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Abstract: This paper reports a quantitative and structural analysis of data gathered 8 
from the food and feed issues reported by the European Union during the last forty 9 
years. This study includes the use of statistical measures and social network 10 
analysis techniques. For that purpose, a graph has been constructed considering 11 
how the different contaminated products have been distributed alongside countries. 12 
This work aims to leverage insights into the structure formed by the involvement 13 
of the European countries in the exchange of goods that can cause problems to the 14 
population. Results obtained show the roles of the different countries in the 15 
detection of sensitive routes. In particular, the analysis shows that there are 16 
problematic origin countries, like China or Turkey, whereas European countries, 17 
in general, do have good border control policies for the import/export of food and 18 
feed. 19 

Keywords: Food and Feed Safety, Graph Theory, Social Network Analysis. 20 
 21 

1 Introduction 22 

We live in a globalized world where it is easy to find products from any country in any store. This is an advantage 23 
for consumers who, however, are often unaware of the dangers to which they are exposed. Risks arise due to the 24 
different policies and legislation that countries must comply with consumer rights and feed and food safety. As a 25 
result, Jongwanich (2009) and Timmis (2017) conclude that regulations established by developed countries are 26 
holding back food exports from developing countries because of the special mistrust that exists about these products 27 
closely related to human health. This situation also affects consumption, as in the case of the 1994 Bovine Spongiform 28 
Encephalopathy (BSE) crisis, Verbeke (2001) or cucumbers contaminated with E-coli in Germany during 2011, Bitsch  29 
& Rombach (2014). 30 

Since the benefits of food security are directly related to the costs in health systems Pal et al. (2015), there is a 31 
growing interest in determining how food security policies in different countries can influence the number and severity 32 
of alerts detected in import/export operations. For example, Kleter et al. (2009) reported that European countries had 33 
problems with products from China due to the use of banned pesticides on the territory of the European Union (EU).  34 

The Commission of the European Communities considers the highest possible food safety standards to be a key 35 
political priority, Mutukumira & Jukes (2003). To this end, the Commission, alongside the EU Member States, 36 
European Food Safety authority (EFSA), European Surveillance Authority (ESA), Iceland, Liechtenstein, and 37 

Norway, established the Rapid Alert System for Food and Feed
1
 (RASFF) in 1979. This tool enables the efficient 38 

exchange of information about food and feed issues that can be a risk for human health or can be considered a fraud. 39 
The food issues are registered by contact points, which work at a national level, in an online system called RASFF 40 

 
1 https://ec.europa.eu/food/safety/rasff/portal_en 
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Portal
2
. The registration of the notifications is shared between countries and organizations, so they can help to get fast 41 

and effective decisions. 42 
The issues recorded in RASFF are made up of a set of categorical characteristics that encode the countries involved 43 

and the type of contaminated or hazardous food. They describe the movement of a product between countries and 44 
useful insights can be leveraged by taking advantage of the representation of import and export information in the 45 
form of a graph or network and its subsequent analysis. The process used to analyze graphs is called Social Network 46 
Analysis (SNA). SNA emerged as a branch of application in the field of social sciences to understand how groups 47 
interact and behave. It comprises a set of graph theory techniques that can be used to analyze networks formed by 48 
various actors. In this case, SNA will be applied to the countries and their trade of products; their behavior can be 49 
analyzed as a network. Results will provide food safety patterns that could be used by food policy authorities and 50 
official organizations. 51 

This research aims to provide a complete snapshot of the chain trade formed by the involved countries, the issued 52 
products, and their hazards, covering the food alerts stored in the RASFF records since its inception. To build the 53 
graph, RASFF data representing the countries involved (origin, distribution, and destination), the product issued, and 54 
its hazard was used. In this graph, nodes represent countries, while the edges describe the flow followed by food alerts. 55 
Edge directions will be set by the role of the country in the commercial chain: origin, distribution, or destination. 56 
Edges will also be labelled with the issued product and its hazard. The detailed analysis of the graph allows the 57 
extraction of general statistical measures and SNA metrics calculated from the general graph. These metrics can be 58 
used to replicate good food policies in countries that have more problems with contaminated products, increase the 59 
monitoring on certain products coming from certain countries or finding sensitive routes of trading. This is the first 60 
time that the complete RASFF dataset is analyzed as a graph using SNA and a complete set of metrics and statistics 61 
are reported and interpreted. 62 

The rest of the paper is structured as follows. Section 2 provides a brief description of the state of the art and 63 
background papers. Section 3 describes the materials and methods applied in the study. Section 4 discusses the results 64 
obtained and provides a detailed analysis. Finally, conclusions and perspectives for future research are provided in 65 
Section 5. 66 

2 Related works 67 

Since RASFF import/export information can be understood as a graph, SNA techniques will be applied to extract 68 
and analyze the information contained in this data. SNA is defined in general terms as a way to find patterns of 69 
relationships between social entities like people, events, organizations, and other entities Jamali & Abolhassani (2006). 70 
Mincer, M & Niewiadomska-Szynkiewicz (2012) gives a more accurate definition, closer to the present research: 71 
SNA provides a set of techniques used in graph theory that allow understanding networks formed by several actors. 72 
These techniques are often applied, in different fields, to understand the role of different actors in a specific 73 
environment and how they interrelate. 74 

In the particular case of food and feed safety, several papers make use of SNA techniques. The model presented in 75 
Wu & Guclu (2013) uses SNA in a use case of Maize trade with data from 2000 to 2009. Xu et al. (2014) present a 76 
framework for food traceability using data from various resources and applying the Internet of Things, social analytics, 77 
and mobile technologies. A network-based methodology for Hungarian cattle holding is presented in Jozwiak et al. 78 
(2016). Fair et al. (2017) use information from the global wheat trade between 1986 and 2011 to create a Preferential 79 
Attachment network model. Finally, Wang (2018) creates a model for food safety monitoring based on a set of random 80 
graphs created artificially. Although these papers use SNA techniques in the field of food and feed safety, they do not 81 
take advantage of RASFF data and, thus, are unable to analyze which countries cause more issues or which routes 82 
should be monitored more closely due to their risks. 83 

Several papers make use of the RASFF dataset to do statistical analyses, however none of them benefits from the 84 
whole historical. In these cases, they are focused on a subset of products, hazards, a particular region or period of time. 85 
For example, Dada et al. (2021) studies microbiological hazards in products from the Asia Pacifica region from 2000 86 
to 2020 or Papapanagiotou (2021) analyses Food Contact Materials from 2012 to 2019. Similar works can be found 87 
in [Kępińska-Pacelik & Biel (2021),] Alshannaq & Yu (2021), Caldeira et al. (2021), Somorin et al. (2021), De Leo 88 
et al. (2021), Djekic et al. (2017), Amico et al. (2018), Kononiuk & Karwowska (2017), Duan et al. (2017), Çınar et 89 

 
2 https://webgate.ec.europa.eu/rasff-window/portal/ 
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al. (2017), Czepielewska et al. (2018), Pennone et al. (2018), Papapanagiotou (2017), Van Asselt et al. (2018) and 90 
Tudela‐Marco et al. (2017)]. 91 

