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Systematic screening for risks emerging in the food chain is essential for the protection of consumer health,
however, timely identification of risks is not a trivial task because of the data and information gaps. By creating
automated or semi-automated algorithms, a large amount of information can be pre-processed which helps
experts to filter for the actual emerging risks that need further assessment. The present study gives an overview
on the possible data analytical approaches that can be used for emerging risk screening and presents a practically

applicable process management system. By using these methods, 58 emerging risks classified into 10 topics have
been identified in 2020 and 2021 with the focus on Hungary and the European Union. The main goal is to aid
authorities and industry in preparedness and timely acting to avoid or mitigate future risks. Experiences and
limitations of the system and future directions are also presented.

1. Introduction

Based on the definition of Regulation (EU) 2017/625, a hazard can
be any agent or condition with the potential to have an adverse effect on
human, animal or plant health, animal welfare or the environment, and
arisk is understood as the function of the probability of an adverse effect
and of the severity of that effect, consequential to a hazard (EU, 2017).

But what are emerging risks? According to the definition of European
Food Safety Authority (EFSA), an emerging risk is ‘a risk resulting from a
newly identified hazard to which a significant exposure may occur, or
from an unexpected new or increased significant exposure and/or sus-
ceptibility to a known hazard’ (EFSA, 2007) and an emerging issue as ‘an
issue that has been very recently identified and merits further investi-
gation to determine whether it meets the requirements of an emerging
risk’ (EFSA, 2011).

The goal of emerging risk identification in the food chain is complex.
Besides protecting human, animal, and plant health, it provides input for
strategic planning and analysis, decision making processes, sampling
and control plans, risk assessments and risk management measures. By
timely identification of emerging risks, there is a possibility to execute
the necessary risk mitigation actions and thereby preventing the

evolvement of the risk.

Identification of emerging risks in the food chain is a relatively new
and evolving scientific area as it requires new methodologies and ap-
proaches. In many publications, the basics of theoretical approaches are
laid down. For example, Wentholt, Fischer, Rowe, Marvin, and Frewer
(2010) published the results of a two-round Delphi survey, in which
international experts’ views regarding knowledge gaps associated with
the identification and mitigation of emerging food risks was investi-
gated. In the study of van Asselt, Meuwissen, van Asseldonk, Teeuw, and
van der Fels-Klerx (2010), the selection of critical factors in dynamic
production chains for pro-active emerging risk identification is pre-
sented. In the study of Marvin et al. (2009), an emerging risk identifi-
cation system developed according to the knowledge and experience of
many experts is presented, however, it is still a general theoretical
framework. Based on a so-called ‘holistic perspective’, an assessment of
emerging risk is characterized by the early detection of facts related to
that risk derived either from research and/or from monitoring programs
or episodic observations. The evidence supporting the identification of
an emerging risk should preferably be in the form of an ‘indicator’ (e.g.,
measurement and/or observation) and of a trend over time or space
(Kleter & Marvin, 2009). Such an indicator-based approach has been
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presented in the publication of Liu et al. (2022), where the authors
demonstrated that for the dairy supply chain, the identification and
analysis of these indicators, actual food safety incidents can be preceded
more than a year ahead. Effects of drivers of change as indicators in
different food sectors has been analysed with expert-driven and data
science methods such as Bayesian Network approach in the studies of
Marvin et al. (2020) and Bouzembrak and Marvin (2019).

There are international activities in the topic of emerging risk
identification and foresight such as the respective work of Food and
Agricultural Organization (FAQ) (Dury et al., 2019; FAO, 2022) and the
ongoing activity of a European Union foresight system for the identifi-
cation of emerging environmental issues (FORENV), which is based on
Horizon-Scanning, as developed by the Commission’s Joint Research
Centre (White et al., 2017). European Food Safety Authority (EFSA)
Emerging Risk Exchange Network (EREN) has been working for a long
time on European level emerging risk identification with a great success,
however, these systems rely yet mainly on networking — gathering
expert knowledge and scientific literature research; data analytical
methodologies are not exploited (EFSA, 2012b, EFSA, 2015). A more
specific field of emerging food safety risks has been targeted by the
development of a screening approach to identify potential chemical risks
in the food chain by EFSA (Oltmanns et al., 2018; Oltmanns, Bohlen,
Escher, Schwarz, & Licht, 2019).

