes ties with others, projecting its presence across the network. 
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In this way we obtain the percentage version of in- and out-strength indicators taking into 

consideration that the denominator is the same for the two indicators (∑ ∑ 𝑊𝑗𝑖𝑗𝑖 =  ∑ ∑ 𝑊𝑖𝑗𝑗𝑖 ). 

Once again, both normalization methods can be adopted; however, to ensure consistency in how 
these indicators are presented in the dashboard, the first normalization procedure is preferred, 
including for the weighted version of the degree centrality index shown in equation (4). 

2.1.3 Global network centrality measures: authority and hub scores.  

To capture a country's role within the overall architecture of the network, global centrality 
measures have been developed. 

Among these measures, hub and authority scores are particularly relevant for assessing how 
effectively MENA countries engage with international markets, and whether their trade 
relationships are concentrated around globally influential partners. 

In the context of a directed trade network, hub scores identify countries that act as major exporters, 
particularly to well-connected and influential importers (authorities). Conversely, authority scores 
identify countries that are significant importers receiving inflows from important hubs—i.e., from 
countries that are themselves central in the export network. These measures, introduced by 
Kleinberg (1999), are computed iteratively, with each reinforcing the other: a country attains a high 
hub score when it exports to nodes with high authority, while it achieves a high authority score 
when it imports from countries with strong hub positions. 

Formally, let 𝐿denote the binary adjacency matrix of the network, where 𝐿𝑖𝑗 = 1 if a trade flow 

exists from country 𝑖to country 𝑗, and 0 otherwise; in the weighted case, the network is instead 
represented by the weighted adjacency matrix 𝑊. Then: 

 

● The authority score of node 𝑖 is proportional to the sum of the hub scores of the nodes 
pointing to it: 

𝑎𝑖 = ∑ 𝐿𝑗𝑖ℎ𝑗

𝑗

. (6) 

● The hub score of node 𝑖 is proportional to the sum of the authority scores of the nodes it 
points to: 

ℎ𝑖 = ∑ 𝐿𝑖𝑗𝑎𝑗

𝑗

. (7) 

In matrix form, this system can be written as: 

𝑎 = 𝐿𝑇ℎ, ℎ = 𝐿𝑎. (8) 

Substituting one into the other yields: 

𝑎 = 𝐿𝑇𝐿𝑎, ℎ = 𝐿𝐿𝑇ℎ. (9) 

Thus, the vector of authority scores 𝑎 is the principal eigenvector of 𝐿𝑇𝐿, while the vector of hub 

scores ℎ is the principal eigenvector of 𝐿𝐿𝑇. 
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These eigenvector-based definitions highlight the recursive dependence: exporters (hubs) are 
important if they reach strong importers (authorities), and importers (authorities) are important if 
they are reached by strong exporters (hubs). 

In the weighted cereal trade network, larger export flows strengthen the link between partners, so 
a country selling high volumes to key destinations boosts its hub score. Likewise, countries 
importing large volumes from such exporters gain higher authority scores, reflecting their weight 
as central buyers. 

 

2.1.4 Global network centrality measures: eigenvector and page rank.  

Eigenvector centrality measures a country’s importance based on the influence of the countries 
it is connected to. This creates a recursive notion of centrality: a country is considered more central 
if it is connected to other countries that are themselves central. The measure can be calculated 
separately for incoming and outgoing connections. The inward version, derived from the transpose 
of the adjacency matrix, 𝐿, captures how influential a country is as a destination for trade flows 
from other central players. Conversely, the outward version reflects a country’s relevance as a 
source of trade to important importers, emphasizing the weight of outgoing links.  

The outward eigenvector centrality assigns scores 𝑥 such that: 

𝑥 = 𝜆−1𝐿𝑥, (10) 

where 𝜆 is the largest eigenvector of 𝐿. On the other hand, the inward version uses 𝐿𝑇, 
emphasizing influence as a destination of trade. 

𝑥 = 𝜆−1𝐿𝑇𝑥, (11) 

In our analysis, to ensure comparability over time, the eigenvector centrality scores in the 
unweighted version of the network are normalized using the min-max method, so that values range 
between 0 and 1. For the weighted network, where trade flows are highly skewed, the adjacency 
matrix is logarithmically transformed prior to computing centrality scores. This transformation 
improves distributional balance and again allows scores to be expressed on a 0–1 scale, 
facilitating interpretation across time and countries. 

PageRank centrality, like eigenvector centrality, is based on the idea that connections to 
important nodes increase a node’s own importance. Both measures primarily focus on incoming 
links, reflecting how influence flows into a node from other influential nodes. The main difference 
is that PageRank models this process as a random walk with a damping factor, which means there 
is a probability that the walk jumps to a random node instead of strictly following the network’s 
links. This makes PageRank more robust by preventing the centrality from being overly 
concentrated in tightly connected groups. In trade networks, PageRank highlights countries that 
are frequently reached through key trade relationships, especially those connected to other 
important trading partners, thus identifying nodes that play a crucial role in the overall structure of 
global trade—even if their total trade volume is not the largest. 

PageRank (PR) scores 𝑝 solve: 

𝑝 = 𝛼𝐿∗𝑝 + (1 − 𝛼)𝜈, (12) 

where 𝐿∗ is the row-stochastic adjacency matrix (each row sums to 1), 𝛼 is the damping factor 
(commonly 0.85), and 𝜈 is a vector distributing “teleportation” probability equally across all nodes. 
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2.1.5 Tabular and graphical representations of the weighted unprocessed cereals 
network.  

Below, we report both the centrality measures and the graphical representation of the weighted 
unprocessed cereal trade network for the year 2023. Table 1 presents the standardized in-strength 
and out-strength values for the six MENA countries, computed in accordance with equation (2). 
Columns four and five display the corresponding authority and hub scores, derived from equations 
(6) and (7), respectively. The subsequent columns report the in- and out-eigenvector centralities, 
following equations (11) and (10), while the final column lists the PageRank scores for each 
country, computed according to equation (12). 

 

Table 1: Weighted Centrality Measures in the Unprocessed Cereal Trade Network (2023). 

 

Network Weighted Centrality Measures 
Unprocessed Cereals 

 

Year (2023) 

Country In-Str. Out-
Str. 

Authori
ty 

Hub In-Eig. Out-
Eig. 

PR 

Eq. 
Num. 

(4-left 
side) 

(4-right 
side) 

(6) (7) (11) (10) (12) 

DZA 13,863.385 1.845 0.082 0 0.425 0.162 0.004 

EGY 25,430.614 53.072 0.102 0 0.483 0.427 0.007 

JOR 4,711.333 9.505 0.025 0 0.550 0.304 0.006 

LBN 1,829.469 75.870 0.006 0 0.397 0.507 0.002 

MAR 12,656.815 1.472 0.064 0 0.651 0.260 0.008 

TUN 5,876.591 0.083 0.019 0 0.560 0.084 0.005 
Source: Authors’ own elaboration using the BACI database, built from the combination of Table 23 and Table A29 in 

D1.1. 

Notes: (i) PR stands for Page Rank. (ii) DZA: Algeria; EGY: Egypt; JOR: Jordan; LBN: Lebanon; MAR: 
Morocco; TUN: Tunisia.  

 

The centrality indicators reported in Table 1 result from the combination of the measures presented 
in D1.1, specifically those reported in Table 23 and in the Appendix, Table A29. Compared with 
the earlier deliverable, the standardized method described in equation (5) has been excluded, 
while additional indicators—hub scores, in- and out-eigenvector centralities, and PageRank 
scores previously illustrated only in the Appendix—have been incorporated alongside the existing 
in-/out-strength and authority measures drown from Table 23. These updates provide a more 
comprehensive depiction of the MENA countries’ positions within the global cereal trade network. 
The R codes adopted for the computation of these centrality indicators are reported in Appendix, 
Subsection 9.2.1, while Table A4 provides the range of values of the centrality indicators for the 
unweighted version of the trade networks 

Figure 1, reproduced from Deliverable D1.1 (Figure 26), depicts the global weighted network of 
unprocessed cereals for the year 2023, distinguishing the six MENA countries from the Rest of 
the World (RoW) using a two-colour scheme: light blue for MENA economies and yellow for all 
other countries. In this visualization, the size of each node reflects its in-strength value, highlighting 
countries that record a high level of cereal imports. This dependency can arise for several reasons: 
limited domestic production due to constraints such as water scarcity or arid land (common in 
many MENA countries), high domestic demand in large or densely populated countries, or a 
combination of both factors. 
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It should be noted, however, that other centrality indicators among those discussed in the 
methodological section could also serve this purpose. Importantly, the centrality values used to 
scale node size are computed over the full network of countries before any graphical threshold is 
applied, ensuring that the measure captures each node’s true systemic relevance rather than its 
position within a restricted subnetwork. 

Edge thickness represents the value of unprocessed cereals traded between country pairs. As 
previously indicated, the same network can also be constructed using trade quantities, although 
the value-based specification remains the preferred approach in both the descriptive and empirical 
analyses of the multi-scenario assessment. 

In this earlier network representation, the thresholds applied to filter bilateral trade flows were 
lower than those used for the refined visualization presented in Figure 2. Specifically, flows were 
included only if they represented at least 0.125% of global trade for RoW countries and 0.0415% 
for the six MENA countries. By contrast, the updated visualization (Figure 2) adopts higher 
thresholds of 0.3% and 0.075%, respectively. The refined thresholds reduce visual clutter, allowing 
the principal importing nodes to emerge more clearly, preventing excessive label overlap, and 
ensuring that the thickest and most relevant trade corridors—particularly those involving the 
MENA region—are more readily discernible. As a result, the network more effectively highlights 
the key trade dependencies that lie at the core of our analysis.  

 

Figure 1: Weighted Representation of the Unprocessed Cereals Trade Network (2023). 

 
Source: Authors’ own elaboration using BACI database, derived from Figure 26 in D1.1. 
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Figure 2: Weighted Representation of the Unprocessed Cereals Trade Network (2023) with refined thresholds. 

Source: Authors’ own elaboration using BACI database. 

 

The R code used to generate Figure 2 is provided in Appendix, Subsection 9.2.2. 

2.2 Import Market Concentration and RCA 

One of the major sources of vulnerability to external shocks is a high import market concentration, 
i.e. a country’s reliance on a small number of suppliers for a (relevant) product.  

A commonly used measure of (product or market) concentration that helps assessing the diversity 
of a country’s trade (by product or trade partner, respectively) is the Herfindahl–Hirschman Index 
(HHI). It can be computed either on imports or exports and can signal higher risks in the case of 
high concentration and asymmetric shocks, such as a natural disaster, a conflict or geopolitical 
tensions in the country of origin.  

We compute HHI on imports, for each product, to measure the degree of import market 
concentration by country of destination. HHI index, as mentioned above, indicates if a large share 
of commodity imports is bought from a small number of countries or, on the contrary, if imports’ 
suppliers are diversified. 

HHI is calculated as the sum of squared shares of each product 𝑐 in total import of the product in 
question: 
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𝐻𝐻𝐼𝑖𝑐 = ∑(𝑀𝑖𝑐𝑗/𝑀𝑖𝑐)2

𝑁

𝑗=1

 

(13) 

where 𝑀𝑖𝑐𝑗 is country imports of a cereal product from a specific supplier 𝑗 and 𝑀𝑖𝑐 is country 𝑖’s 

total imports of cereals, 𝑐.  