There are other papers that apply advanced computer science algorithms to RASFF data. For example, Pigłowski 92 
(2021) makes clustering analysis of RASFF in the period of 1999-2018 alongside with data from the Standard 93 
International Trade Classification. Pigłowski (2017) also applies cluster analysis to understand the dependencies 94 
between products and hazards. In Pigłowski (2017), tree clustering and k-means are applied to RASFF data from 2000 95 
to 2015 to find European dangerous countries. Bouzembrak et al. (2018) applies Bayesian Networks to determine the 96 
probability of the contamination in species and herbs. 97 

Only a few papers apply SNA to the particular case of RASFF data. Most of them, however, are very specific. For 98 
instance, Petroczi et al. (2011) focuses only on mycotoxin contamination. Bui-Klimke et al. (2014) studies how 99 
aflatoxin regulations have affected the worldwide trade of pistachios. Popp et al. (2018) also applies SNA in the field 100 
of food safety but it uses a dataset from FAO to study the honey trade network. 101 

Finally, a couple of tools using RASFF dataset have been identified. Naughton et al. (2015) describe a prototype 102 
tool to make SNA with RASFF but it lacks metrics or quantitative results, and it is no longer available. Robson et al. 103 
(2021) presents a tool to identify threads and risks in the beef supply chain in particular. 104 

Thus, although there are some papers using SNA with RASFF data, none of them works with the whole dataset but 105 
Saurkar et al. (2018), which describes the functionalities of a tool without providing SNA metrics. The present work 106 
uses all the issues stored in the RASFF portal, instead of a subset, and reports a complete analysis of quantitative 107 
results that have not been found in previous literature. Since RASFF information can be modeled as a graph, SNA 108 
techniques will be applied to extract and analyze the information in the full RASFF dataset. 109 

3 Materials and methods 110 

This section describes the dataset used to build the graph, and the techniques applied in this work. 111 

3.1 Materials 112 

The information stored in RASFF cannot be downloaded at once as the website only allows users to 113 

dump 5,000 records in an XLS file out of a total of 56,351 records that were registered in the RASFF portal 114 

from 1979 until the moment of the research. Also, the obtained file does not contain all the registered fields. 115 

For instance, it does not include information about distribution and destination countries which are 116 

necessary for the described research. In our case we have downloaded all the info necessary to build the 117 

graph. 118 

Table 1 Features of a RASFF record used in this research. 119 

Feature Description 

Notification country Country registering the issue. The cardinality 

is 32 (EU countries, Norway, Liechtenstein, 

and Iceland). 

Product The specific name of the product. 

Hazard The hazards or anomalies that have caused the 

issue. 

Origin country Country of origin of the product. Any country 

in the world. 

Destination country Country or countries of destination of the 

product. Any country in the world. 

Distribution country Countries within the transportation chain of the 

product between origin and destination. Any 
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country in the world or certain international 

regulatory organizations. 

 120 

It must be noted that some issues have more weight in the dataset, thus having an influence in the 121 

results. This could be related to stricter food policies in the countries that detect them or because there is a 122 

greater number of issues related to a particular product in terms of productivity. 123 

3.1 Methods 124 

For this research, a two-stage analysis has been carried out. First, a statistical analysis on the scrapped 125 

RASFF dataset to describe the characteristics of the different elements of the dataset, the countries and the 126 

hazards reflected by registered food issues. Results can be used to identify potentially dangerous countries, 127 

countries with good food policies or products and hazards that should be closely monitored. Second, an 128 

analysis based on social network techniques to understand the graph created from the information of the 129 

issues registered in RASFF. This information reflects the number of issues reported among countries: the 130 

characteristics of the different actors, their behavior and roles, and the structure of the graph itself. 131 

3.1.1 Statistical analysis 132 

This analysis is based on the frequency analysis of the data contained in the RASFF dataset. The aim 133 

is to obtain: 134 

- From the information of countries and routes, the frequency distributions of the most involved 135 

countries, considering the role each country plays in the chain: origin, distributor, destination, and notifier. 136 

The information will reflect the countries with the most restrictive or effective security policies. Also, 137 

sensitive routes will be found. With this information, hypothesis about which countries should increase 138 

their food security policies, or which are the countries with good food controls that could be replicated in 139 

others could be established. 140 

- Based on the information of the products affected by the reported issues, which products generate 141 

the most problems, or which are the most common dangers, as well as the combinations between them. 142 

Countries may use this information to pay more attention to specific products or risks or to adjust the 143 

toughness of product security policies in certain countries. 144 

3.1.2 Graph SNA 145 

The next step consists of applying SNA techniques to study the graph formed by RASFF issues. A 146 

graph G is defined in Schaeffer (2007) as a pair G=(V, E) where V is a set of vertices or nodes, being the 147 

number of nodes n=|V| is the order of the graph, and the set E contains the edges of the graph. The edges 148 

also have a weight denoted by w that represents the number of occurrences of the relation between the two 149 

nodes connected by an edge. We use NetworkX3 , a Python library developed to deal with complex 150 

networks/graphs, to create a graph using the data extracted from RASFF. 151 

The first step is to represent the data in the form of a graph G = (N, E) where N is the set of nodes 152 

represented by the countries, and E is the set of directed edges that represent the relationship between 153 

countries in each RASFF record and the character of the nodes as origin, destination or distribution (this 154 

has only been taken into account to stablish the direction of the edge). To include the number of issues 155 

between different countries, a weight is added to the edges, reflecting the number of occurrences of an issue 156 

between two given countries of a product contaminated by the same hazard. Thus, a weighted Directed 157 

Acyclic Graph, DAG=(N,E,W) is obtained, where W is the set of weights of the graph. This is a unique 158 

graph that contains all the registered issues in RASFF. In this case, the nodes denote countries, the edge 159 

and its direction how a product has traveled through the countries (origin, distribution and destination) and 160 

 
3 https://networkx.github.io/ 
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the label of the edge represents the product and the hazard of the issue. Fig. 1 shows how a record is 161 

transformed into a part of the graph.  162 

Figure 14: An example of the RASFF record transformed into a part of the graph. 164 

SNA analysis processes RASFF data as a unit, using a DAG formed by all the previously scrapped 165 

registered issues, considering the connections created by the transport of a contaminated product through 166 

different countries at any date. With such analysis, three types of results are obtained: the general ones, 167 

those related to connectivity, and those linked to centrality. General metrics describe some characteristics 168 

of the graph itself that will allow to understand the structure formed by the different food issues. 169 

Connectivity metrics inform how the different countries are related allows a better understanding of the 170 

network performance. Finally, centrality provides information about the relative importance of each country 171 

in the network. 172 

3.1.2.1 Definition of general metrics 173 

The density is the number of edges in the network compared to the number of potential edges, 174 

Goldberg (1984). This indicates how the nodes are connected between them. It can be used to know if most 175 

of the countries can spread a contaminated product to a lot of countries. In equation 1 is defined where m 176 

is the number of edges and n is the number of nodes. 177 𝑑𝑑 = 𝑚𝑚𝑛𝑛∗(𝑛𝑛−1) (1) 178 