There are publications on retrospective analytical tools for emerging
risks occurred in the past, for example van de Brug, Lucas Luijckx,
Cnossen, and Houben (2014) analysed 13 historical food safety incidents
and characterized the early signals for these. It is much easier to identify
the early signs of a risk in retrospect that has already been evolved,
however, many similar weak signals that are present, would not cause
any events in the future. Elaboration of data analytical methods for food
chain safety emerging risk identification is often based on or inspired by
case studies for past events and/or often they are too specific and cannot
be effectively used for general forecasting purposes. Rortais et al. (2021)
used a text mining approach to identify topics in media news that can be
related to emerging beeswax adulteration issues. Gavai et al. (2021)
presented an algorithmic approach using artificial intelligence to iden-
tify unknown stimulants from scientific literature and media reports.

Based on the above, identification of emerging risks in the food chain
is a complicated tasks because of the many uncertainties, data and in-
formation gaps surrounding an issue before it is escalated. Moreover, as
we can see from the definition, not only newly identified hazards, but
also increased exposure or susceptibility may lead to emergence of risks,
which makes the identification process even more difficult.

The objective of our study is to present a practically applicable,
sustainable, and traceable workflow for systematic emerging risk iden-
tification and management and to give a brief overview on possible data
analytical methodologies for emerging risk identification, to present the
results, experiences, and limitations of application of such a system.

2. Materials and methods
2.1. Process management

Emerging risks may arise from different types of hazards. There are
well-defined hazards as well as complex, driver-induced scenarios that
lead to occurrence of risks. The temporal scale of the occurring damage
caused by the risk also may vary greatly — from slowly and evenly
spreading risks to rapidly occurring ones. We can talk about emerging
risks in terms of spatial spreading as well, known risks breaking into new
areas; for example, the well-known African swine fever disease could be
considered as an emerging risk in European Union when it has entered
the Caucasian area and then the Baltic states. Because of the complex
nature of emerging risks, the identification system must be effective
regardless these characteristic differences.

In a nutshell, the identification process is basically the collection and
structured filtering process of gathered relevant data/information
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sources (Fig. 1.). From the data and information, emerging issues are
selected in PHASE I. From the emerging issues, potential emerging risks
are selected (PHASE II) and from them, emerging risks that need further
measures are selected in PHASE III.

The identification system has been elaborated based on the method
of EFSA (EFSA, 2012a), but has been adjusted to serve somewhat
different purposes. EFSA collects information from Member States
regarding emerging issues and their main goal is to identify the hazards
that need risk assessment and thereby initiate risk assessment studies. In
our case, the scope is broader as we consider ourselves as a distribution
point of information and after the identification of emerging risks, we
reach out to the relevant stakeholders to let them make the necessary
steps. The presented framework (Fig. 1.) is successfully used by our team
and is considered to be a generally applicable workflow for emerging
risk identification, however, it has to be adapted for specific needs of
different organizations or researchers.

Risks evolve over time, as new data, information, and knowledge are
generated. To capture this evolutionary aspect, different terms are used
at different stages of the identification process. By definition, emerging
issue is an issue that could be a food or feed safety risk that has very
recently been identified and needs further investigation; and the infor-
mation collected is still too limited to be able to assess whether it meets
the requirements of emerging risks. It is identified at the beginning of
the emerging risk identification process.

The process is not one-way only; in certain points, more information
could be needed to be able to perform the filtering process or in other
cases, further measures are not needed at that moment, however,
monitoring of the issue is desirable. In these cases, the issues go back to
an earlier phase of the process.

2.1.1. Data/information collection

Channelling data and information for emerging risk identification
can be done from various sources, and for this, automated methods are
the most fit for purpose. However, because of the complexity, inter-
disciplinarity and the information gaps, the emerging risk identification
process as a whole cannot be done only by algorithms. As of today,
human expert knowledge is needed for the final judgement regarding
the selection and the fate of the issues to complete the information found
by the algorithms. The variability of the soundness of information
sources is also something to be considered by an expert. In conclusion,
because of the huge amount of relevant data and information, auto-
mated processes, e.g., machine learning algorithms are needed for in-
formation screening and filtering, but an emerging risk identification
system greatly relies on expert knowledge that supports the system in
many points. Data analytical approaches are useful to solve certain as-
pects of the identification process or can be used for specific tasks which
complete the bigger picture and add information that aid preparedness
for the future. Data analytical methodologies for emerging risk identi-
fication are detailed in Section 2.2.