The lower the index, the less concentrated a country’s import partners are. A country with a 
perfectly diversified import portfolio will have an index close to zero, whereas a value of one 
indicates that imports are concentrated in a single supplying country (i.e., the least diversified 
case). As a rule of thumb, an HHI below 0.1 indicates low concentration, values between 0.1 and 
0.25 indicate moderate concentration, and values above 0.25 indicate high concentration of 
suppliers and, therefore, higher risk. 

Figure 3, reproduced from Figure 12 in D1.1, shows the mean and maximum values of the HHI 
for cereal imports for each of the six MENA countries over the last 13 years available in the BACI 
CEPII dataset (2010–2023). A similar picture for this indicator can be replicated in the dashboard. 

 

Figure 3: Herfindahl-Hirschman Index for each of the six MENA countries. 

 

Source: Authors’ own elaboration using BACI database, derived from Figure 12 in D1.1. 

Notes: (i) Figures are averages over 2010-2023. (ii) DZA: Algeria; EGY: Egypt; JOR: Jordan; LBN: Lebanon; 
MAR: Morocco; TUN: Tunisia.  

 

We also compute the Balassa index of Revealed Comparative Advantage (RCA) (Balassa, 1965) 
to identify countries’ comparative advantages in the production and export of specific products. 
This indicator is particularly relevant in our context, as MENA countries generally exhibit a 
comparative disadvantage in unprocessed cereals, whereas the situation may differ for fertilisers. 
Indeed, this additional descriptive evidence helps highlight the limited trade opportunities for 
MENA countries in unprocessed cereals, while at the same time revealing potential export 
strengths in fertilisers. The RCA index of country 𝑖 for product 𝑘 is measured by the share of 

product 𝑘 in country 𝑖’s total exports, relative to the share of the same product in total world exports 
(or total exports of a specific region of interest). Formally, it is defined as: 
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𝑅𝐶𝐴𝑖𝑘 =
[
𝑋𝑖𝑘
𝑋𝑖

]

[
𝑋𝑘
𝑋 ]

 

(14) 

where: 

● 𝑋𝑖𝑘 = exports of product 𝑘 by country 𝑖, 

● 𝑋𝑖 = total exports of country 𝑖, 

● 𝑋𝑘 = world exports of product 𝑘, 

● 𝑋 = total world exports. 

 

An RCA greater than 1 indicates that the country has a comparative advantage in that product 
category, while an RCA less than 1 suggests that the country has a comparative disadvantage. 

Figure 4, adapted from Figure 15 in Deliverable 1.1, presents this exposure indicator for the same 
set of countries over the 2010–2023 period, distinguishing cereals by processing stage 
(unprocessed, semi-processed, and processed). Although this level of disaggregation is not 
retained in the dashboard, the first bar confirms our prior expectations: MENA countries do not 
exhibit a comparative advantage in unprocessed cereals, as the average value of the indicator 
remains below one. At this stage, the two downstream phases of the cereals value chain can 
instead be replaced by fertilisers to provide a more comprehensive picture of relative trade 
advantages across both product categories for each of the six MENA economies. 

 

Figure 4: Revealed Comparative Advantage Index by country and level of processing. 

 

Source: Authors’ own elaboration using BACI database, derived from Figure 15 in D1.1. 

Notes: (i) Figures are averages over 2010-2023. (ii) DZA: Algeria; EGY: Egypt; JOR: Jordan; LBN: Lebanon; 
MAR: Morocco; TUN: Tunisia. 
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3 Takeaways from T1.2 

This section presents the empirical framework used for the multi-scenario analysis, describing the 
data sources employed to structure our dataset as well as the baseline estimates of the 
econometric panel model. We considered the largest possible number of countries from 
international open-access databases, including over 150 in our empirical analysis. Nevertheless, 
the main focus remains on the six MENA countries at the core of the project: Algeria, Egypt, 
Jordan, Lebanon, Morocco, and Tunisia. Beyond the full-sample analysis, additional econometric 
analyses may be conducted, accounting for income level (as already shown in D1.2) or regional 
classification. The estimated coefficients of external stressors—trade, conflict, and climate—will 
be integrated into the early warning model, enabling the assessment of the potential impact of 
shocks of varying severity on food security, while relaxing some of the initial restrictive 
assumptions. 

3.1 Multi-scenario model specification and data sources 

To examine the effects of the above-mentioned shocks on food security and its determinants, we 
rely on the following specification: 

 

𝑌𝑖𝑡 = 𝛼 + 𝛽1𝑋𝑖𝑡 + 𝛽2𝑆𝑖𝑡 + 𝜎𝑖 + 𝜎𝑡 + 𝜀𝑖𝑡 , (15) 

 

Where Y represents different measures of food security identified by the Food and Agriculture 
Organization (FAO). The first dimension of food (in)security is food availability that can be 
measured by cereals consumption and the average dietary energy supply adequacy as it 
expresses the dietary energy supply as a percentage of the average dietary energy requirement 
(FAO, 2013). The second dimension, access, can be measured by the share of a population that 
is moderately or severely undernourished. For the third dimension, utilization, we use the 
percentage of population using safely managed drinking water services. Finally, the fourth 
dimension of food (in)security is stability, measured by the cereal import dependency ratio. 

The vector of control variables (X) includes a range of factors that may influence food security 
outcomes. GDP per capita is used as a proxy for the level of economic development and average 
income, which are key determinants of food security. To capture countries’ natural endowments, 
we include the share of arable land in total land area. Given the central role of domestic agricultural 
production, agricultural value-added as a share of GDP is also incorporated. Investment is 
included to reflect both the overall macroeconomic environment and the level of investment in 
physical infrastructure. Social conditions are proxied by the unemployment rate, which captures 
labour market performance and household vulnerability. In addition to these macroeconomic and 
structural controls, particular attention is devoted to centrality measures derived from the static 
network analysis, which are instrumental in characterizing countries’ trade linkages within the 
global cereal value chain. At the product level, the analysis focuses on four cereal grains—barley, 
maize, rice, and wheat—which descriptive trade statistics identify as the main cereals for MENA 
countries and for which domestic demand is largely met through imports. Finally, a variable 
capturing countries’ positions within fertilizer trade networks is introduced to account for input 
dependencies affecting agricultural production. 

Our variables of interest include three main stressors, namely conflicts measured by the level of 
political stability (from the World Governance Indicators), trade policy (measured by tariffs, non-
tariff-measures imposed by and faced by the country in question), climate related (water stress 
and temperature change). All regressions embed country and year fixed effects to control for 
unobservables (σs and σt) and ε is the error term.  
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Our data are drawn from several sources. Most control variables come from the World 
Development Indicators, including GDP per capita, share of arable land, investment as a share of 
GDP, share of agriculture in GDP, and the unemployment rate. Indicators of institutional quality 
are obtained from the World Governance Indicators, although alternative measures provided by 
the Varieties of Democracy (V-Dem) Institute could also be considered. Political stability, thus far, 
has also been used as a proxy for conflict, given the limited availability of observations for 
alternative conflict variables derived from the Armed Conflict Location & Event Data (ACLED). 
However, subject to data availability, we plan to adopt conflict measures from the Uppsala Conflict 
Data Program to capture this stressor more comprehensively. Subsidies come from the subsidy 
platform3. Trade shocks related variables come from the Global Trade Alert Project, the World 
Trade Organization Tariff Profile. Finally, climate change variables come from the World 
Development Indicators and from the International Disaster Database4. 

This baseline equation is estimated using panel data techniques and is extended in three ways. 
First, we plan to use the local projections framework to run some impulse response functions. This 
framework is relevant as it accommodates a panel structure, does not constrain the shape of the 
impulse response functions and is less sensitive to misspecification (Jordà and Taylor, 2016 and 
Ramey and Zubairy, 2018). Second, to investigate the price dynamics, we use a causal mediation 
analysis. This analysis identifies and quantifies causal effects and determines whether the effects 
are mediated through another variable, called a mediator. The outcome variable is food security, 
the mediating variable is prices, and the independent variables are conflict, climate change and 
trade policy. The third extension pertains to the inclusion of some interactions between control 
variables and the stressors to see how some country’s characteristics can curb the negative 
impact of the stressors (such as the quality of institutions, subsidies, investment, etc.). We also 
consider focusing on the first and second top suppliers of key products. 

From a policy perspective, the output of this model can help build a multi-scenario analysis that 
can be used to run different simulations and counterfactuals. This is of particular importance for 
developing countries, especially the MENA region, that face a multilayer crisis related to trade, 
conflict and climate challenges. This will be done using the coefficients obtained from the 
multivariate analysis.  

3.2 Discussion of the baseline results 

Building on the empirical framework outlined in the previous sub-section, we now turn to the 
estimation results that quantify how structural characteristics, trade network positioning, and 
exogenous stressors shape food security outcomes. 

Table 2 reports baseline fixed-effects panel estimates for the full sample, where food security is 
proxied by prevalence of undernourishment (access dimension, columns 2 and 3) and energy 
supply from cereals (availability dimension, columns 4 and 5). The inclusion of country and year 
fixed effects, as described in the methodology, ensures that results capture within-country 
variation over time, net of unobserved heterogeneity and global shocks. 

GDP per capita emerges as a key structural determinant of food security when proxied by 
undernourishment, exhibiting a highly significant and negative coefficient in columns (2) and (3). 
This result indicates that higher income levels are associated with improved food access, in line 
with the access channel emphasized in the FAO food security framework. By contrast, GDP per 
capita does not exert a statistically significant effect on cereal-based dietary energy supply, 
suggesting that income gains are more likely to translate into dietary diversification rather than 
increased reliance on cereals. 

 
3 https://www.subsidydata.org/en/subsidydata/home  
4 https://www.emdat.be/  

https://www.subsidydata.org/en/subsidydata/home
https://www.emdat.be/


  

 

 

23 
Deliverable 1.4 – Takeaways for dashboard and DSS 

STAPLES – GA No. 2333                                                                                                                                          [PU]
       

The agricultural value-added share is consistently associated with lower undernourishment and 
higher cereal energy availability. This dual effect highlights the role of domestic agricultural 
capacity in simultaneously improving access and stabilizing staple availability, especially in import-
dependent economies. Similarly, arable land availability reduces undernourishment, reinforcing 
the importance of structural production constraints. 

As a proxy of social characteristics, unemployment is positively and significantly associated with 
cereal energy supply. This counterintuitive result likely reflects a substitution effect whereby 
households facing labour-market stress revert to cheaper, calorie-dense cereal consumption. 
Gross capital formation also increases cereal energy supply, pointing to the role of investment in 
infrastructure, storage, and logistics in strengthening availability rather than directly alleviating 
undernourishment. 

Institutional quality, proxied by political stability, is a key factor across both outcomes. Greater 
stability significantly lowers undernourishment and raises cereal energy supply, consistent with 
the previous discussions on conflicts and governance as major stressors. Indeed, conflicts and 
political instability disrupt cereal supply chains by damaging infrastructure, displacing labour, and 
increasing transaction costs (Martin-Shields and Stojetz, 2019; FAO 2017). 