Determining whether the network is heterogeneous or homogeneous is also relevant. In heterogeneous 179 

networks most of the nodes have only a few edges, that is, there are only a few nodes with many edges. 180 

This describes how the connectivity of the countries is distributed. In contrast, for homogeneous ones, most 181 

of the nodes are not highly connected and have approximately the same number of edges. This kind of 182 

network can be modeled by a normal distribution. 183 

When a graph is heterogeneous, its degree distribution follows a power law. Power laws are defined 184 

in Clauset et al. (2009), as a model of the relationship between two variables that are inversely related. This 185 

is a phenomenon that can be found in the nature where 20% of a population causes 80% of the phenomena. 186 

In this particular case, 20% of the nodes should have a high degree. The mathematical definition of a power 187 

law is:  188 

p(x) = Cx-α for x > xmin (2) 189 

where x corresponds to the quantity whose distribution is studied, and C and α are constantly related 190 

by the expression in Equation 2. Then, xmin is a lower bound as the distribution diverges at zero, having a 191 

value greater than 0. To normalize the power law, the conditions α>1 and xmin>0 must be fulfilled. 192 

C = (α-1)xmin
α-1 (3) 193 

3.1.2.2 Definition of connectivity metrics 194 

Definitions of connectivity metrics can be found at Barnes (1984). A connected component is defined 195 

as the biggest subgraph that can be obtained from a graph where all pairs of nodes are connected by a path. 196 

By obtaining the connected components, groups of nodes that have a similar behavior between them but 197 

differently enough compared to others can be found.  198 
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A graph is strongly connected when for every pair of nodes, it is possible two find a path that connects 199 

them. If there is a maximal strongly connected subgraph, it can be considered as a Strongly Connected 200 

Component (SCC). A graph is weakly connected when turning a directed graph into an undirected, it is 201 

strongly connected, being able to find a Weakly Connected Component (WCC). A WCC is a subgraph with 202 

some path that can connect all the nodes. 203 

The diameter is related to the type of connectivity of the whole graph. It is defined as the maximum 204 

of the shortest paths between all pairs of nodes, West (1996). It is described in the following equation. 205 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝐺𝐺) = 𝑑𝑑𝑑𝑑𝑚𝑚𝑥𝑥,𝑦𝑦∈𝑋𝑋𝑑𝑑(𝑚𝑚,𝑦𝑦) (4) 206 

When the diameter is low, it is easier to reach the rest of the network starting from a node. For the 207 

RASFF case, it represents the minimum number of connections to reach one country from another in a 208 

certain subgraph of the data. 209 

The clustering coefficient of a node is a measure to understand whether a node's neighbors are also 210 

linked, Holland & Leinhardt (1971). It is also denoted in Equation 5 where dn and en correspond to the degree 211 

of the node and its number of edges. 212 𝐶𝐶𝑛𝑛 �0𝑑𝑑𝑖𝑖𝑑𝑑𝑛𝑛 = 0𝑒𝑒𝑛𝑛�𝑑𝑑𝑛𝑛2 � 𝑑𝑑𝑖𝑖𝑑𝑑𝑛𝑛 ≥ 2 (5) 213 

When applied to the whole network, it is called the average clustering coefficient. In the present case, 214 

it helps to detect whether there are sensitive routes between all the countries, as this measure is useful to 215 

understand how connected the nodes are to each other.  216 

3.1.2.3 Definition of centrality metrics 217 

Four different centrality measures will be used: degree, closeness, betweenness, and eigenvector 218 

centrality. Degree centrality is related the nodes’ degree (that is the number of edges in a node), Freeman 219 

(1978). In the case of directed graphs, it is necessary to differentiate between in-degree and out-degree; the 220 

first one is the number of edges reaching a node, and the second one is related to the edges leaving the node. 221 

This metric can be used to understand which nodes are the most influential and their dependency on the 222 

network. In the case of in-degree, it indicates countries that receive more products. Out-degree is used to 223 

know the countries that export or distribute the most. Both metrics are defined in Equations 6 and 7. 224 𝐶𝐶𝑗𝑗𝑂𝑂𝑂𝑂𝑂𝑂 = ∑ 𝑑𝑑𝑖𝑖𝑗𝑗𝑛𝑛𝑖𝑖=1  (6) 225 𝐶𝐶𝑗𝑗𝐼𝐼𝐼𝐼 = ∑ 𝑑𝑑𝑖𝑖𝑗𝑗𝑛𝑛𝑖𝑖=1  (7) 226 

Closeness centrality is calculated based on the number of edges between a node and each other node, 227 

Bavelas (1950). In Equation 8, it is formalized where n is the number of nodes and d(v,u) is the shortest path 228 

between this pair of nodes. 229 𝐶𝐶(𝑢𝑢) = 𝑛𝑛−1∑ 𝑑𝑑(𝑣𝑣,𝑢𝑢)𝑛𝑛−1𝑣𝑣=1  (8) 230 

It gives information about how easy an issued product can be spread through all the countries. When 231 

the value is small, spreading information costs less, so the nodes are considered reference points in the 232 

network. In this paper, it is useful to know how fast an issued product could reach a lot of countries.  233 

Betweenness centrality measures the importance of a node in connecting other nodes in the network, 234 

Bonacich (1972). The following equation describes it. V is a set of nodes, 𝜎𝜎(𝑠𝑠, 𝑡𝑡) is the number of shortest 235 

(s,t)-paths and 𝜎𝜎(𝑠𝑠, 𝑡𝑡|𝑣𝑣) is the number of those paths passing through some node v over than s, t. 236 𝑐𝑐𝐵𝐵(𝑣𝑣) = ∑ 𝜎𝜎(𝑠𝑠,𝑡𝑡∨𝑣𝑣)𝜎𝜎(𝑠𝑠,𝑡𝑡)𝑠𝑠,𝑡𝑡∈𝑣𝑣  (9) 237 

It can be used to know the role of a node as an intermediary between nodes that are transmitting the 238 

information. Here, it can be measured the importance of the distributor countries.  239 

Eigenvector centrality explains how a node influences the rest of the network. The eigenvector of a 240 
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node is high when it is connected to a lot of nodes and they also have a lot of connections, Bihari & Pandia 241 

(2015). Equation 10 describes it where 𝑑𝑑𝑣𝑣,𝑡𝑡 is an element if the adjacency matrix and 𝜆𝜆 is a constant 242 𝑚𝑚𝑣𝑣 = 1𝜆𝜆∑ 𝑚𝑚𝑡𝑡 = 1𝜆𝜆∑ 𝑑𝑑𝑣𝑣,𝑡𝑡𝑚𝑚𝑡𝑡𝑡𝑡∈𝐺𝐺𝑡𝑡∈𝑀𝑀(𝑣𝑣)  (10) 243 

It is useful to rank the nodes in terms of how they influence others in the network. Countries with high 244 

eigenvector are very influential to the rest of the network 245 

4 Results and discussion 246 

The results are grouped following the techniques and methodologies described in section 3: statistical analysis 247 
of the RASFF dataset and SNA of the graph formed by all the issues.  248 