Relevant information for collecting potential emerging risk can also
be channelled through soft information sources, which means commu-
nication with experts in various platforms e.g., conferences, newsletters,
organized meetings. The scientific network of European Food Safety
Authority, Emerging Risk Exchange Network (EREN) is an extremely
useful information source for acquiring soft information regarding
emerging risks occurring at European level or in various member states
of the EU.

2.1.2. Filtering

Selection of relevant issues in the process is called filtering, which
occurs at three levels.

Pre-filtering is the process when emerging issues (PHASE I) are
selected with a screening process carried out by the ERI team, from the
collected data/information which can be considered potential emerging
issues. The outcome of pre-filtering therefore is an emerging issue. Issues
considered not relevant are dropped out of our emerging risk
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Fig. 1. Flow diagram of systematic emerging risk identification process with possible options for data and information collection methods and further measures after
an emerging risk has been identified.

Legend: Different boxes illustrate different steps of the process in sequential order from top to bottom. Boxes in ‘Options for data/information collection’ and ‘Options
for further measures’ sections illustrate possible options for the work to be done before and after the systematic identification process. Steps for filtering, decisions,
phases of emerging issues/risks are the components of the systematic identification process. While issues pass through, there can be a lag in the process when the
available information is limited (‘More information needed’) and they can be dropped out when considered not relevant. Detailed interpretation can be read in
Section 2.1. Shapes are to be interpreted as for generic flowcharts. Solid line: specific direction of the process. Dashed line: optional directions of the process.
Different colours aim to aid transparency.
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identification system (‘Dropout 1.” on Fig. 1).

1st filtering is the selection of potential emerging risks (PHASE II)
from emerging issues (PHASE I). When an emerging issue meets the
definition of emerging risks, it goes further in the process to PHASE II as
a possible emerging risk. To help deciding on whether the emerging risk
definition criteria are met, Table 1. gives a guidance. Cases 1-3 are the
variations for getting emerging risks and case 4 is an example when the
issue is not an emerging risk, therefore it is not moved on to PHASE II.

When an issue does not meet the criteria of 1st filtering, the options
are the following: more information is needed in order to be able to
decide on the fate of the issue (it goes back into PHASE I); the issue is not
relevant therefore it is dropped out of the system (‘Dropout 2.” in Fig. 1).
In certain cases, specific stakeholders need to be informed and targeted
communication could take place (‘Dropout 2. Targeted communication’
on Fig. 1).

2nd filtering is an evaluation with a scoring system that helps to
decide whether the PHASE II. possible emerging risks needed further
measures or not. Each of the following criterion gets a score from 1 to 4,
and if the sum of the scores is >11 (defined by practical experience), the
possible emerging risk moves to PHASE III as further measures are
needed (See Table 2).

1. Soundness: reliability of different information sources varies (e.g.,
scientific literature versus media news)

2. Imminence: proximity in time (is the risk already present, or it will
appear in months, years etc.)

3. Scale: e.g., size of the vulnerable population and/or potentially
affected area; trade and consumption patterns etc.

4. Severity: extent of damage caused by the risk. e.g., risk specific
morbidity and/or mortality

5. Risk management option: Is it an existing issue in risk management
systems? e.g., applied maximum limits or other regulations.

If, based on the scoring, the PHASE II potential emerging risk gets
<11 points, it does not move to PHASE III, but it is not dropped out
permanently either. PHASE II issues have the relevance to be monitored
as they might outgrow themselves into emerging risks that need further
measures (‘Dropout 3. Inner observation’ or ‘Dropout 3. Targeted
communication’ in Fig. 1.). Therefore, they stay in the system and after a
pre-defined period they are re-evaluated with the 2nd filtering process
considering all new available information. In certain cases, stakeholders
need to be informed at this point. It is to be noted that scoring leads the
experts in judging the fate of the given issue, however, it might be
overridden based on expert opinion as there are no specific metrics in
the field of emerging risk identification for e.g., what can be considered
significant — it always has to be judged case-by-case by experiences and
expertise.