Crucially, the results provide strong evidence on the role of global cereal trade network integration. 
The negative and significant coefficient on in-degree centrality indicates that countries sourcing 
cereals from a larger number of partners experience lower undernourishment. This finding 
supports the hypothesis that diversified trade linkages enhance resilience by reducing exposure 
to idiosyncratic supply shocks. The negative association between in-degree centrality and cereal 
energy supply should not be interpreted as a deterioration in food availability. Rather, cereal 
energy captures the share of dietary calories derived from cereals, such that a decline reflects 
reduced dependence on staple grains. Countries that are more diversified in their cereal import 
networks benefit from greater supply stability and lower price volatility, which facilitates dietary 
diversification toward non-cereal food items. This interpretation is reinforced by the simultaneous 
reduction in undernourishment associated with higher in-degree centrality, indicating that deeper 
trade integration improves food access while lowering reliance on cereals as the dominant energy 
source. 

The absence of robust effects for fertilizer in-strength reflects the indirect and lagged nature of 
input–output linkages in agriculture, as well as the limited role of domestic cereal production in 
highly import-dependent economies.  

Trade policy variables show more nuanced effects. MFN tariffs on primary products are 
insignificant, largely due to their limited time variation and weak correspondence with effective 
trade restrictiveness. In contrast, non-tariff measures imposed by key trading partners significantly 
worsen undernourishment. NTM coverage on imports primarily affects the composition of food 
consumption rather than overall access to calories: by restricting or discouraging non-staple 
imports, it increases reliance on cheaper, calorie-dense cereals, raising cereal energy supply. At 
the same time, accompanying policy buffers such as subsidies and safety nets prevent a 
deterioration in minimum calorie intake, explaining the absence of a significant effect on 
undernourishment.  

Climate variables are not significant at the aggregate level. This result is inconsistent with the 
literature showing that climate change affects cereal supply through yield volatility, water scarcity, 
and increased frequency of extreme events (Lobell et al., 2011; Porter et al., 2014), and likely 
reflects heterogeneous exposure across countries. 
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Table 2: Food security stressors - Overall sample 

 Under Under Cereal 
Energy 

Cereal 
Energy 

Ln(GDP/cap) -6.576*** -6.678*** -0.00104 0.0164 

 (0.716) (0.734) (0.0294) (0.0294) 

Agricultural Value Added (% of GDP) -0.135*** -0.135*** 0.00308** 0.00288* 

 (0.0337) (0.0342) (0.00149) (0.00147) 

Arable Land (% of land area) -0.133** -0.136** 0.000387 0.00394 

 (0.0593) (0.0606) (0.00250) (0.00248) 

Unemployment rate (% of total labour 
force) 

-0.0274 -0.0199 0.00584*** 0.00608*** 

 (0.0286) (0.0298) (0.00108) (0.00109) 

Gross Capital Formation (% of GDP) 0.00636 0.00900 0.00161*** 0.00145*** 

 (0.0136) (0.0143) (0.000524) (0.000533) 

Political Stability  -0.573*** -0.603*** 0.0358*** 0.0353*** 

 (0.210) (0.217) (0.00859) (0.00862) 

Unpr. Cereals In-degree -0.0340*** -0.0352*** -0.00202*** -0.00198*** 

 (0.0111) (0.0114) (0.000416) (0.000413) 

Fert. In-strength -0.00953 0.0172 -0.00301 -0.00861 

 (0.128) (0.142) (0.00578) (0.00620) 

MFN primary 0.000877 -0.000622 -1.23e-05 7.22e-06 

 (0.00743) (0.00895) (0.000262) (0.000303) 

NTM coverage imp. -0.372 -0.381 0.0164 0.0265** 

 (0.275) (0.284) (0.0109) (0.0109) 

NTM main trade partner -0.487* -0.493* -0.0109 -0.00987 

 (0.249) (0.254) (0.00979) (0.00973) 

Temperature change -0.190  -0.00579  

 (0.133)  (0.00487)  

Water stress agri.  -0.00101  1.09e-05 

  (0.00159)  (6.40e-05) 

Observations 1,629 1,589 1,476 1,429 

R-squared 0.951 0.954 0.948 0.949 

Country FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Note: Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01. Understands for Prevalence of 
Undernourishment (% of population) and Cereal energy stands for energy supply from cereals.  
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4 Takeaways from T1.3 

The systematic review of the literature (described in detail in D1.3) has highlighted two main 
categories of indicators for assessing vulnerability and resilience of the supply chain. It is worth 
noting that the two categories of indicators have been developed at the country level and/or at the 
company level and, therefore, could be adapted to both the units of analysis. 

 

Indicators of vulnerability 

Once the level of integration into the value chain has been determined, it is crucial to measure the 
degree of risk exposure associated with this integration: this is done through the analysis of 
supplier dependencies and structural vulnerabilities within the supply chain. These are ex-ante 
resilience measurements that evaluate the exposure to potential shocks and identify critical choke 
points. 

Modelling supply chains as networks facilitates the identification of critical points and helps to 
estimate the extent to which a country (or a company) could be affected by a disruptive event. 
This is ex-post, i.e. designed to quantify the consequences of a shock and to understand the 
propagation mechanisms within the network. 

 

Indicators of resilience 

Due to the multidisciplinary and multidimensional nature of resilience, there is a lack of consensus 
over the Supply Chain Resilience (SCR) definition. Tukamuhabwa et al. (2015) and Hosseini et 
al. (2019) provide two converging and most comprehensive definitions after reviewing the existing 
SCR literature. Their definitions emphasize three major capacities of SCR:  

1. the absorptive capacity corresponding to the preparation for emergencies/disasters; 

2. the adaptive capacity denoting the response to emergencies/disasters; 

3. the restorative capacity determining the recovery from the emergencies/disasters and the 
competitive advantage gained after that.  

These three capacities represent temporal attributes before, during, and after an 
emergency/disaster, respectively, and compose a useful framework for measuring SCR.  

The analysis of resilience focuses on measuring ex post the impact of past shocks on the supply 
chain, helping to estimate the extent to which a country (or a company) would be affected by a 
future disruptive event. This step is ex-post, i.e. designed to quantify (typically through simulation 
and scenario analysis) the consequences of a shock and to understand the propagation 
mechanisms within the system. 
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4.1 Indicators at the country level (contributions to the dashboard) 

Since network-based indicators were illustrated in the previous section, they are not treated further 
in the following sub-sections. 

4.1.1 Indicators of vulnerability, dependencies, and resilience 

1. Concentration (Herfindahl-Hirschman Index) 

This indicator is particularly relevant for resilience analysis, as one of the main sources of 
vulnerability to external shocks can stem from a high concentration of import markets. 
Nevertheless, since this indicator was already introduced in Section 3, we refer the reader to that 
section for a detailed explanation of its computation and interpretation. 

 

2. External Food Supply Risk Index 

We also recommend the computation of a modified HHI incorporating other factors influencing 
the supply risk, including together with the degree of import dependency, also political stability 
in the import country, the distance between the importing and supplying countries and a 
fungibility indicator to account for substitutability between different types of the relevant product.  

Import shares can be substituted by Net Positive Imports (NPI): 

𝑁𝑃𝐼𝑖𝑗 = 𝑀𝑎𝑥𝑖𝑚𝑢𝑚{0, (𝑀𝑖𝑗 − 𝑋𝑖𝑗)} (16) 

where 𝑀𝑖𝑗 is import from country 𝑗 and 𝑋𝑖𝑗 is the country’s exports to country 𝑗. 

Ali, Manikas, and Sundarakani (2022) derived the external food supply risk index (𝐹𝑖
𝑐) for cereal 

type c as: 

𝐹𝑖
𝑐 = [∑ (

𝑁𝑃𝐼𝑖𝑗
𝑐

∑ 𝑁𝑃𝐼𝑖𝑗
𝑐𝑁

𝑗=1

)

2𝑁

𝑗=1

𝑟𝑗𝑑𝑖𝑗] 𝐼𝐷𝑖
𝑐 

(17) 

where: 

● 𝑁𝑃𝐼𝑖𝑗
𝑐  is the net positive imports of cereal 𝑐 from supplier country 𝑗. 

● 𝑟𝑗 is a risk assessment relating to supplier country 𝑗. It measures the level of political, 

financial and economic risks that firms operating in the supplying country face from the 
International Country Risk Guide (ICRG, https://www.prsgroup.com/explore-our-
products/icrg/).  

● 𝑑𝑖𝑗 is the distance between the external supplying country j and the importing country 𝑖. 

The inclusion of distance enables to capture risks associated with supply chain disruptions 
that may happen during the cereal’s shipment for infrastructural or political reasons. 

● 𝐼𝐷𝑖
𝑐 is the importing country’s import dependency of cereal 𝑐, calculated as: 

𝐼𝐷𝑖
𝑐 =

∑ 𝑁𝑃𝐼𝑖𝑗
𝑐𝑁

𝑗=1

𝐶𝑖
𝑐  

(18) 

where 𝐶𝑖
𝑐 is the domestic total supply quantity of cereal 𝑐. 

The domestic supply quantity refers to the amount of cereal type 𝑐 that is available for domestic 
consumption and is equal to domestic production plus imports less exports, and less the 
change in stocks. 

https://www.prsgroup.com/explore-our-products/icrg/
https://www.prsgroup.com/explore-our-products/icrg/
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3. Shannon-Wiener Diversity Index 

SWI is an indicator used to account for the diversity of supplying countries: 

𝑆𝑊𝐼𝑖 =  ∑ 𝑚𝑖𝑗𝑙𝑛 𝑚𝑖𝑗

𝑁

𝑗=1

 
(19) 

where 𝑚𝑖𝑗 is the share of imports in country 𝑖 from country 𝑗. The index could be calculated at 

the level of the single product c. 

Namely, SWI weights more the smaller supplying countries. Although external suppliers with 
low import shares contribute less to the total cereal supply of an importing country, the 
established trade relation with these sources enables the importing country to smoothly switch 
to these sources in case of supply issues from other key partners.  

 

4. Adjusted Shannon-Wiener-Neumann Index (SWNI) 

The equation above can be rewritten to account for risk assessment (𝑟𝑗) of the supplying country 

𝑗 and the level of domestic production, i.e. self-sufficiency, 𝑃𝑖 as: 

𝑆𝑊𝑁𝐼𝑖 =  ∑(𝑚𝑖𝑗𝑙𝑛 𝑚𝑖𝑗𝑟𝑗)(1 + 𝑃𝑖)

𝑁

𝑗=1

 
(20) 

where: 

𝑚𝑖𝑗 is the share of imports in country 𝑖 from country 𝑗; 

𝑟𝑗is the risk of the supplying country 𝑗; 

𝑃𝑖is the level of domestic production5. 

 

5. Geopolitical Supply Risk 

This category of indicators builds on the concentration ones but also includes geopolitical risks 
that could affect the continuity of critical resource (or product) supply.  

The supply risk (SR) of the focal country 𝑖 concerning the product of interest c is calculated as: 

𝑆𝑅𝑐𝑖 = 𝐻𝐻𝐼𝑐 ∗ 𝑊𝐺𝐼𝑖 =  ∑(𝑠𝑐𝑗
2 )

𝑁

𝑗=1

∗ ∑(𝑔𝑗 ∗ 𝑚𝑖𝑗)

𝑁

𝑗=1

 
(21)      

where: 

• 𝑠𝑐𝑗 is the share of country 𝑗 in the global production of the commodity 𝑐. 