4.1 Statistical analysis of countries 249 

The general analysis of the countries is conducted based on their roles in the notification system: origin, 250 

distribution, destination, and notifier. This information uses the number of times the countries appear in the 251 

issues showing which countries perform the most as origin, distribution destination, or notifiers and finding 252 

sensitive routes. 253 

Fig. 2 depicts the number of incidents in which the 35 most frequent countries in the issues collected 254 

by RASFF have been implicated as origin country. As shown, three countries stand out from the rest: China, 255 

Turkey, and India. A few other countries also seem to produce an important number of issues. Nevertheless, 256 

most of them are concentrated in the low part of the distribution. 257 

Figure 1: Most frequent origin countries (n=35) 259 

 260 

Table 2 shows the top 5 countries that appear as origin country. The table indicates the number of 261 

instances per country and its percentage. China is by far the most issued origin country. Also, Turkey and 262 

India stand out concerning the others. From the third position onwards, the percentage’s differences are less 263 

than 1%. 264 

Table 2. Top 5 origin countries. 265 

Country Instances Percentage (%) 

China 6,280 11.1 % 

Turkey 4,707 8.35 % 

India 3,375 5.98 % 

Iran 2,770 4.91 % 
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Germany 2,628 4.66 % 

 266 

Fig. 3 depicts the top 35 distribution countries. The diagram of bars shows how almost all countries 267 

belong to the EU. The main difference in Fig. 3 compared to Fig. 2 is the use of the label “No country” 268 

which are issues with no distribution country. Then, less countries are found in the medium-range. Most of 269 

the countries are distributed in the low part of the graphic. 270 

Figure 3: Most frequent distribution countries (n=35) 272 

 273 

In Table 3, the top 5 distribution countries with their instances and the percentage they represent are 274 

represented. It is worth noting that more than 30% of the reported issues do not have a distribution country. 275 

This fact reflects that many of the trades are done directly between two countries (no intermediary country) 276 

or that many issues are already reported in the origin country. Another interesting point is that the rest of 277 

the countries belong to the EU, which is also plausible, as RASFF is a tool from the European Commission. 278 

Table 3. Top 5 distribution countries. 279 

Country Instances Percentage (%) 

No country 18,240 32.36 % 

Spain 9,202 16.32 % 

Italy 5,138 9.11 % 

Germany 4,746 8.42 % 

United 

Kingdom 
4,716 8.36 % 

 280 

Fig. 4 shows how the 35 top destination countries are distributed. Again, almost all countries belong 281 

to the EU which could be expected due to RASFF's nature. The bar with more occurrences also denotes 282 

that a lot of issues have no destination country. No country stands out, even though Germany and Italy 283 

appear to be higher. The rest of the distribution is similar to the one in Fig. 3.  284 
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Figure 4: Most frequent destination countries (n=35) 286 

 287 

The top 5 destination countries are shown in Table 4, again with instances and percentages. On one 288 

hand, it should be noted that there could be more than one destination country in a reported issue. On the 289 

other hand, the first position corresponds to issues with no destination country. This occurs when the 290 

problem has been found before the product leaves the origin country or at the distribution moment. 291 

Table 4. Top 5 destination countries. 292 

Country Instances Percentage (%) 

No country 29,612 52.54 % 

Germany 6,220 11.03 % 

Italy 5,598 9.93 % 

France 3,866 6.86 % 

United 

Kingdom 
3,372 5.98 % 

 293 

The information related to the type of countries provided above can be complemented with the one 294 

related to the notification countries. These are the ones that have found the hazard in the product. 295 

Notification is an action likely to occur in any of the stages during the trading chain. It could be done before 296 

leaving the origin country, at the moment of being distributed by another country, or at the destination just 297 

before entering a country. For each issue, only one country can be a notifier. This will make possible to 298 

find hot spots in the logistic chain. 299 

The distribution of the 35 top notifier countries can be seen in Fig. 5. Again, almost all countries belong 300 

to the EU and have a similar behavior to Fig. 2. In this case, three countries can be highlighted: Italy, 301 

Germany, and the United Kingdom. Then, a set of a few countries with enough issues to be studied. Lastly, 302 

most of the countries only have very few occurrences. 303 
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Figure 5: Most frequent notifier countries (n=35) 305 

 306 

In Table 5, the top 5 notification countries are shown. As can be seen, except for the Netherlands, the 307 

other four countries also appear among the most issued countries by distribution, origin, and destination. 308 

Table 5. Top 5 notification countries. 309 

Country Instances Percentage (%) 

Italy 9,111 16.16 % 

Germany 7,704 13.67 % 

United 

Kingdom 

6,061 10.75 % 

Spain 4,410 7.82 % 

Netherlands 4,357 7.73 % 

 310 

To find more about the role of notification countries, Fig. 6 relates this role with the others in the 311 

trading chain that has been studied above. It shows the percentage of countries that are notifiers and at the 312 

same time any of the other roles: origin, distribution, destination, or all of them at the same time (goods 313 

that are traded within the country). “Does not apply” are those cases that have an error in the record. The 314 

figure shows that most of the time that a country notifies an issue it is at the same time distributor or 315 

destination country. 316 

 317 
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Figure 6: The proportion of countries that are at the same time notifier and any other role at the trading 319 

chain. 320 

Table 6 shows the top 5 countries for each case in Fig. 6. The first column represents which are the 321 

countries that being countries of origin have notified more issues. The second one provides the same 322 

information for countries of distribution. the third column shows the top 5 destination countries that have 323 

found contaminated products. The last column contains information on countries that are the origin and 324 

destination of a product that has notified the issues. The number between parenthesis is the percentage of 325 

issues notified by the country. 326 

Table 6. Top 5 notifier countries vs other roles. 327 

Notifier 

and origin 

Notifier 

and 

distribution 

Notifier 

and 

destination 

Notifier, 

origin 

and 

destination 

France 

(256) 

Italy  

(4,781) 

Italy  

(4,154) 

 Italy 

(3,553) 

Netherlands 

(247) 

United 

Kingdom 

(4,127) 

Germany 

(3,619) 

Germany 

(3,006) 

Germany 

(229) 

Germany 

(3,853) 

United 

Kingdom 

(1,773) 

United  

Kingdom 

(1,414) 

Belgium 

(215) 

Spain  

(3,695) 

France 

(1,626) 

Denmark 

(1,264) 

Italy  

(171) 

Netherlands 

(2,818) 

Denmark 

(1,394) 

France 

(1,151) 

 328 

It is also interesting to know from which countries come the contaminated products that the notifiers 329 

have found. Two chord diagrams are used to represent the routes followed by the reported products, shown 330 

in Figure 7 and Figure 8. The first accounts for countries that are notifiers and distributors, while the second 331 

refers to countries that are notifiers and destination at the same time. In both diagrams, countries from Table 332 