Table 1
Guidance for evaluation of 1st filtering criteria.
1. 2. Question 3. Question 4. Question Result
Question Significant Increased Increased
New risk exposure exposure sensitivity
1. yes yes n.a. na.! PER”
2. no yes or no yes yes or no PER
3. no yes yes or no yes PER
4. no yes yes no Not
PER

Legend: Interpretation of the table: the table is intended to facilitate the decision
if the identified emerging issue meets the definition of emerging risks — if it is a
new hazard or if increased exposure or susceptibility occur. If the result is ‘PER’
(Possible Emerging Risk), the issue goes forward in the system. If the result is
‘Not PER’, the issue is dropped out of the system. An example for dropping out an
issue can be seen in line 4.

! Non-applicable.

2 PER: Possible Emerging Risk.

Innovative Food Science and Emerging Technologies 86 (2023) 103366

2.1.2.1. Expert involvement in the filtering process. Our team for
emerging risk identification (ERI team) is comprised of 6-8 experts with
different food chain related background knowledge (agricultural engi-
neer, bioengineer, food engineer, microbiologist, veterinarian, risk
assessor, chemical contaminant expert, health economy expert, socio-
logist). The ERI team does the pre-filtering from all possible emerging
issues that had been identified (data/information collection, Fig. 1).
After that, each selected issue is assigned to one expert from the team
who evaluates it more thoroughly (does the 1st and 2nd filtering, Fig. 1).
The outcome of the evaluations of the assigned experts regarding each
issue are subject of a weekly ERI team discussion, meaning that the final
decisions on the issues are made by consensus of the whole expert team.
In cases when additional specific knowledge is needed, external experts
are reached out and the decision regarding the issue is delayed in the
meantime. This is also the case when the assigned expert has to perform
a more thorough research or the ERI team has to wait for other infor-
mation, e.g., scientific reports, information on the exposure increasing
(‘More information needed’ in Fig. 1.).

2.1.3. Further measures

Identified emerging risks need various type of measures to avoid or
minimize the damage caused by the occurring risk. It is not the part of
emerging risk identification process strictly, therefore not detailed in
this document, but some examples are shown on Fig. 1. such as
communication for different target audience (e.g., consumers, author-
ities, academia, industry), research and data/information collection for
e.g., food chain safety risk assessment or monitoring plans.

2.2. Data analytical approaches

Data analytical, text and data mining methodologies help us to create
automated processes to be able to pre-digest the available information
for the experts. Well-defined algorithms adjusted to be fit-for-purpose
will result in much less manual (human) effort for identifying
emerging risks. Some examples and brief descriptions about the appli-
cable methodologies are listed below.

2.2.1. Analysis of rapid alert systems and monitoring systems for
identifying trends

The analysis of food chain related rapid alert systems such as Rapid
Alert System for Food and Feed (RASFF) (European Commission, 2017)
can be useful in getting an overview of actual food or feed safety issues.
Basic statistics, specific searches for food or feed categories, map views
of notifications or border rejections are extremely useful for entrepre-
neurs or food/feed business operators in decision making and timely
intervention in the production in case of emergency. However, the issues
in these systems are usually well-regulated, therefore they cannot be
considered as emerging risks by themselves. But if we look at the trends,
e.g., increasing number of mycotoxin cases in a specific area, these
might outgrow themselves into emerging risks. In summary, for rapid
alert systems, identifying and following trends and patterns are the most
relevant in terms of emerging risk identification.

2.2.2. Keyword-based searches for emerging risks

Searching for emerging risks in textual data or in internet search
engines by keywords could be an obvious methodology for finding risks,
however, food chain is such a broad topic and to find an emerging risk
from only a few signs before it evolves might be so complex that a simple
search is not considered feasible nor meaningful. Selection of appro-
priate keywords for this area is a huge task in itself, for example one
would find too much and misleading hits for a search string ‘emerging
AND new AND hazard AND food and FEED’. A well-elaborated, specific,
pre-defined set of keywords (and key terms), a so-called ontology, with
hierarchical arrangement and defined relations of the keywords and
terms would form the basis for this. For the creation of the emerging risk
ontology for the whole food chain, machine learning algorithms are
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Table 2
Guidance for evaluation of 2nd filtering.
Score
1 2 3 4
Soundness’ E.g., media news without E.g., information from an external expert E.g., information gathered by E.g., information supported by strong scientific
reference that is not supported by other experts monitoring rapid alert systems evidence
Imminence years months weeks already present
Scale” 0-25% 26-50% 51-75% 76-100%
Severity" E.g., Medical care is not or E.g., Medical care is sometimes needed/ E.g., Medical care is often E.g., High mortality rate/Quality issues that

rarely needed/No quality issues

Slight quality issues
Existing -

Risk management
option

needed/Moderate quality issues make the product unsuitable for consumption
Non-existing -