 

5 The adjusted Shannon–Wiener–Neumann Index (SWNI) was introduced by Neumann (2004) in his thesis 
Security of Supply in European Natural Gas Markets (Viadrina University, Frankfurt/Oder). The thesis is 
available at the following link: https://tu-
dresden.de/bu/wirtschaft/bwl/ee2/ressourcen/dateien/dateien/ordner_publikationen/neumann_security_o
f_supply_diplomarbeit.pdf?lang=en. The domestic production data used in the index come from the World 
Energy Outlook, where production is measured in physical quantities (million barrels per day, mb/d). 

https://tu-dresden.de/bu/wirtschaft/bwl/ee2/ressourcen/dateien/dateien/ordner_publikationen/neumann_security_of_supply_diplomarbeit.pdf?lang=en
https://tu-dresden.de/bu/wirtschaft/bwl/ee2/ressourcen/dateien/dateien/ordner_publikationen/neumann_security_of_supply_diplomarbeit.pdf?lang=en
https://tu-dresden.de/bu/wirtschaft/bwl/ee2/ressourcen/dateien/dateien/ordner_publikationen/neumann_security_of_supply_diplomarbeit.pdf?lang=en
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• 𝑔𝑗 is the political instability indicator of country 𝑗, which is derived from the 

Worldwide Governance Indicators (WGI). 

• 𝑚𝑖𝑗 is the import share of country j in the supply chain of country 𝑖. 

SR values vary between 0 and 1 (as indicating the share of the commodity import being at risk). 

GeoPolitical Supply Risk (GPSR) is a more articulated version of the SR indicator, accounting for 
the geopolitical risk inherent in a given supply chain regarding the import of product c from 
countries or regions with high levels of insecurity.  

Concentration is calculated using the HHI of the producing countries, while political risk is 
measured using the Worldwide Governance Indicators (WGI) in its "political stability and absence 
of violence/terrorism" (WGI-PV) dimension, weighted by the share of import flow from country j. 

The complete calculation for the Geopolitical Supply Risk in a single-stage supply chain is 
expressed as: 

𝐺𝑃𝑆𝑅𝑐𝑖 =  𝐻𝐻𝐼𝑐 ∗ 𝑊𝐺𝐼𝑐𝑖 = ∑(𝑃𝑐𝑗
2 /𝑃𝑐

2)

𝑁

𝑗=1

∗ ∑ (𝑔𝑗 ∗ (
𝑀𝑐𝑖𝑗

𝑃𝑐𝑖 + 𝑀𝑐𝑖
))

𝑁

𝑗=1

 
(22) 

where: 

• 𝐺𝑃𝑆𝑅𝑐𝑖 is the Geopolitical Supply Risk factor for using product c (which is produced 
in country j) in country 𝑖; 

• 𝑃𝑐𝑗 is the production of product 𝑐 in country 𝑗 

• 𝑃𝑐 = ∑ 𝑃𝑐𝑖 is the global production of product 𝑐. 

• 𝑔𝑗 is the political stability score of country 𝑗, namely its WGI-PV score; 

• 𝑀𝑐𝑖𝑗 is the import volume from country 𝑗 to country 𝑖; 

• 𝑀𝑐𝑖 =  ∑ 𝑀𝑐𝑖𝑗 is the sum of all import tonnage to country 𝑖. 

Both the concentration factor HHI and the governance factor WGI take values between 0 and 1, 
therefore GPSR will also take values between 0 and 1. The data sources required for the 
calculation of SR and GPSR indices are reported in Table 3.  
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Table 3: Data sources for the computation of SR and GPSR indicators. 

Variable Definition Source Link 

𝑃𝑐𝑗 production of 
product 𝑐 in 

country 𝑗 

FAOSTAT 

Indices of 
Industrial 

Production (IIP) 
Database from 

UNIDO 

https://www.fao.org/faostat/en/#data 

https://stat.unido.org/ 

𝑔𝑗 political stability 
score of 
country 𝑗, 
namely its 
WGI-PV 
dimension 

Worldwide 
Governance 

Indicators (WGI) 
from the World 

Bank 

https://data.worldbank.org/indicator/PV.PER.RNK 

𝑀𝑐𝑖𝑗 import tonnage 
from country 𝑗 
to country 𝑖 

UNCTADStats https://unctadstat.unctad.org/EN/  

      

6. Vulnerability of Supply Chain Disruptions 

Vulnerability of countries to disruptions of supply chains can be assessed using Foreign Input 
Reliance (FIRel) as illustrated by Schwellnus et al. (2023). 

FIRel denotes the ratio of foreign output used in domestic production to total domestic gross 
output and it can be interpreted as the share of total domestic output exposed to upstream 
disruptions in GVCs. 

𝐹𝐼𝑅𝑒𝑙𝑖 =  ∑ ∑ 𝐹𝐼𝑅𝑐𝑖𝑗
𝑁
𝑗=1

𝑀
𝑐=1 = ∑ ∑ (𝑀𝑐𝑖𝑗 𝑃𝑐𝑖⁄ )𝑁

𝑗=1
𝑀
𝑐=1  (23) 

where: 

• 𝑀𝑐𝑖𝑗 is the import of product 𝑐 from country 𝑗 in country 𝑖; 

• 𝑃𝑐𝑖 is the production of product c in country 𝑖. 

It is worth noticing that - in contrast to value-added-based measures of FIRel - the gross trade 
version of FIR implicitly accounts for the fact that longer supply chains may involve a higher 
risk of disruption. In fact, gross imports consider the value-added each time a product transits 
through a country. 

 

7. Identification of choke points 

While FIRel describes vulnerabilities from the perspective of countries and industries exposed to 
supply-side disruptions from abroad, this section focuses on the characterisation of the sources 
of vulnerabilities. Upstream choke points countries and/or industries are those on which many 
other countries and/or industries are highly dependent. The definition of these points in the chain 
is based on the previously described FIRel (Schwellnus et al., 2023). 

The identification of upstream choke points by sector has the objective of identifying critical 
suppliers for each industry as a supply disruption may have sizeable downstream effects on 
foreign buyers.  

https://www.fao.org/faostat/en/%23data
https://stat.unido.org/
https://data.worldbank.org/indicator/PV.PER.RNK
https://unctadstat.unctad.org/EN/
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The sources of value chain vulnerability are measured by taking the perspective of the industry 
acting as a potential upstream. Upstream choke points are defined as the average input reliance 
across buying industries and countries on a supplying industry in a specific country. Specifically: 

𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖 =  1/(𝐶′ ∗ 𝐼′) ∑ ∑(𝐹𝐼𝑅𝑐′𝑖′𝑐𝑖)

𝐼′

𝑖′=1

𝐶′

𝑐′=1

 𝑖  𝐼𝑛𝑑 

     
(24) 

Where: 

• 𝑐𝑖 is the supplying country-industry; 

• 𝑐′𝑖′ is the buying country-industry; 

• 𝐶′ is the total number of buying countries; 

• 𝐼′ is the total number of buying industries; 

• 𝐼𝑛𝑑 is either a single supplying industry or a broader supplying sector 
encompassing several industries (e.g. agriculture, manufacturing, or services). 

Therefore, the higher the value of UpChoke, calculated for a sector or country, the greater the 
downstream consequences that would arise from a potential disruption. For instance, suppose 
that Ind is the agriculture sector. Then, 𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖  measures the importance of each 

disaggregated agricultural industry i in each country 𝑐 as a supplier to the rest of the economy 
(including agricultural industries themselves). The agricultural industries in the countries with the 
highest values of 𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖  are then considered upstream agricultural choke points.  

The value of UpChoke combines the size of dependencies (the average size of FIRel on the 
supplying industry conditional on the existence of a value chain link) and the number of 
dependencies (number of country-industries depending on the supplying industry) of buying 
industries relative to the supplying industry. At a given number of dependencies, the value of 
𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖  increases with the size of FIRel. Similarly, at a given size of dependencies, 
𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖  increases with the number of dependencies. In this sense, the value of 

𝑈𝑝𝐶ℎ𝑜𝑘𝑒_𝐼𝑛𝑑𝑐𝑖  is similar to measures of forward centrality (Criscuolo and Timmis, 2018). In 
contrast to forward centrality measures that typically put a lower weight on distant links in the value 
chain, upstream choke points weigh proximate and distant links equally. The rationale is that the 
entire shipment may be held up at any point of the value chain.  

The primary data source is the OECD ICIO (Organisation for Economic Co-operation and 
Development Inter-Country Input-Output) tables that measure the interrelatedness of production 
across 45 industries and 76 countries from 1995 to 2019 (Martins Guilhoto, Webb and Yamano, 
2022). 

FIRel and choke point indicators are computed using information on gross output, value-added, 
going to final consumption, as well as the origin country of intermediate inputs.  

In conclusion, these choke points represent sectors or countries that, in the event of a disruption, 
could cause ripple effects throughout the supply chain, compromising the production capacity of 
downstream actors. Therefore, analysing and monitoring these choke points allows the 
development of proactive strategies to mitigate risks and strengthen the resilience of the supply 
chain. 
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8. Liner Shipping Bilateral Connectivity Index (LSBCI) 

As far as resilience indicators are concerned, we mentioned the Liner Shipping Bilateral 
Connectivity Index (LSBCI), a method developed by the United Nations Conference on Trade 
and Development (UNCTAD) in 2006 to assess Food Supply Chain (FSC) resilience at a 
country level (Poo and Yang, 2021). The index originally combines two country-specific 
attributes: (1) its production-to-supply ratio, and (2) the country’s shipping transport 
connectivity.  

The Liner Shipping Bilateral Connectivity Index (LSBCI) is adopted to understand countries’ 
transport network connectivity, which is used to model the food trade network and hence it is 
relevant for the associated food security level in terms of local or global supplies. The LSBCI is 
used to assess the efficiency and quality of shipping connections between two nations. The 
assumption is that countries having a well-connected network can recover better from a shock 
by reorienting trade flows and leveraging alternative connections. Updates are released 
quarterly by UNCTAD (https://unctadstat.unctad.org/datacentre/reportInfo/US.LSBCI). 

Food balance sheets by the UN Food and Agriculture Organization (FAO) of various food 
products in a country are adopted for the data on local production. Data on imports come from 
the United Nations Commodity Trade (UN COMTRADE) database.  

Thus, the National FSC Resilience (NFR) index for each product c is calculated as follows: 

𝑁𝐹𝑅𝑐𝑖 =  ∑ 𝐹𝐼𝑅𝑐𝑖𝑗

𝑁

𝑗=1

∗ 𝐿𝑆𝐵𝐶𝐼𝑖𝑗  = ∑(𝑀𝑐𝑖𝑗 𝑃𝑐𝑖⁄ )

𝑁

𝑗=1

∗ 𝐿𝑆𝐵𝐶𝐼𝑖𝑗 
 

(25) 

where: 

• 𝐹𝐼𝑅𝑐𝑖𝑗 is the Foreign Import Ratio for product c (from country j in country 𝑖); 

• 𝑃𝑐𝑖 is the production of the product 𝑐 in country 𝑖 
• 𝐿𝑆𝐵𝐶𝐼𝑖𝑗 is the Liner Shipping Bilateral Connectivity Index between country i and 

country j. 

A critical issue of this method is the need for comprehensive data collection, which is threatened 
on one hand by the lack of data for certain products and countries, and on the other by the 
necessity of matching and standardizing metrics described by FAO and UN COMTRADE, 
which may present discrepancies in product definitions. 

4.2 Indicators at the firm level (contributions to the DSS) 

Measuring the firm’s Supply Chain Resilience means to quantify the three capacities of SCR, i.e. 
absorptive, adaptive and restorative capacity (Yang et al., 2025).  