6 are in the upper half of the circle. Then, they are connected to the origin countries of a registered issue by 333 

a specific colored chord. The width of the chord depends on the number of issues found having one country 334 

as the origin/destination and the other as a notifier. 335 
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In Figure 7, we can see how there are three country pairs with a wider connection in comparison with 336 

the rest of the considered countries. In particular China-Italy, Iran-Germany, and India-United Kingdom.  337 

Figure 7: Chord diagram. Top 5 notifiers and distributor countries with their origin countries. 339 

Fig. 8 shows relations between destination and notifier countries, some cases can be highlighted. The 340 

biggest connection is from Spain to Italy. Then, there is a group that almost has the same size: Germany-341 

Netherlands, Germany-Turkey, or Germany-China. As can be appreciated in this graphic all the destination 342 

countries are from Europe. 343 

Figure 8: Chord diagram. Top 5 notifiers and destination countries with its origin countries. 345 

4.2 Statistical analysis of issued products 346 

The following analysis focuses on which products are most frequently contaminated and which 347 

contaminants are most common. This information is useful, so organisms could pay more attention to these 348 

products or increase the analysis to detect these hazards. 349 

Table 7 shows the most issued products where the columns correspond to the number of instances and 350 

their percentage concerning the total. Nuts are by far the products that generate more problems. Problems 351 

in fruits and vegetables, and fish and fish products are also common. The rest of the products don’t seem 352 
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to give as many problems. 353 

Table 7. Top 5 issued products. 354 

Product Instances Percentage (%) 

Nuts, nut products, and seeds 10,454 18.55 

Fruits and vegetables 8,321 14.76 

Fish and fish products 5,956 10.56 

Meat and meat products 

(other than poultry) 

3,067 5.44 

Food contact materials 2,910 5.16 

 355 

Table 8 shows the 5 most frequent hazard that caused a problem in the product. Mycotoxins (toxic 356 

metabolites produced by the fungus kingdom) being the most reported hazard is expected since we have 357 

already seen in Table 7 that the most reported products are nuts and fruits, Smith et al. (2016). Pathogenic 358 

micro-organisms also appear as the cause of many registered issues as these bacteria can be found in every 359 

kind of food, Pigłowski (2019). The problem with pesticides is that depending on the countries they are 360 

banned or not, Carvalho (2006), so they can be used with products in one country that exports them later to 361 

another country where they are forbidden. Considering Pigłowski (2018), metals are related to fish and food 362 

contact materials which are also reflected in Table 7 where fish appears among the most issued products. 363 

Finally, microbial contaminants have been reported in different products as processed foods or raw 364 

agricultural products, Jha (2015). 365 

Table 8. Top 5 found hazards. 366 

Hazard Instances Percentage (%) 

Mycotoxins 12,068 21.41 

Pathogenic micro-organisms 9,629 17.08 

Pesticide residues 6,459 11.46 

Metals 4,666 8.28 

Microbial contaminants (other) 4,490 7.96 

       367 

Finally, to have a better understanding of the relation between products and their hazards, Fig. 9 is 368 

provided. This graph depicts a bubble diagram of the top products and hazards more registered in RASFF. 369 

To obtain this information, all the combinations and their frequency have been obtained. Then, the 10 370 

products with more instances have been drawn in the X-axis while the Y-axis depicts all the hazards related 371 

to these products. The size of the bubbles corresponds to the frequency of the combinations and the color 372 

is univocal. As can be seen, two issues stand out from the rest. Nut products and seeds are contaminated by 373 

mycotoxins which fit with Tables 7 and 8, as they are in the first positions. Also, fruits and vegetables 374 

where pesticides have been found and meat products having pathogenic micro-organisms which could also 375 

be expected as they are in the high positions of these Tables. 376 
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Figure 9: Diagram bubble that relates issued products with its hazard. 378 

4.3 RASFF graph SNA 379 

The dataset has been used to build a graph taking into account the different roles of the countries in 380 

the trading chain. A representation of the graph with RASFF information has been obtained using Basemap 381 

Matplotlib Toolkit4 which allows plotting 2D data in maps (Fig. 10). In this Figure, the size of a node 382 

represents the total number of issues that concern a country and the thickness of an edge, the total number 383 

of issues involving two countries. The color of a node represents the country's role as a mixture of importing 384 

(blue) and exporting country (red). The intermediate colors (green) represent countries with a mixed role. 385 

The figure shows China as the biggest exporter of issued products, Spain and Germany as importers finding 386 

hazards, and France or Poland as balanced countries in terms of finding contaminated imports and 387 

distributing or exporting hazardous food. 388 

Figure 10: Graph with all RASFF issues represented on a worldwide map. 390 

Figure 11 shows the subgraph of Figure 10 for Europe since the RASFF data comes from the EU 391 

countries. As can be seen in Fig. 11, Spain, the United Kingdom, Germany, and Italy are the countries 392 

receiving more issued products. Also, Turkey is a sensitive country for exporting products. These trends 393 

are consistent with the results obtained in the statistical study previously described in subsection 4.1. 394 

 
4 https://matplotlib.org/basemap/ 

https://matplotlib.org/basemap/
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Figure 11: A subgraph of Figure 10 for EU countries. 397 

4.3.1 General SNA metrics 398 

Table 9 shows the metrics for the RASFF graph depicted in Fig. 10. For all metrics, not only the global 399 

values are computed (considering the full RASFF graph) but also the metrics for each type of issue sub-400 

category (alert, border detention and information). The number of nodes that correspond to countries in the 401 

global network is 222. However, the number of countries in the World are fewer. This mismatch is 402 

explained by two factors: territories such as Monaco and extinct countries as the former Yugoslavia can 403 

also be found in the historical graph. 404 

Table 9. General metrics. 405 

Metrics Global Alerts Border 

rejection 

Info. 

Number 

of nodes 

222 215 164 201 

Number 

of edges 

7,092 5,932 1,260 4,010 

Density 0.14 0.13 0.05 0.10 

Type of 

network 

Heterogeneous Heterogeneous Heterogeneous Heterogeneous 

 406 

The number of edges that correspond to the total number of products’ movements is 7,092 and the 407 

RASFF graph density is 0.14. 408 
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To study the heterogeneity of the RASFF network, the distribution of the nodes’ degree versus the 409 

number of nodes having this degree has been analyzed. It can be seen in Fig. 12 that the graph seems to 410 

follow a power law. In this plot, a small number of instances are clustered in the left part which is a signal 411 

of a heterogeneous graph. 412 

Figure 12: Distribution of nodes’ degree and their frequency. 414 

The confirmation has been obtained using a Python library called power-law implemented in Alstott & 415 

Bullmore (2014). By using this library, it has been calculated the values for xmin and α. The obtained values 416 

are 79 and 1.45 respectively. Since α is greater than 1, it can be concluded that the distribution follows a 417 

power law. Fig. 13 shows how the distribution fits with the power-law, concluding that the RASFF graph 418 

is a heterogeneous network. 419 

Figure 13: Degree distribution fitting the power law. 421 

4.3.2 Connectivity 422 

The connectivity has also been studied. Table 10 compiles these metrics that can be used to understand 423 

how the different countries are connected due to the registered issues. The RASFF graph is a Weakly 424 

connected graph with one connected component that contains its 222 nodes. As the graph is not strongly 425 

connected, the diameter does not apply. The same results are found in each sub-category. 426 

Table 10. Connectivity metrics. 427 

Metrics Global Alerts Border 

Rejection 

Info. 