Legend: The table contains examples and guiding information for the experts to be able to score the five criteria (soundness, imminence, scale, severity, and risk
management option). The sum of the scores will help to decide whether the possible emerging risk should go forward in the system as an emerging risk.
! Many factors can affect the criteria of soundness and severity and the type of the issue largely affects the scoring as well, which has to be considered by the expert

while scoring. The table shows specific examples.
2 By considering the size of the population and the area as well.

needed in order to train an algorithm and get the most suitable ontology
with an iterative trial-error procedure. There were attempts for creation
of ontologies in specific areas of food safety such as GMO ontology
(Prins, Top, Kok, & Marvin, 2012) and categories for plant health threats
(EFSA, 2012c) for the Medical Information System (MedISys) of the
Europe Media Monitor (EMM) (Linge et al., 2009). A text mining tool
using an ontology for salmon and oyster related emerging issues is
presented in a scientific report of Lucas Luijckx, van de Brug, Leeman,
van der Vossen, and Cnossen (2016). Nevertheless, comprehensive food
safety emerging risk ontology have not yet been elaborated.

2.2.3. Analyses of patent databases/scientific literature databases

New evidence and findings in scientific literature obviously serve as
an input for emerging risk identification systems, but also patented
technological innovations may be accompanied by emergence of risks.
These two areas are similar in terms of database structure and data
analytical approaches; therefore, the applicable methodologies could be
also similar.

These knowledge-based databases can be analysed from a network
perspective, where citations are the edges of the network and connect
the nodes which can be either single documents (patents, publications)
or at a higher aggregation level, technological or scientific categories.
Network approach is also supported by the fact that scientific/technol-
ogy systems are highly interdependent (Archibugi & Planta, 1996). The
changes in citation patterns in the patent network over time may reveal
scientific/technological trends. Network-based computational perspec-
tive provides several methodologies in terms or identifying influential or
emerging new fields. For example, ranking algorithms are applicable to
identify nodes that have certain positional advantages related to their
embeddedness in the network. This positional advantage result in in-
fluence of scientific or technological developmental directions.

Cho and Shih (2011) applied the so-called structural hole theory as a
type of a centrality measure in network analysis, for the identification of
emerging technologies in Taiwan, by ranking them based on their
‘structural hole score’. A structural hole is defined as a gap between
nodes (individuals) or group of nodes that hold complementary sources
to information, as on either side of the structural hole, they have access
to different flows of information. Structural holes therefore reflect ‘an
opportunity to broker the flow of information between people and
control the projects that bring together people from opposite sides of the
hole’ (Burt, 2000). Bruck, Réthy, Szente, Tobochnik, and Erdi (2016) has
applied another network-based ranking methodology, the algorithm
also used by Google, PageRank, for tracing the evolution of new fields of
technology.

When looking at the patent/publication categories as clusters that
change over time, community detection and clustering methodologies
are applicable to identify their temporal behaviour for the prediction of
the birth of new categories. Frdi et al. (2013) used a clustering algorithm

to study the temporal growth of patent citation network at ‘mesoscopic’
(subclass) level, while Beltz et al. (2019) demonstrated community
evolution tracking methodologies (growth, decay, split, birth, merge,
and death) with actual examples on United States Patent and Trademark
Office (USPTO) patent citation database.