For example, as summarized by Hosseini et al. (2019), the absorptive capacity could be measured 
by the degree of supplier segregation, the multiple sourcing, inventory position, and multiple 
transportation channels; the adaptive capacity could be measured according to the ability of 
backup suppliers, rerouting, communication, and input substitution; and the restorative capacity 
could be measured by the suppliers’ restoration budgets and technology restoration resources. 
Table 4 summarises the three dimensions and the related indicators suggested by Yang et al. 
(2025). 

 

https://unctadstat.unctad.org/datacentre/reportInfo/US.LSBCI
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Table 4: Factors of resilience at the firm level. 

Dimensions of resilience Factors 

Absorptive capacity (before the event) Supplier segregation 

Multiple sourcing 

Inventory position 

Multiple transportation channels 

 

Adaptive capacity (during the event) Backup suppliers 

Rerouting 

Communication 

Input substitution 

Restorative capacity (after the event) Restoration budgets 

Technology restoration resources 

Source: Adapted from Hosseini et al. (2019). 

 

4.2.1 Before and during the event: Absorptive capacity and adaptive capacity 

Absorptive capacity can be seen as the combination of certain actions, namely separating 
suppliers, duplicating suppliers, stockpiling, and multiplying transportation channels.  In particular: 

 

1. Supplier segregation 

Separating suppliers geographically can effectively reduce the disruption risk imposed on a 
manufacturing facility, specifically in the event of a regional natural disaster. Purchasing raw 
materials from suppliers located in different regions could potentially reduce the likelihood of a 
regional natural disaster negatively affecting the suppliers of a manufacturing facility. 

 

2. Multiple sourcing strategy 

Several studies suggest that multiple sourcing (i.e. collaborating with multiple suppliers rather than 
a single supplier) results in better service level with a lower conditional value of risk compared to 
single sourcing.  

Bicer (2015) showed how Extreme Value Theory (EVT) can be applied to price the value of 
flexibility in the case of disruptive events. The author investigated the impact of dual sourcing with 
a single product under conditions of high demand fluctuation. The EVT was used to characterize 
the tail heaviness of demand distribution. The author concluded that companies could potentially 
improve cost efficiency if customer demand distribution is more heavy-tailed demand when the 
cost of sourcing from supplier is relatively low. 
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3. Inventory positioning 

Inventory strategies are part of the absorptive capacity of a supplier or manufacturer in terms of 
ordering and stocking decisions.  

This fact needs to be taken into account prior to disruption. The resilience degree of a 
manufacturing facility does not depend on its initial capacity alone, but also on its additional initial 
capacity. Some manufacturing companies prefer to reduce inventory holding costs. Those who 
implement lean manufacturing principles may not carry excess inventory at all, instead accepting 
the disruption risk and associated cost. Tomlin (2006) investigated the impact of accepting 
disruption risk (acceptance strategy) and not carrying excess inventory in a single-product supply 
system with two suppliers. He showed that the optimal mitigation strategy can be achieved for 
short disruptions by utilizing the acceptance strategy, but holding excess inventory could be an 
optimal strategy for rarer, but longer disruptions. 

 

4. Multiple transportation channels 

Khalili et al. (2016) and Kamalahmadi and Mellat-Parast (2016) investigated the impact of 
resilience enhancement under multiple transportation channels and rerouting options for an 
integrated production-distribution system. The impact of availability and size of different 
transportation modes under different disruption scenarios are analysed. The authors concluded 
that utilizing multiple transportation channels in conjunction with prepositioning of emergency 
inventory at distribution centers could significantly enhance the resilience and reduce the recovery 
time. 

Likewise, adaptive capacity can refer to several actions, such as the backup of suppliers, 
redundancy of routes, communication, and substitution. 

 

5. Backup supplier 

Several studies (e.g. Torabi et al., 2015) confirm that having a backup supplier is an effective 
strategy to mitigate SC disruption. Using a rigorous quantitative methodology, Saghafian and Van 
Oyen (2016) investigated the impact of contacting a secondary flexible backup supplier on SC 
mitigation. The authors measured the true value of a flexible backup supplier and determined the 
upper bounds for the amount a risk-averse manufacturing plant should be willing to pay to 
implement a flexible backup supplier strategy. 

Primary and backup suppliers can be determined prior to disruption, but the selection of a backup 
supplier depends on the severity of impact of the disruption on the capacity of the primary supplier. 

 

6. Rerouting 

Redundancy within transportation networks in the event of a natural disaster could enable a SC 
to use nonstandard and more expensive routing options to ensure continuity.  

 

7. Communication 

Communication and cooperation are resilience enhancing features of adaptive capacity that help 
SCs to overcome disruptions through appropriate communication and collaboration, in a timely 
manner, among members of the SC. The role of communication among SC businesses and 
enterprises is acknowledged especially in qualitative studies while there are very few quantitative 
papers that explore the role of communication in SCs. However, all the studies confirm that 
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communication and collaboration among agents can help to effectively ensure resilient supply 
networks. 

8. Input substitution 

Substitution is the capability of a firm to temporarily substitute raw material with alternatives until 
operations return to a steady state. For example, consider a power SC where the production 
capacity of a combined cycle power plant is affected by a shortage of natural gas. Switching 
between natural gas and coal fuel could temporarily sidestep disruption of the power supply. Of 
course, technical issues arising from raw material replacement must be considered by the 
manufacturer prior to disruption. 

 

4.2.2 Indicators of absorptive capacity and adaptive capacity 

The indicators of absorptive capacity and adaptive capacity at the firm level largely mirror those 
illustrated for vulnerability and dependencies at the country level. In particular, the focal companies 
and their relationships with suppliers are modelled as the relationships between the focal countries 
and their importing countries. Some examples (referred to the main indicators) are reported below. 

 

1. Herfindahl-Hirschman Index (HHI) 

This index measures the concentration of the supply chain. For corporate managers, a high HHI 
value can indicate excessive dependence on a few suppliers or markets, which can expose the 
company to high risks in the event of a shock.  

𝐻𝐻𝐼 =  ∑ 𝑠𝑖
2

𝑖

 (26) 

where 𝑠𝑖 is the share of input sourced by supplier 𝑖 

𝑖 =  1, . . 𝑁 

HHI assumes value 1 in case of a unique supplier (maximum level of concentration) and 0 in case 
of an extremely high number of suppliers (minimum level of concentration). 

 

2. Linear Shipping Bilateral Connectivity Index (LSBCI) 

Companies can adopt this index to assess the connectivity and redundancy of maritime routes 
(see also par. 5.1.1.). Evaluating the resilience of transport routes allows for optimizing logistics 
choices, ensuring that alternative paths exist in case of blockages or disruptions. Route 
redundancy is a crucial aspect to reduce risks related to excessive dependencies on single 
suppliers or infrastructures. 

The Liner Shipping Bilateral Connectivity Index (LSBCI) is adopted to understand countries’ 
transport network connectivity, which is used to model the food trade network and hence the 
associated food security level in terms of local or global supplies. The assumption is that countries 
having a well-connected network can recover better from a shock by reorienting trade flows and 
leveraging alternative connections. Updates are released quarterly by UNCTAD 
(https://unctadstat.unctad.org/datacentre/reportInfo/US.LSBCI). 

 

3. (Some) Network based indicators 
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As already seen, social network metrics are useful for assessing the ex-ante interdependencies 
between nodes (actors) within a supply chain and the inherent vulnerabilities.  

Therefore, considering the main company and its suppliers as the nodes of the network, and their 
relationships as the links, the popular network metrics can be adopted. For example: Network 
complexity: Complexity of Supply Chain Networks has a positive moderating impact on resilience 
capabilities and performance after disruptions. It can be represented, e.g.  by the network’s size, 
which is determined by the number of nodes in the network. Therefore, in the case of a company’s 
supply chain, the relevant indicator becomes the Supplier complexity, that is the percentage of 
nodes that act as suppliers, and their characteristics. 

Likewise, other network-based indicators (e.g. degree of centrality, which measures the position 

of a given node in a network, or the density that can be defined as the ratio between the number 

of total links in the network and the number of potential links) can be adopted to illustrate the 

structure and the relevant vulnerability of the supply chain network.  

4.2.3 Indicators to assess resilience after the event (restorative capacity) 

In line with the conceptual definition of resilience as the capability to quickly and effectively recover 
from disruption, the time to recovery (TTR) is appropriate as a quantitative resilience metric (see 
Behzadi et al., 2020). In other words, resilience can be quantified by the time required for a supply 
chain network to return to normal operation after disruption. TTR can be compared to the Time To 
Survive (TTS), i.e. the time the company can continue operating after a disruption (for example 
thanks to safety stock) before stopping operations. If TTR > TTS the company will suffer from a 
loss during the downtime, otherwise will be able to limit the consequences, and therefore will be 
more resilient. 

In addition to TTR, the literature suggests two other recovery-based metrics for resilience:  

one that measures the recovery level (RL) after the recovery period (the period in which the supply 
chain returns to normal operation);  

a second that measures the supply chain’s lost performance during the recovery periods (LPR), 
that is the lost profit from the beginning of the disruption until the end of the recovery period, i.e., 
the lost profit during the TTR.  

In order to formalize these resilience metrics, a best-case performance (i.e., the optimal 
performance when there is no disruption, also known as the baseline performance) is often used 
as a comparison for resilient solutions. 
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Table 5: Resilience metrics and measures of restorative capacity 

Resilience Metrics Performance Measures 

TTR Out-of-service time 

Lead time ratio 

On time delivery 

Modified TTR Speed of recovery weighted by the level of initial performance loss and 
the level of recovery 

RTE Speed of recovery taking into account the trade-off with the costs of 
resources associated with recovery 

RL Service level 

Unfulfilled demand rate (or supply chain responsiveness) 

Stock out rate, fill rate, and backorder rate (order compliance) 

LPR Inventory backorder cost during supply shortfall 

Reduced quality of the system during the recovery period 

Total profit during recovery period 

The ratio of the cumulative actual performance over the cumulative target 
performance (no disruption) of critical infrastructure networks (power 
grids and gas) during the recovery periods 

Modified LPR Minimum performance during recovery weighted by multiplication of 
rapidity to start recovery, speed of recovery, inverse of time average 
performance loss during recovery, and recovery ability (ratio of the 
recovered performance over the recovery period) 

Source: Authors’ own elaboration from Behzadti et al (2020) 

 

1. Time to Recovery (TTR) 

Time-To-Recovery (TTR) is defined as the time until a supply chain has fully recovered after being 
hit by a shock. It is a temporal indicator that measures, after the occurrence of a shock, the time 
required to restore operations to normal. It helps quantifying the effectiveness of recovery actions 
and the speed at which the system rebounds from disruptions, enabling companies to monitor and 
improve their emergency and business continuity plans. The indicator could be calculated as 
follows: 

𝑇𝑇𝑅 = 𝑡𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑆𝐿 −  𝑡𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦𝑆𝐿 (27) 

where: 

𝑡𝑓𝑎𝑖𝑙𝑢𝑟𝑒𝑆𝐿 is the moment when the service level (SL) falls below the failure threshold, and 

𝑡𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦𝑆𝐿 is the moment when the service level (SL) returns to the recovery level. 
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TTR metrics may also take the form of more general time-based performance measures, such as 
minimum out-of-service time, lead-time ratio (a ratio between the promised and the actual lead-
times6), or maximum acceptable on-time delivery7. 