Strongly False False False False 
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connected 

Weakly 

connected 
True True True True 

Number of 

WCC 
1 1 1 1 

Diameter 

Does 

not 

apply 

Does 

not 

apply 

Does not 

apply 

Does 

not 

apply 

Average 

clustering 

coefficient 

0.78 0.79 0.24 0.77 

 428 

However, the clustering coefficient should be analyzed in-depth to understand the role of a country as 429 

a possible spread vector for possible issues. The rationale behind these results is that there are countries 430 

having clustering coefficient 0 and others having 1. We will study in detail the 5 countries with the highest 431 

and lowest clustering degree excluding 0 and 1, Tables 11 and 12 respectively. 432 

Table 11 shows countries having a low clustering small non-zero clustering coefficient. 433 

Table 11. Top 5 countries with the lowest clustering coefficient. 434 

Global Alerts Border 

rejection 

Info. 

France 

(0.20) 

France 

(0.21) 

Italy 

(0.05) 

Netherlands 

(0.21) 

United 

Kingdom 

(0.20) 

Netherlands 

(0.23) 

United 

Kingdom 

(0.05) 

Spain  

(0.22) 

Netherlands 

(0.21) 

Belgium 

(0.23) 

Spain 

(0.06) 

Italy  

(0.23) 

Spain 

(0.22) 

United 

Kingdom 

(0.28) 

France 

(0.07) 

France  

(0.24) 

Italy 

(0.23) 

Italy 

(0.28) 

Malta 

(0.07) 

Germany 

(0.24) 

 435 

In Table 12, countries have a high clustering but that does not reach 1. 436 

Table 12. Top 5 countries with the highest clustering coefficient 437 

Global Alerts Border 

rejection 

Info. 

French Polynesia  French Suriname Syria 
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(0.99) Polynesia 

(0.99) 

(0.67) (0.99) 

Yemen 

(0.99) 

Burundi 

(0.99) 

Paraguay 

(0.67) 

Madagascar 

(0.99) 

West Bank and 

Gaza Strip 

(0.98) 

Togo 

(0.99) 

Togo 

(0.53) 

Paraguay 

(0.99) 

Honduras 

(0.98) 

Belize 

(0.99) 

Yemen 

(0.5) 

Ethiopia 

(0.98) 

Burundi 

(0.98) 

Gabon 

(0.99) 

Honduras 

(0.5) 

Sudan 

(0.98) 

 438 

4.3.3 Centrality 439 

The last set of metrics is related to centrality. In-degree and out-degree centrality shows how countries 440 

behave. In Table 13a and 13b, the values of the top 5 countries of both metrics have been obtained. By 441 

studying the in/out-centrality of the nodes, how each country within the network works as a distribution 442 

gateway for third party products or whether they represent a focus of problems as countries of origin can 443 

be assessed. 444 

Table 13a. Top 5 countries by in-degree centrality 445 

In-degree 

centrality 

Alerts Border 

Rejection 

Info. 

Spain 

(0.71) 

Netherlands 

(0.68) 

Spain 

(0.67) 

Spain 

(0.71) 

France 

(0.65) 

France 

(0.66) 

United 

Kingdom 

(0.57) 

Italy 

(0.675) 

Italy 

(0.65) 

Belgium 

(0.64) 

Italy 

(0.53) 

Netherlands 

(0.66) 

United 

Kingdom 

(0.64) 

Spain 

(0.63) 

France 

(0.42) 

United 

Kingdom 

(0.65) 

Germany 

(0.60) 

Germany 

(0.62) 

Netherlands 

(0.40) 

Germany 

(0.64) 

Table 13b. Top 5 countries by out-degree centrality 446 

Global Alerts Border 

Rejection 

Info. 

France 

(0.72) 

France 

(0.76) 

China 

(0.31) 

Netherlands 

(0.59) 
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Netherlands 

(0.72) 

Belgium 

(0.72) 

India 

(0.26) 

China 

(0.52) 

Belgium 

(0.68) 

Netherlands 

(0.69) 

Turkey 

(0.21) 

France 

(0.52) 

United 

Kingdom 

(0.65) 

United 

Kingdom 

(0.66) 

United 

States 

(0.18) 

Germany 

(0.51) 

China 

(0.62) 

Italy 

(0.64) 

Egypt 

(0.18) 

Spain 

(0.48) 

 447 

In Table 14, the top 5 countries by closeness centrality are shown. It measures how close a node is to 448 

the rest of the nodes in the graph. 449 

Table 14. Top 5 countries by closeness centrality 450 

Global Alerts Border 

Rejection 

Info. 

Spain 

(0.73) 

Netherlands 

(0.74) 

Spain 

(0.69) 

Spain 

(0.74) 

France 

(0.68) 

France 

(0.73) 

Netherlands 

(0.57) 

Italy 

(0.72) 

Italy 

(0.68) 

Belgium 

(0.71) 

Italy 

(0.52) 

Netherlands 

(0.71) 

United 

Kingdom 

(0.68) 

Spain 

(0.71) 

United 

Kingdom 

(0.52) 

United 

Kingdom 

(0.70) 

Germany 

(0.65) 

Germany 

(0.70) 

Germany 

(0.52) 

Germany 

(0.70) 

 451 

The values of betweenness centrality are gathered in Table 15 and are all very low (close to zero). This 452 

metric shows which are the nodes that behave as connectors in a network; apparently, there are no critical 453 

brokers.  454 

Table 15. Top 5 countries by betweenness centrality 455 

Global Alerts Border 

Rejection 

Info. 

United 

Kingdom 

(0.07) 

France 

(0.13) 

Turkey 

(0.15) 

Netherlands 

(0.12) 

Belgium 

(0.06) 

Netherlands 

(0.10) 

Portugal 

(0.12) 

Spain  

(0.10) 
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France 

(0.05) 

Belgium 

(0.09) 

Morocco 

(0.12) 

United 

Kingdom 

(0.09) 

Italy 

(0.05) 

United 

Kingdom 

(0.07) 

China 

(0.12) 

France 

(0.08) 

Netherlands 

(0.05) 

Italy 

(0.06) 

Spain 

(0.10) 

Italy 

(0.08) 

 456 

The information of the eigenvector centrality for the top 5 countries has been obtained and is shown 457 

in Table 16. The measures obtained are near the average value or even lower (eigenvector centrality goes 458 

from 0 to 1). This metric gives information about how a node influences the rest of the network. 459 

Table 16. Top 5 countries by eigenvector centrality 460 

Global Alerts Border 

Rejection 

Info. 