According to Wang and Barabasi (2021) the theory that existing
technologies are recombined to generate new inventions is confirmed by
the analysis of US patents. Each patent is classified by the USPTO using a
unified scheme of technology codes (a class and a subclass). Today, 90%
of inventions combine at least two codes, showing that invention is
increasingly a combinatorial process. This combinatorial view of inno-
vation offers a way to quantify novelty in science. Indeed, scientific
papers draw their references from multiple journals, signalling the do-
mains from which they sourced their ideas (Wang & Barabasi, 2021).
The use of co-citation network analysis of patent data and dissimilarity
matrix analysis is demonstrated amongst the results of a project aimed at
emerging risk identification determination and metrics (Meijer et al.,
2020). Co-citation is defined as the frequency with which two patents
are cited together by other patents. The theory behind co-citation
analysis is that the more co-citations two patents receive, the higher
their co-citation strength, and the more likely they are semantically
related. By the temporal evaluation of the co-citations, patterns can be
revealed. On the other hand, Bray Curtis dissimilarity method (Bray &
Curtis, 1957) is also applicable for capturing temporal changes in the
structure of the citation pattern by the analysis of the change of
dissimilarity matrices over time. This method is commonly used in nu-
merical ecology, as a statistic to quantify the compositional dissimilarity
between two different sites (in this case patent categories) based on the
counts of the included units (in this case, patent citations) (Legendre &
Legendre, 2012).

2.2.4. Media news analysis — Topic detection

Topic detection is an information processing technique that includes
different methodologies that combine several text mining algorithms.
The more often used methodologies are (a) clustering algorithms, which,
in the pre-processing phase is preceded by keyword extraction algo-
rithms such as Term Frequency-Inverse Document Frequency (TF-IDF)
(Salton & Buckley, 1988) and Vector Space Model (Salton, Wong, &
Yang, 1975); (b) topic models (AlSumait, Barbara, & Domeniconi, 2008)
which use e.g., Latent Dirichlet Allocation (LDA) (Blei, Ng, & Jordan,
2003) to explore the latent semantic knowledge of documents, i.e.,
treating each document as a probability distribution over topics, then
representing news based on this distribution and clustering the news
accordingly; and also (c) neural network-based methods (Hashimoto,
Kontonatsios, Miwa, & Ananiadou, 2016). In the study of Marvin et al.
(2022), network analysis has been used and concluded to be effective for
the identification of frauded food products and fraud cases from
MedISys-FF food fraud publication collection tool.
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By identifying and analysing topics in food chain related media news,
food safety events and emerging food safety risks can be detected in a
timely manner (Xiao, Wang, Zhang, & Qian, 2019).

A methodology for topic detection in food safety news has been
elaborated in DEMETER (Determination and Metrics for Emerging Risks
Identification) project (Meijer et al., 2020).

3. Results and discussion

Identifying emerging issues is not a trivial task. Different knowledge
levels exist in different organizations, thus different issues will be
emerging to a particular food business operator, for an authority, for an
academic partner, etc. Therefore, in our conventional way of identifying
emerging risks, the experts involved in the process have an extreme
importance: their understanding of the knowledge levels and their de-
cisions during the course of the identification process will influence the
outcome.

However, manual screening of data, information, and knowledge for
identifying emerging risks is a long and resource-demanding process.
Data analysis and text mining methods may help in the screening pro-
cess, to help the experts in filtering out ‘noise’ from the flow of infor-
mation. From a didactic perspective, we can have generally two
approaches of data assisted screening: 1) imitating the human decision-
making process; and 2) applying new approaches and changing the
process itself. These methods of course could be used for news, scientific
literature, rapid alert systems, monitoring systems or other textual data
and information as well.

3.1. Imitating the human decision-making process

This approach is seldom used in its pure form, but the basic idea is to
define what is ‘emerging’, what is ‘risk’, what is a ‘new technology’, etc.
in a format which is understandable by a machine. So, in other words,
ontologies are elaborated on emerging risk identification, then search
strings or automated data/information retrieval pipelines are used
which parse the knowledge corpus for the defined words or expressions
defined by the ontology. A challenge is that if we want to find news on
potentially emerging technologies bearing food safety risks, where the
words ‘emerging’ or ‘new’ are not explicitly mentioned, we won’t find
them. A more sophisticated ontology is need for that, and the develop-
ment of such an ontology could also be assisted by various Al method-
ologies. An example for this would be to train an Al system on a large
textual corpus of already identified emerging risks to let the algorithm
identify the ontology by itself.