 

2. Recovery Time Equivalent (RTE) 

RTE is another indicator for assessing recovery time, but it also takes into account the trade-off 
with the costs of the resources associated with recovery (Comparing the cost of resources with 
cost of performing below the standard level) 

 

3. Recovery Level (RL) 

Recovery Level (RL) is mainly defined as the fraction of the best case (baseline) performance that 
is recovered after some period of disruption. RL is occasionally referred to as the fraction of the 
disrupted performance that is recovered after the recovery period (i.e., the recovered performance 
is compared with the disrupted performance rather than the baseline performance. 

RL can be also referred to as unfulfilled demand rate under a range of supply and demand spikes 
that are simulated using different mean and absolute deviation (simulation studies where RL varies 
for scenarios with different durations of recovery).  

RL is also referred to as supply chain responsiveness - captured by the fraction of demand in each 
customer zone for each product that is satisfied by assigned facilities when facilities capacities 
varies randomly because of possible disruptions. Finally, RL has been also defined by multiple 
metrics including stock out rate (i.e., unfulfilled demand rate), fill rate, and backorder rate (i.e., 
demand postponement rate). 

 

4. Lost Performance during Recovery (LPR) 

Lost Performance during Recovery (LPR) is mostly defined as the difference between the 
performance that is affected by a disruption and the baseline performance, but this difference is 
only considered during the recovery period. The LPR metric in the context of SCRM metrics mostly 
takes the form of cost/profit- or quality-related metrics during a recovery interval (e.g. the inventory 
backorder cost during a supply shortfall from the dedicated primary supplier).  

Another LPR metric considers the minimum performance during recovery. Namely, the 
performance during recovery metric also includes a weighted multiplication of two ratios: (1) the 
rapidity to start and complete recovery (inverse of time average performance loss during 
recovery); and (2) recovery ability (ratio of the recovered performance over the recovery period).  

 

5. Supply Chain Resilience (SCR) metrics 

The metrics that quantify SCR refer to objective functions that must be maximized in addition to 
minimizing SC cost as primary objective. SCR are usually bounded between [0, 1]. 

For example, Torabi et al. (2015) developed a resilience metric that is a function of absorptive 
capacity (inventory pre-positioning), adaptive capacity (backup supplier), and restorative capacity 
(restoration of disrupted supplier). Let’s assume that the amount of lost capacity recovered by 

 
6 As the lead-time ratio approaches one, the recovery lead-time reduces and hence, TTR is improved.  

7 Similar to the lead-time ratio, improving on-time delivery improves TTR and can be considered as an 

example of a resilience metric.  
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inventory prepositioning, backup supplier, and restoration of disrupted supplier is denoted by A, 
B, and C, respectively, and that LTA, LTB and LTC denote the time of receiving items associated 
with the A, B, and C resilience strategy. The loss of supply can be shown graphically as the shaded 
area in the figure below and can be mathematically calculated by the following equation: 

𝑅𝐸′ = 𝐴𝑥𝐿𝑇𝐴 + 𝐵𝑥𝐿𝑇𝐵 + 𝐶𝑥𝐿𝑇𝐶 (28) 

 

Figure 5: The recovery process of disrupted supplier 

 

Source: Hosseini et al (2019) 

 

A lower value of 𝑅𝐸′ results in higher supply resilience. The authors then calculated the resilience 
of the supply base as follows: 

𝑅𝐸 = 1 −
𝑅𝐸′

(𝑄𝑥𝑇∗)
 

(29) 

where 𝑄 is the total amount of items the manufacturer needs from the supplier and 𝑇∗ is the upper 
bound on the length of the recovery process. 

Hosseini et al. (2019) also observe that despite these metrics that quantify the resilience of the 
supply network, many researchers have not measured SCR directly, but rather have tried to 
measure the drivers of resilience (e.g. quantifying the impact of disruption propagation throughout 
multi-tier supply networks in order to help identifying vulnerable suppliers, and enhance risk 
mitigation, or quantifying SCR as a measure of supplier segregation that aims to select a set of 
geographically dispersed suppliers). 
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5 Summary of the contributions to the dashboard and to the DSS 

The contribution of WP1 to the dashboard and the DSS can be summarized as follows. WP1 
provided or will provide two main sets of inputs: 
 
A set of indicators to be calculated from publicly available data at country level for aggregated and 
single product categories.  

• Network indices (both from unweighted and weighted networks): in-degree, in-strength, 
and authority scores are particularly relevant for assessing how effectively MENA countries 
engage with international markets, and whether their trade relationships are concentrated 
around globally influential partners that can be accompanied by other indicators such as 
in-eigenvector and PR. Centrality measures looking at the other side of trade, exports, 
have been also illustrated, namely out-degree and out-strength, hub scores, and out-
eigenvector centrality. 

• Concentration indices based on the Hirshman Herfindal index. 

• Import dependency. 

• Exposure indicator obtained from the computation of the Balassa Index of RCA. 

• Resilience indicators at the country-level. 
 

A set of coefficients estimated from the multi-scenario analysis that will help show how food 
security measures are affected by different stressors, namely: 

• Conflict. 

• Trade policies (tariff and non-tariff measures). 

• International price of cereals. 

• Climate change. 
     Firm-level/supply chain resilience indices—with a particular focus on Egypt and Morocco 
derived from the framework of Task 1.3 such as the HHI, the LSBCI, some topological network 
measures, as well as the TTR and the SCR metrics. 

Finally, a detailed summary of the main indicators and variables discussed in this deliverable, 
along with their corresponding data sources and update frequency, can be found in Table A5. 
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6 Conclusion 

This report gives a comprehensive account of the contributions of each task within WP1 to the 
development of the dashboard and the DSS, thereby advancing the overarching objectives of 
WP4. Task 1.1 provides a static network perspective on global cereal trade, with particular focus 
on unprocessed cereals in the MENA region. The analysis combines several centrality measures 
to map the structural position of MENA countries within the global trade network. Given their high 
dependence on cereal imports, priority is assigned to the simplest local centrality measures that 
capture inward trade flows in both unweighted and weighted networks—namely, in-degree and in-
strength (in the weighted version). This is complemented by global centrality indicators, including 
authority score, eigenvector centrality, and PageRank. In addition, the HHI is used to capture 
market concentration, while the RCA exhibits the presence of a comparative advantage in the 
production of cereals for countries in the MENA region. Together, this dual approach allows an 
assessment of both a country’s position within the network and the extent to which its trade 
structure is concentrated or diversified. 

Task 1.2 complemented this structural analysis with a multi-scenario assessment that quantifies 
the potential impacts of trade disruptions on food security. In particular, it incorporates both trade-
related stressors—such as tariff and non-tariff measures—conflict and climate related shocks as 
potential threats to food security across all its four dimensions (access, utilization, availability and 
stability). The resulting estimates will form a key analytical input, enabling the evaluation of risk 
propagation under alternative future scenarios. This will be doable through the estimation of key 
parameters that will be introduced in the early warning. 

Task 1.3 has further enriched the framework by incorporating a diverse set of resilience-oriented 
indicators at the country level—including the External Food Supply Risk Index, the Shannon–
Wiener Diversity Index, Geopolitical Risk measures, as well as various indicators of GVCs’ 
vulnerability—together with the network measures addressed in Task 1.1. Additionally, it has 
illustrated firm-level indicators, extending the assessment of resilience beyond national 
aggregates and contributing to the design of a more granular and responsive DSS at the company 
level. 

Taken together, these contributions provide a robust empirical basis for assessing the vulnerability 
and resilience of cereal value chains in MENA countries. By integrating structural, risk-based, and 
scenario-driven analyses, the report lays the groundwork for informed policy evaluation and timely 
decision-making to safeguard food security in the face of international trade shocks. 
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8 Appendix 

8.1 Tables: list of cereals, fertilisers, and countries under study  

 

Table A 1: List of cereals included in the dashboard (HS-6 classification). 

UNPROCESSED CEREALS 

Chapter 10 Cereals 

(Harmonized System) 
HS 4-digit code 

Product List HS 6-digit code Product List 

1001 Wheat and meslin 100110 Cereals: durum wheat 

100190 Cereals: meslin and wheat other than durum 

1002 Rye 100200 Cereals: rye 

1003 Barley 100300 Cereals: barley 

1004 Oats 100400 Cereals: oats 

1005 Maize (corn) 100510 Cereals: maize (corn), seed 

100590 Cereals: maize (corn), other than seed 

1006 Rice 100610 Cereals: rice in the husk (paddy or rough) 

100620 Cereals: husked (brown) rice 

100630 Cereals: rice, semi-milled or wholly milled, whether 
or not polished or glazed 

100640 Cereals: rice, broken 

1007 Grain sorghum 100700 Cereals: grain sorghum 

1008 Buckwheat, millet and 
canary seed; other 
cereals 

100810 Cereals: buckwheat 

100820 Cereals: millet 

100830 Cereals: canary seeds 

100890 Cereals: n.e.s. in chapter 10 
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Table A 2: List of fertilizers included in our dataset (HS-6 classification). 

AGRICULTURAL INPUTS 

FERTILIZERS 

Chapter 31 Fertilizers 

(Harmonized System) HS 
4-digit code 

Product List HS 6-digit code Product List 

3101 HS Codes of Animal or 
vegetable fertilisers, 
whether or not mixed 
together or chemically 
treated; fertilisers 
produced by the mixing or 
chemical treatment of 
animal or vegetable 
products 

310100 Fertilizers, animal or vegetable: whether or not mixed 
together or chemically treated: fertilizers, produced by 
the mixing or chemical treatment of animal or 
vegetable products 

3102 HS Codes of Mineral or 
chemical fertilisers, 
nitrogenous 

310210 Fertilizers, mineral or chemical: nitrogenous, urea, 
whether or not in aqueous solution 

310221 Fertilizers, mineral or chemical: nitrogenous, 
ammonium sulphate 

310229 Fertilizers, mineral or chemical: nitrogenous, other 
than ammonium sulphate 

310230 Fertilizers, mineral or chemical: nitrogenous, 
ammonium nitrate, whether or not in aqueous solution 

310240 Fertilizers, mineral or chemical: ammonium nitrate 
with calcium carbonate or other inorganic non-
fertilizing substances, mixtures thereof 

310250 Fertilizers, mineral or chemical: nitrogenous, sodium 
nitrate 

310260 Fertilizers, mineral or chemical: nitrogenous, double 
salts and mixtures of calcium nitrate and ammonium 
nitrate 

310270 Fertilizers, mineral or chemical: nitrogenous, calcium 
cyanamide 

310280 Fertilizers, mineral or chemical: nitrogenous, mixtures 
of urea and ammonium nitrate in aqueous or 
ammoniacal solution 

310290 Fertilizers, mineral or chemical: nitrogenous, other 
kinds including mixtures not specified in the foregoing 
subheadings 