Germany 

(0.41) 

Netherlands 

(0.17) 

Spain 

(0.48) 

Italy 

(0.19) 

Italy 

(0.41) 

Spain 

(0.17) 

Bulgaria 

(0.39) 

Spain 

(0.19) 

France 

(0.28) 

France 

(0.16) 

Netherlands 

(0.36) 

Netherlands 

(0.19) 

Netherlands 

(0.26) 

Belgium 

(0.16) 

Poland 

(0.32) 

Germany 

(0.19) 

Spain 

(0.26) 

Germany 

(0.16) 

Germany 

(0.29) 

United 

Kingdom 

(0.18) 

 461 

5 Discussion 462 

From the results compiled in the previous section, we can conclude several things. 463 

Data related to the origin countries shows the countries recurrent problems with their products or a 464 

more intense export activity comparing with others. This indicates that countries should pay attention to the 465 

products imported from these places. It should be stated that most of the hazardous products come from 466 

Asia (China, Turkey, India and Iran) which is confirmed by Pigłowski (2020). However, as most of the issues 467 

are categorized as border rejections, this is problem seems to be under control because these products have 468 

not entered the country. Germany is the only EU member, this should be study in-depth as it could be a 469 

consequence of detecting issues in products that come from the own country, so their food policies could 470 

be taken as an example. Regarding Pigłowski (2017), Germany has a lot of notifications in origin, maybe, 471 

due to some problems with meat products. As this type of issues could be a problem to the free market of 472 

the European territory without possibilities of border rejections, controls in market should be reinforced for 473 

this product category. 474 

From the data of distribution countries, we can see that most of the issues do not have a distributor. 475 

Also, we found a set of European countries that have good control policies when distributing products. It 476 
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seems that food quality policies with products entering Europe are high. Spain appears above the rest of the 477 

countries, probably due to a large number of ports and its central role as a hub of the distribution chain. 478 

This is confirmed by the centrality studies and by Caldeira (2021) that describes Spain as the main gateway 479 

for fishery products in the EU.  480 

The interesting point in the destination countries table is that three of the countries are the same as in 481 

Table 3 (distribution countries). The reason could be that these countries are the ones that import more 482 

products, or that they are very concerned about foreign products entering their borders. 483 

Summarizing the study regarding the countries’ role in the trading chain two main conclusions are 484 

obtained. First, most of the origin countries are not from the EU, maybe due to the different food policies 485 

between countries. Second, Germany, Italy, and the United Kingdom are on the top of distributors and 486 

destinations, what makes them more active in the trading chain than the rest. 487 

Considering the information of notifier countries, it can be concluded that these countries notify more 488 

than others because they their food security policies are stronger. This makes sense by comparing results 489 

from Table 5 with Tables 3 and 4. In this case Spain, Italy, Germany, and UK are in the top if distribution 490 

and destination demonstrating their high activity, which together with the information from notifier 491 

countries make them good in finding issued products.  492 

If we looked at the pie chart of notifier countries, there are two possible interpretations. First, countries 493 

receive more products that they export so there are more possibilities in finding these issues or food policies 494 

in countries from the UE (most of the countries are member states as seen in Tables 3 and 4) are more 495 

restrictive. Second, countries are more concerned about the products they import as food policies in other 496 

countries could be different. 497 

An in-depth analysis of the notifier countries and the other roles is in Table 6. First, Germany and Italy 498 

are in the four tops. This can be interpreted as these countries have good food safety controls. Analyzing 499 

each column separately and comparing the information with Tables 2, 3, and 4, the following points can be 500 

concluded. Germany can be considered to be aware of not exporting issued products as it is also at the top 501 

of Table 2 (origin countries). By comparing with Table 3 (distribution countries), it is found that countries 502 

in the second column are concerned about not distributing contaminated products to others. The same 503 

conclusions, related to imported products, can be obtained after comparing the third column with Table 4 504 

(destination countries), except Denmark. The final column depicts countries that are finding food problems 505 

internally, so their food policies should be replicated. 506 

Regarding the diagram chords relating countries (Fig. 8 and Fig. 9). In Fig. 8, countries maintain a 507 

trade relationship but have different food policies, so these are sensitive routes. It should be remarked that 508 

India is a former colony of the United Kingdom, being normal a regular trading between them. Mukherjee 509 

et al. (2019) points out that even though India is an interesting market for United Kingdom, the low usage 510 

of technology in the food safety field entails problems. So, we proposed that countries with possibilities of 511 

stablishing profitable food trading chains should create funding programs to introduce new technologies 512 

that help in food safety. In Fig. 9. it can be remarked that the route between Spain and Italy should be 513 

revised, and that Germany has a very restrictive food safety policy or is importing a lot of products. 514 

In relation with the results obtained with products and hazards, we can make the following proposals. 515 

The appearance of mycotoxins in nuts is difficult to prevent although there are recommendations during all 516 

the harvesting cycle. However, as they are directly related to the weather, predictive models in regions with 517 

similar weather can be implemented and tested. The decrease of mycotoxins’ issues is something that 518 

should be addresses as it is directly related with the number of trades Nes & Schaefer (2018). The appearance 519 

of pathogenic microorganisms in meat products is reported by Piglowski (2021) which shows a high 520 

correlation between the number of kilograms traded among EU countries and the alerts reported by them. 521 

As, this happens in a free distribution the market, the best way to reduce these issues is to improve the 522 

traceability policies for these products. Finally, there are a lot of issues of fruits and vegetables containing 523 

pesticides. In this case, we consider that new and effective Integrated Pest Management (IPM) processes 524 

should implemented. 525 
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Table 9 shows an important figure that has consequences in the rest of the metrics. Number of border 526 

rejections are significantly lower than other type of alerts. With this information, we can conclude that the 527 

products with high risk for the population are not so many. 528 

Having a density close to zero means that in the case of a food crisis, it is difficult to distribute that 529 

product through a lot of countries. In other words, the trading between all the countries’ network is low. 530 

The heterogeneity of the network implies that there are a few countries that dominate the network as 531 

they have a lot of connections with the rest. These countries should be studied in more detail as they are the 532 

ones generating more problems or the ones that have better food policies that should be replicated. 533 

The average clustering coefficient denotes that when a product leaves its origin how the distribution 534 

or destination countries are connected between them. This could lead to a fast expansion of the product in 535 

particular parts of the graph. 536 

In this research, we find two groups of countries with clustering coefficient 0 and 1. The first group 537 

are non-EU countries that do not make a lot of exports and their destination countries do not trade between 538 

them. In the second group, we find countries that seem to not make a lot of exports but in this case, their 539 

distribution or destination countries are highly connected between them. Apart from these groups, countries 540 

with low clustering coefficient trade with a lot of countries, the possibilities of them being connected are 541 

lower. Finally, there are countries with high clustering coefficient. As the network is very large, countries 542 

that do not export a lot (no matter the reason) have fewer friends. Then, due to the small number of friends, 543 

there are high possibilities that at a particular moment all the trading links between them could be 544 

established. 545 

Summarizing the analysis of the clustering coefficient. Countries can be classified into three groups. 546 

The first group whose clustering coefficient is zero. They seem to be countries with low exports whose 547 

distribution or destination countries are not connected between them. In this case, a food issue will not be 548 

spreading through other countries. The second group comprises countries that trade a lot but whose 549 

neighbors are not highly connected. In this case, the problems are the same as in the previous use case. 550 