3103 HS Codes of Mineral or 
chemical fertilisers, 
phosphatic 

310310 Fertilizers, mineral or chemical: phosphatic, 
superphosphates 

310320 Fertilizers, mineral or chemical: phosphatic, basic slag 

310390 Fertilizers, mineral or chemical: phosphatic, n.e.s. in 
heading no. 3103 

3104 HS Codes of Mineral or 
chemical fertilisers, 

310410 Fertilizers, mineral or chemical: potassic, carnallite, 
sylvite and other crude natural potassium salts 

https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-nitrogenous-Heading-3102.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Animal-vegetable-fertilisers-mixed-together-Heading-3101.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-nitrogenous-Heading-3102.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-nitrogenous-Heading-3102.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-nitrogenous-Heading-3102.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-nitrogenous-Heading-3102.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-phosphatic-Heading-3103.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-phosphatic-Heading-3103.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-phosphatic-Heading-3103.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-phosphatic-Heading-3103.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-potassic-Heading-3104.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-potassic-Heading-3104.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-potassic-Heading-3104.aspx
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potassic 
310420 Fertilizers, mineral or chemical: potassic, potassium 

chloride 

310430 Fertilizers, mineral or chemical: potassic, potassium 
sulphate 

310490 Fertilizers, mineral or chemical: potassic, n.e.s. in 
heading no. 3104 

3105 HS Codes of Mineral or 
chemical fertilisers 
containing two or three of 
the fertilising elements 
nitrogen, phosphorus and 
potassium; other fertilisers; 
goods of this Chapter in 
tablets or similar forms or in 
packages of a gross weight 
not exceeding 10 kg 

310510 Fertilizers, mineral or chemical: in tablets or similar 
forms or in packages of a gross weight not exceeding 
10kg 

310520 Fertilizers, mineral or chemical: containing the three 
fertilizing elements nitrogen, phosphorus and 
potassium 

310530 Fertilizers, mineral or chemical: diammonium 
hydrogen orthophosphate (diammonium phosphate) 

310540 Fertilizers, mineral or chemical: ammonium 
dihydrogen orthophosphate (monoammonium 
phosphate) and mixtures thereof with diammonium 
hydrogen orthophosphate (diammonium phosphate) 

310551 Fertilizers, mineral or chemical: containing nitrates 
and phosphates 

310559 Fertilizers, mineral or chemical: containing the two 
fertilizing elements nitrogen and phosphorus, other 
than nitrates and phosphates 

310560 Fertilizers, mineral or chemical: containing the two 
fertilizing elements phosphorus and potassium 

310590 Fertilizers, mineral or chemical: n.e.s. in heading no. 
3105 

 

  

https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-potassic-Heading-3104.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
https://www.cybex.in/hs-codes/Mineral-chemical-fertilisers-containing-two-Heading-3105.aspx
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Table A 3 List of countries for the network analysis. 

Acronym Country Acronym Country Acronym Country 

ABW Aruba GIB Gibraltar NIU Niue 

AFG Afghanistan GIN Guinea NLD Netherlands 

AGO Angola GMB Gambia NOR Norway 

AIA Anguilla GNB Guinea-Bissau NPL Nepal 

ALB Albania GNQ Equatorial Guinea NZL New Zealand 

AND Andorra GRC Greece OMN Oman 

ARE United Arab 
Emirates 

GRD Grenada PAK Pakistan 

ARG Argentina GRL Greenland PAN Panama 

ARM Armenia GTM Guatemala PER Peru 

ATG Antigua and 
Barbuda 

GUM Guam PHL Philippines 

AUS Australia GUY Guyana PLW Palau 

AUT Austria HKG Hong Kong PNG Papua New 
Guinea 

AZE Azerbaijan HND Honduras POL Poland 

BDI Burundi HRV Croatia PRK North Korea 

BEL Belgium HTI Haiti PRT Portugal 

BEN Benin HUN Hungary PRY Paraguay 

BFA Burkina Faso IDN Indonesia PSE West Bank and 
Gaza 

BGD Bangladesh IND India PYF French Polynesia 

BGR Bulgaria IRL Ireland QAT Qatar 

BHR Bahrain IRN Iran ROU Romania 

BHS Bahamas IRQ Iraq RUS Russian 
Federation 

BIH Bosnia Herzegovina ISL Iceland RWA Rwanda 

BLR Belarus ISR Israel S19 Other Asia, nes 

BLZ Belize ITA Italy SAU Saudi Arabia 

BMU Bermuda JAM Jamaica SDN Sudan  

BOL Bolivia  JOR Jordan SEN Senegal 

BRA Brazil JPN Japan SGP Singapore 
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BRB Barbados KAZ Kazakhstan SHN Saint Helena 

BRN Brunei Darussalam KEN Kenya SLB Solomon Islands 

BWA Botswana KGZ Kyrgyzstan SLE Sierra Leone 

CAF Central African Rep. KHM Cambodia SLV El Salvador 

CAN Canada KIR Kiribati SOM Somalia 

CHE Switzerland KNA Saint Kitts and 
Nevis 

SPM Saint Pierre and 
Miquelon 

CHL Chile KOR South Korea STP Sao Tome and 
Principe 

CHN China KWT Kuwait SUR Suriname 

CIV Côte d'Ivoire LAO Laos SVK Slovakia 

CMR Cameroon LBN Lebanon SVN Slovenia 

COD Dem. Rep. of the 
Congo 

LBR Liberia SWE Sweden 

COG Congo LBY Libya SWZ Eswatini 

COK Cook Islands LCA Saint Lucia SYC Seychelles 

COL Colombia LKA Sri Lanka SYR Syria 

COM Comoros LSO Lesotho TCA Turks and Caicos 
Islands 

CPV Cabo Verde LTU Lithuania TCD Chad 

CRI Costa Rica LUX Luxembourg TGO Togo 

CUB Cuba LVA Latvia THA Thailand 

CYM Cayman Islands MAC Macao TJK Tajikistan 

CYP Cyprus MAR Morocco TKM Turkmenistan 

CXR Christmas Islands MDA Rep. of Moldova TLS Timor-Leste 

CZE Czechia MDG Madagascar TON Tonga 

DEU Germany MDV Maldives TTO Trinidad and 
Tobago 

DJI Djibouti MEX Mexico TUN Tunisia 

DMA Dominica MHL Marshall Islands TUR Turkey 

DNK Denmark MKD North Macedonia TZA United Rep. of 
Tanzania 

DOM Dominican Rep. MLI Mali UGA Uganda 

DZA Algeria MLT Malta UKR Ukraine 
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ECU Ecuador MMR Myanmar URY Uruguay 

EGY Egypt MNG Mongolia USA United States of 
America 

ERI Eritrea MNP N. Mariana Islands UZB Uzbekistan 

ESP Spain MOZ Mozambique VCT Saint Vincent and 
the Grenadines 

EST Estonia MRT Mauritania VEN Venezuela 

ETH Ethiopia MSR Montserrat VGB Br. Virgin Islands 

FIN Finland MUS Mauritius VNM Viet Nam 

FJI Fiji MWI Malawi VUT Vanuatu 

FLK Falkland Islands 
(Malvinas) 

MYS Malaysia WLF Wallis and Futuna 
Islands 

FRA France NAM Namibia WSM Samoa 

FSM FS Micronesia NCL New Caledonia YEM Yemen 

GAB Gabon NER Niger ZAF South Africa 

GBR United Kingdom NFK Norfolk Islands ZMB Zambia 

GEO Georgia NGA Nigeria ZWE Zimbabwe 

GHA Ghana NIC Nicaragua   

Note: Countries highlighted in red are included exclusively in the sample for unprocessed cereals, whereas 
those highlighted in blue appear only in the sample for fertilizers. 
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Table A 4: Range (Min-Max) of Unweighted Network Centrality Indicators. 

Centrality Indicator Short Definition Min Max 

In-degree It measures the number of incoming 
edges to a given node. 

0 206 or 195* 

Out-degree It measures the number of 
outcoming edges from a given node. 

0 206 or 195* 

In-degree (normalized) Same as in-degree only normalized 
by the maximum possible number of 

nodes (n-1). 

0 1 

Out-degree (normalized) Same as out-degree only normalized 
by the maximum possible number of 

nodes (n-1). 

0 1 

Authority score  It measures how important a country 
is as an importer within the network 
and is proportional to the hub scores 

of the countries from which it 
imports. 

0 1 

Hub score 

 

It measures how important a country 
is as an exporter within the network 
and is proportional to the authority 

scores of the countries it exports to. 

0 1 

In-eigenvector It measures a node’s importance 
based on the influence of the 

incoming countries it is connected to. 

0 1 

Out-eigenvector It measures a node’s importance 
based on the influence of the 

outgoing countries it is connected to. 

0 1 

Page Rank It reflects how influence flows into a 
node from other influential nodes, 

modelling this process as a random 
walk with a damping factor. 

0 1 

Note: In-degree and out-degree, unlike the other centrality indicators, are also presented in their non-
normalized forms, given their straightforward interpretation: they directly capture the number of economies 
from which each of our six MENA countries imports unprocessed cereals or fertilizers (in-degree) and the 
number of economies to which they export these products (out-degree). For completeness, we additionally 
report their normalized versions, which rescale the indicators to the [0,1]interval. All other centrality 
indicators are likewise normalized to ensure comparability across time and between countries. *The 
minimum value for both in-degree and out-degree is always 0, occurring when a country (node) has no 
import or export relationships with any other country in the network. The maximum value, instead, varies 
depending on the total number of nodes in the network and is equal to 𝑛 − 1, since self-loops—representing 
internal production used to satisfy domestic demand—are not included in our trade network. International 
trade exchanges, by definition, take place between distinct economies. Values highlighted in red denote the 
maximum in-degree and out-degree for the unprocessed cereals trade network, whereas those highlighted 
in blue represent the respective maxima in the fertilisers trade network. 
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Table A 5: Data sources and Timing. 

Variables Source Timing 

Network centrality indicators BACI-CEPII It is updated every year 
in January. 

Food security indicators FAOSTAT It is updated quarterly 
for SDGs measures. 

Conflict variables UCDP It is updated every 
year. 

GDP per capita, PPP WDI It is updated every 
year. 

Arable Land (% of land area) WDI It is updated every 
year. 

Gross Capital Formation (% of GDP) WDI It is updated every 
year. 

Political stability WB Worldwide Governance 
Indicators 

It is updated every 
year. 

Quality of Institutions V-Dem It is updated every 
year. 

Agricultural Employment (share of 
total employment) 

WDI It is updated every 
year. 

Agricultural Value-Added (% of GDP) WDI It is updated every 
year. 

Fertilizers trade and network 
variables 

BACI It is updated every year 
in January. 

Population growth rate (annual %) WDI It is updated every 
year. 

Poverty headcount ratio at national 
poverty lines (% of population) 

WDI It is updated every 
year. 

Note: BACI-CEPII stands for Base de Données de Commerce International from the Centre d’Études 
Prospectives et d’Informations Internationales. FAOSTAT is the FAO (Food and Agriculture Organization) 
Corporate Statistical Database. ILOEST denotes the ILO (International Labour Organization) Modelled 
Estimates. UCDP stands for the Uppsala Conflict Data Program. WB indicates the World Bank, while WDI 
refers to the World Development Indicators. Finally, V-Dem stands for Varieties of Democracy. 

 

8.2 R codes for network centrality measures and graphs (unprocessed 
cereals) 

In the following two subsections, we present the R commands used to compute the network 
centrality indicators and to generate the graphical representations shown in Figures 1 and 2. 
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Comments are provided in bold to facilitate interpretation and ensure full reproducibility of the 
procedures. 

The data-cleaning process—aimed at restricting the sample to the 2000–2023 period and retaining 
207 economies for unprocessed cereals and 196 for fertilizers—was performed in STATA prior to 
the network analysis. This preliminary step, not reported here, produced the balanced datasets 
imported into R, namely complete_unprocessed_dataset_balanced.dta and 
complete_fertilisers_dataset_balanced.dta. 

For illustration, we report only the two R scripts used to construct the unprocessed cereals 
network; however, the same commands can be applied to fertilisers by simply loading the 
corresponding dataset. 

 

8.2.1 R codes for network centrality measures (unprocessed cereals) 

rm(list = ls()) 

setwd("C:/Users/filippomariataddei/Dropbox/TORINO/BACI_HS92_V202501 (1)") 

 

# List of the packages adopted: 

library(haven) 

library(dplyr) 

library(igraph) 

library(tidyverse) 

 

# --- Step 1: Load and prepare the dataset in STATA format for unprocessed cereals: 

data <- read_dta("complete_unprocessed_dataset_balanced.dta") 

 

# --- Step 2: Create exporter/importer labels: 

data <- data %>% 

  mutate( 

    exporter_label = as.character(country_iso3_exp), 

    importer_label = as.character(country_iso3_imp) 

  ) 

 

# --- Step 3: Split data by year: 

data_by_year <- split(data, data$year) 

 

all_countries <- sort(union(data$importer_label, data$exporter_label)) 

length(all_countries)  # The result must be equal to 207, the total number of nodes in our 
dataset for unprocessed cereals. (196 for fertilisers). 
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# --- Step 4: Function to compute weighted centralities: 

compute_centrality <- function(df_year) { 

  countries <- all_countries 

   

  # Build weighted adjacency matrix (value as weights): 

  trade_matrix <- matrix(0, nrow = length(countries), ncol = length(countries), 

                         dimnames = list(countries, countries)) 

   

  sums <- df_year %>% 

    group_by(exporter_label, importer_label) %>% 

    summarise(total_value = sum(value, na.rm = TRUE), .groups = "drop") # trade value rather 
than quantity was adopted to weight the unprocessed cereals trade network. 

   

  for (i in 1:nrow(sums)) { 

    trade_matrix[sums$exporter_label[i], sums$importer_label[i]] <- sums$total_value[i] 

  } 

   

  # Create weighted directed graph: 

  gw <- graph_from_adjacency_matrix(trade_matrix, mode = "directed", weighted = TRUE) 

  gw1 <- graph_from_adjacency_matrix(trade_matrix, mode = "undirected", weighted = TRUE) 

   

  N <- vcount(gw) 

     

  # Compute instrength and outstrength before the data.frame: 

  instrength_vals <- strength(gw, mode = "in", weights = E(gw)$weight) 

  outstrength_vals <- strength(gw, mode = "out", weights = E(gw)$weight) 

  allstrength_vals <- strength(gw, mode = "all", weights = E(gw)$weight) 

     

  # Compute weighted in and out eigenvectors: 

  # Log-transform weights: 

  log_matrix <- log1p(trade_matrix) 

   

  # In-eigenvector (weighted): 

  gw_log <- graph_from_adjacency_matrix(log_matrix, mode = "directed", weighted = TRUE) 

  in_eigen_log <- eigen_centrality(gw_log, directed = TRUE, weights = E(gw_log)$weight)$vector 
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  # Out-eigenvector (weighted): 

  log_matrix_t <- t(log_matrix) 

  gw_log2 <- graph_from_adjacency_matrix(log_matrix_t, mode = "directed", weighted = TRUE) 

  out_eigen_log <- eigen_centrality(gw_log2, directed = TRUE, weights = 
E(gw_log2)$weight)$vector 

     

  data.frame( 

    country = V(gw)$name, 

    instrength_v = instrength_vals, 

    outstrength_v = outstrength_vals, 

    allstrength_v = allstrength_vals, 

    instrength_norm_v = (instrength_vals / (N - 1)), 

    outstrength_norm_v = (outstrength_vals / (N - 1)), 

    ineigen_weight_v = in_eigen_log[V(gw)$name], 

    outeigen_weight_v = out_eigen_log[V(gw)$name], 

    prweight_v = page_rank(gw, directed = TRUE, damping = 0.85, weights = 
E(gw)$weight)$vector, 

    hubweight_v = hub_score(gw, scale = TRUE, weights = E(gw)$weight)$vector, 

    authorityweight_v = authority_score(gw, scale = TRUE, weights = E(gw)$weight)$vector, 

    year = unique(df_year$year) 

  ) 

} 

 

# --- Step 5:  Apply the function to each year: 

centrality_results <- map_dfr(data_by_year, compute_centrality) 

 

# Inspect output: 

head(centrality_results) 

 

# --- Step 6: Save final results naming them weighted_centrality_results_value: 

write_dta(centrality_results, "C:/Users/filippomariataddei/Dropbox/TORINO/Datasets for multi-
scenario analysis/R Scripts/Stata Dataset/weighted_centrality_results_value.dta") 

 

8.2.2 R codes for network graphs (unprocessed cereals) 

rm(list = ls()) 

setwd("C:/Users/ASUS/Dropbox/TORINO/BACI_HS92_V202501 (1)") 
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# List of the packages adopted: 

library(haven) 

library(dplyr) 

library(igraph) 

library(tidyverse) 

library(tidygraph) 

library(ggraph) 

library(ggtext) 

library(patchwork) 

 

# --- Step 1: Load and prepare the dataset in STATA format for unprocessed cereals. 

# It contains all bilateral trade flows for the 207 countries included in the analysis 
throughout the period 2000-2023: 

data <- read_dta("complete_unprocessed_dataset_balanced.dta") 

 

data <- data %>% 

  mutate( 

    exporter_label = as.character(country_iso3_exp), 

    importer_label = as.character(country_iso3_imp) 

  ) 

 

# --- Step 2: Select year 2023 and build trade matrix: to carry out a network analysis using 
igraph is indeed necessary to construct from our dataset, for each year a square matrix. 

df_2023 <- data %>% filter(year == 2023) # To generate the same graph for another year—for 
example, for the first period of analysis (2000)—it is sufficient to change the selected year 
in parentheses to (year == 2000) and, accordingly, rename the one-year dataset from 
df_2023 to df_2000 wherever it appears in the command list. 

countries <- sort(unique(c(df_2023$exporter_label, df_2023$importer_label))) 

 

trade_matrix <- matrix(0, nrow = length(countries), ncol = length(countries), 

                       dimnames = list(countries, countries)) 

 

sums <- df_2023 %>% 

  group_by(exporter_label, importer_label) %>% 

  summarise(total_value = sum(value, na.rm = TRUE), .groups = "drop") 
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for (i in 1:nrow(sums)) { 

  trade_matrix[sums$exporter_label[i], sums$importer_label[i]] <- sums$total_value[i] 

} 

 

# --- Step 3: This step is necessary because the size of the nodes—based on the selected 
centrality indicator, in our case in-strength (see Step 4)—mu     f              ’           
within the entire network. Using the full graph, without applying trade-flow thresholds for 
MENA and the RoW, ensures that node sizes capture their actual centrality rather than their 
importance within a restricted or filtered version of the network. 

gw_full <- graph_from_adjacency_matrix(trade_matrix, mode = "directed", weighted = TRUE) 

 

# --- Step 4: Compute the effective in-strength for all nodes (before setting up thresholds): 

true_instrength <- strength(gw_full, mode = "in", weights = E(gw_full)$weight) 

true_instrength <- data.frame(name = names(true_instrength), instrength_full = true_instrength) 

 

# --- Step 5: Build edge list for thresholding: 

edge_list <- as.data.frame(as_edgelist(gw_full)) 

colnames(edge_list) <- c("from", "to") 

edge_list$weight <- E(gw_full)$weight 

 

# --- Step 6: Define thresholds: 

total_global <- sum(trade_matrix) 

global_threshold <- 0.003 * total_global       # 0.3% for non-MENA countries 

mena_threshold   <- 0.00075 * total_global      # 0.075% for MENA countries 

 

selected_countries <- c("DZA", "EGY", "JOR", "LBN", "MAR", "TUN") # This is useful both to 
impose to just these economies the second more relaxed threshold and subsequently to 
highlight them with different colours in the final network representation. 

 

# --- Step 7: Filter for MENA and non-MENA flows: 

mena_flows <- edge_list %>% 

  filter((from %in% selected_countries | to %in% selected_countries) & 

           weight >= mena_threshold) 

 

non_mena_top_flows <- edge_list %>% 

  filter(!(from %in% selected_countries | to %in% selected_countries)) %>% 

  filter(weight >= global_threshold) 
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# Combine edges: 

filtered_edges <- bind_rows(mena_flows, non_mena_top_flows) 

 

# --- Step 8: Create subgraph from selected edges: 

g_sub2 <- graph_from_data_frame(filtered_edges, directed = TRUE) 

 

# --- Step 9: Convert to tidygraph and attach the effective in-strength centrality values: 

g_sub2 <- as_tbl_graph(g_sub2) %>% 

  activate(nodes) %>% 

  left_join(true_instrength, by = "name") %>% 

  mutate( 

    mena_dummy = ifelse(name %in% selected_countries, 1, 0) 

  ) 

 

# --- Step 10: Custom colour scale to differentiate MENA from non-MENA countries: 

mena_colors <- scale_color_manual( 

  values = c("0" = "gold1", "1" = "deepskyblue3"), #blue4 

  labels = c("0" = "No", "1" = "Yes"), 

  name = "MENA Country" 

) 

 

# --- Step 11: Plot using true in-strength for node size: 

p1 <- ggraph(g_sub2, layout = "graphopt") + 

  geom_edge_link( 

    aes(width = weight), 

    color = "gray60", 

    arrow = arrow(length = unit(1.2, "mm"), type = "closed"), 

    end_cap = circle(2.0, "mm"), 

    alpha = 0.25, 

    show.legend = FALSE 

  ) + 

  geom_node_point( 

    aes(color = factor(mena_dummy), size = instrength_full * 0.1), 

    alpha = 1.0 

  ) + 

  geom_node_text( 
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    aes(label = name), 

    repel = TRUE, 

    size = 2.5, 

    fontface = "bold", 

    color = "black" 

  ) + 

  mena_colors + 

  theme_void() + 

  ggtitle( 

    expression(bold("Weighted Network - ") *  

                 atop(italic(""),  

                      paste0("Unprocessed cereals"))), 

    subtitle = "Year 2023" 

  ) + 

  theme( 

    plot.title = element_markdown( 

      hjust = 0.5,  

      size = 12, 

      face = "bold", 

      lineheight = 1.2 

    ), 

    plot.subtitle = element_text( 

      hjust = 0.5,  

      face = "plain",  

      size = 9, 

      margin = margin(t = 4) 

    ), 

    legend.position = "bottom", 

    legend.title = element_text(size = 9), 

    legend.text = element_text(size = 8) 

  ) + 

  scale_edge_width_continuous(range = c(1, 3.5)) + 

  guides(size = "none", width = "none") + 

  labs( 

    title = "<b>Weighted Network - <span style='color:chartreuse2'>Unprocessed 
cereals</span></b>", 
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    subtitle = "Year 2023" 

  ) 

 

# To enable rich text rendering for coloured title 

p1 <- p1 + theme(plot.title = element_markdown()) 

 

print(p1) 

 

# --- Step 12: Save the graphical representation in .svg format naming it in_strength (2023): 

ggsave(filename = "C:/Users/ASUS/Dropbox/TORINO/Datasets for multi-scenario 
analysis/Network Tables and Charts/in_strength (2023).svg", plot = p1) 