Finally, countries with high coefficient clustering seem to be small ones or those whose exports are no high. 551 

In these cases, having a food issue is not very common but could be spread to a few countries. 552 

Looking at the in-degree centrality, we see how EU countries, like Spain, appear as difficult-to-save 553 

ports in terms of food policy, reflecting the harshness or strict character of their safety standards. In terms 554 

of out-degree centrality, the EU countries that appear are those with more relaxed regulations for exporting 555 

products. It should be noted that the UK and France, in turn, also appear as countries that impose tough 556 

standards on the products they receive, possibly reflecting an imbalance in their food safety standards. In 557 

the case of out-degree, China is the non-European country that has more problems with its exports, so 558 

Europe must have more control over its products. It also should be noted that all the countries in the border 559 

rejection column are non-European countries. 560 

Closeness centrality information can be interpreted as the countries that should be considered as major 561 

sources of easy spread of contaminated products. This means that these countries should implement good 562 

food policies as they are sensitive points in the network. 563 

Regarding betweenness centrality, it can be concluded that none of the countries act like that in the 564 

graph. It means that there are no countries whose removal could cause a disconnection of the network. In 565 

terms of issued products, there are no main distributors in the chain. 566 

If we looked at the eigenvector centrality, this can be considered the most important countries having 567 

this role. However, as the values are under 0.5, it can be considered that countries are important but not 568 

influencing a lot the rest of the graph. In the RASFF network, it supposes that the sensitive routes are not 569 

critical. 570 

Two other separate analyses were also conducted: 571 

• Distinguishing between the three main types of issues: notification, alert and border 572 

detention. 573 
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• Analyzing each decade separately. 574 

In the first case, the results for each type of issue are consistent with the global ones; in some metrics 575 

relative differences have been found (e.g., some countries seldom appear among the top countries or change 576 

in relative position) but for the most part the same set of UE countries plus has been found to monopolize 577 

the network measures (the table considering the clustering coefficient is the only exception). Other isolated 578 

cases could be highlighted: Belgium always appears on the top of alerts, and there are some exceptions like 579 

Bulgaria, Malta or Morocco. These cases can be studied in-depth as future works. On the second case, the 580 

only relevant observation (though arguably obvious) is that the number of alerts grows decade by decade, 581 

which only shows the increase in the adoption of the RASFF alert system by trade countries.  582 

6 Discussion 583 

This paper presents a statistical and structural analysis of historical information of food issues 584 

previously obtained by scraping the online RASFF portal. First, a statistical analysis of the raw data has 585 

been carried out to obtain some significant metrics that are shown in tables and graphics. We then 586 

constructed a graph from the most relevant characteristics of each record: origin country, distribution 587 

country, destination country, product, and hazard. The result is a weighted DAG where nodes represent the 588 

countries and edges describe how the trades flow and the information of the issues (product plus hazard). 589 

The direction of each edge is given by the roles of the countries which describe how the products are 590 

transported (origin, distribution, and destination country). Weights are computed by summing up the total 591 

number of times that an issue occurs involving the same pair of countries. Using this graph, we can 592 

characterize the chain trade formed by the countries involved, the issued products, and their hazards by 593 

applying SNA techniques. The result is several descriptive metrics of the graph, such as general, 594 

connectivity, and centrality metrics.  595 

General metrics (number of nodes, number of edges, diameter, density, and type of network) describe 596 

the graph itself. From the study, we may conclude that China and Turkey are sensitive countries as the 597 

products imported from those countries produce a lot of issues. European countries’ policies seem to be 598 

good and consistent as they report a lot of issues when they act as distributors. Most of these issues have 599 

no destination registered as they have been found before reaching their expected destination. In this sense, 600 

Italy, Germany, the United Kingdom, or Spain notify more cases and could be considered safe countries. 601 

From the analysis of the role played by the different countries (origin, distribution, or destination) when 602 

reporting a problem (notifier), it can be concluded that European countries are more stringent with food 603 

controls than non-European countries. In particular, Germany and Italy can be highlighted as they are 604 

always on the top. Regarding hazards and products, nuts, nut products, and seeds contaminated with 605 

mycotoxins and fruits and vegetables with pesticides are the ones most issued.  606 

Connectivity metrics are used to check if the network is strongly or weekly connected, its number of 607 

connected components, and the average clustering coefficient. It has been checked that RASFF graph has 608 

a low density and is a heterogeneous network. The former means that when a food crisis happens, it is 609 

difficult that it spreads through the rest of the countries. The latter allows concluding that only a few 610 

countries are really important in the connectivity of the network. Related to connectivity, it has been 611 

obtained that the graph is weakly connected, having only one component. This means that all the countries 612 

can be reached from the rest of the graph. The clustering coefficient has also been analyzed obtaining an 613 

average clustering of 0.78 and grouping the countries in four different groups depending on the clustering 614 

coefficient value. The average clustering coefficient indicates that an issued product could spread quickly 615 

through several countries that are near between them. The different clustering coefficients show how the 616 

countries behave in the network. For example, countries with the highest clustering coefficients have the 617 

most restrictive border policies. 618 

In-degree and out-degree have been obtained, standing out Spain and France. In the case of Spain, that 619 

means that Spain receives a lot of goods (maybe due to the big number of ports) or have good food policies. 620 

In the case of France, a high out-degree means that they have some problems with product leaving the 621 

country. Regarding centralities, different metrics have been calculated. The closeness value for the graph 622 
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is high, indicating that countries at the top should have good protocols as issues produced in their territories 623 

can be spread easily. Betweenness has low values, which implies that there are no countries that have greater 624 

control over the rest. Eigenvector shows no extreme values, so none of the countries has more contribution 625 

to the rest of the network.  626 

As future work, an in-depth analysis of the countries that have been highlighted during the study seems 627 

to be necessary. Future work should look at the specific reasons why a country stands: it might be because 628 

they import more products or because they have safe food policies. The behaviour of trading products 629 

should also be studied as time series. An in-depth study of seasonality could then be carried out with this 630 

time series analysis to confirm those seasonal products that are related to the month of the year and the 631 

hemisphere where they are cropped. This would provide information on how the countries’ behaviour 632 

change depending on the season and the products that are trading at this time. For instance, fig issues are 633 

mostly from Turkey during September. The isolated study of networks formed by the countries and their 634 

trade will be useful when obtaining metrics like clustering coefficient to measure the risk of propagating 635 

contaminated products. Another interesting study would consist in comparing the results with the world 636 

trade network. This will allow to have a better understood of the conclusions obtained in this paper as we 637 

could compare the number of issues with the total amount of exports and imports. Also, making a 638 

socioeconomic study of the relations obtained in this paper could potentially be used to propose solutions 639 

to the origin of some problems that arose here. Finally, we can benefit from using Graph Convolutional 640 

Neural Networks, an artificial intelligence technique in the field of Deep Learning which is currently one 641 

the most interesting techniques to manage big amount of data. 642 
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