3.2. New approaches changing the identification process itself

Considering the significant resource need to develop an efficient
emerging risk ontology, a different approach might be used. This
approach suggests that if the human decision-making process can’t be
fully substituted by machines, then other indicators for emergence
might be defined. Emergence in this definition space is a (significant)
change in patterns/structures of a system. As an example, patents cite
other patents, and this citation network has certain characteristics.
There are more dense parts of this network, there are patents or patent
groups which have more citations, or they play a central role in the
network bridging distant groups, etc. The structure itself tells us which
patents and/or patent groups are ‘more important’. But when we explore
these phenomena in a time-dynamic manner (i.e., exploring the changes
of the structure over time), then we could have signals of emergence:
new groups are forming, new bridges are developing, etc. This emer-
gence is interpreted as profound changes in the underlying patent uni-
verse, and these indicate certain directions which are worth
investigating more in details.

These two approaches form just a didactic grouping. From a practical
perspective, a certain combination of these is used: first the target
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groups/individual patents are narrowed down with network analysis,
then keywords might be used to find the most relevant patents causing
this emergence. Or the other way around: first narrowing down the
patent database with specific keywords or filtering options (for a specific
topic, patent group, timeframe or other), then perform analysis on this
smaller set of data. However, in this case, we have to be careful about
interpreting the results taking into account how much information we
have lost with the initial filtering.

3.3. Identified ERs — Summary

Currently, from the applicable data analytical methods, the core of
our emerging risk identification system is topic detection, this method is
continuously applied by the ERI team and supplies the system with
around 90% of the possible emerging issues. We also analyse patent
databases with structural hole approach and the emergence and diver-
gence of technological categories with numerical ecology analysis and
co-citation network analysis. By applying these data analytical methods
(media news analysis, Section 2.2.4 and patent network analysis, Sec-
tion 2.2.3) and the above-described process management system (Sec-
tion 2.1), in 2020 and 2021, there were 58 emerging risks identified by
the ERI team. The list of emerging risks, the measures and the follow-up
actions can be seen in the Supplementary material.

In order to give an overview on the identified emerging risks, their
classification and briefing is presented hereunder (however, some topics
e.g., sustainability and technological innovation might overlap).

e Microbial safety of ready-to-eat (RTE) fresh greens and mushrooms / raw
RTE foods

Issues related to Salmonella spp. (Zwe, Ten, Pang, Wong, & Li, 2021;
CDC, 2020b, CDC, 2022) and Listeria spp. (CDC, 2020a) on different
types of fresh RTE foods such as basil, peaches, leafy greens, cilantro and
mushroom occurred in the last six months of 2021. This type of hazard-
matrix combination is quite common, nevertheless, the number of issues
has increased, which indicates an increasing exposure that is a charac-
teristic of emerging risks.

e Pet food issues

In 2021, various problems have occurred regarding pet foods. Some
examples are microbial contamination (FDA, 2018),extremely high
aflatoxin contamination (FDA, 2020), antibiotic resistance (Finisterra,
Duarte, Peixe, Novais, & Freitas, 2021) and unknown hazards (FDA,
2022a, 2022b) in the feed causing the death or other diseases of pets.

e Micro- and nano plastics

There are several recent studies investigating the concerns of micro-
and nano plastics. The hazards occurring including — but not limited to —
accumulation and biomagnification in plants (Sun et al., 2020), animals
(Carreras-Colom et al., 2020) and humans (Cox et al., 2019; Oliveri
Conti et al., 2020; Ragusa et al., 2021), dissolving chemical contami-
nants (Li et al., 2020) such as bisphenol A and phthalates (Norstrom,
Olsson, Olsson, & Bergman, 2004), bound chemical contaminants (e.g.
PAHs), microbiological risks (Bowley, Baker-Austin, Porter, Hartnell, &
Lewis, 2021) and different exposure routs such as the food chain and the
environment (water (Kelly, Lannuzel, Rodemann, Meiners, & Auman,
2020; Koelmans et al., 2019; L. J. J. Meijer, van Emmerik, van der Ent,
Schmidt, & Lebreton, 2021), soil, air (Brahney et al., 2021)). The area is
widely studied but has many information gaps, for example laboratory
analysis has a lot of challenges and are not standardised yet.

e Antimicrobial resistance issues

New studies regarding different aspects of antimicrobial resistance
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such as spread (Zrimec, 2020), stimulating agents (Zhao et al., 2021),
and prevention technologies shed the light on the importance of this
ever-growing issue that needs to be monitored and more understood to
mitigate the adverse effects.

e Chemical contaminant related issues (including pesticide issues)

Issues came into our sight were related to food additives (Naidenko
et al., 2021), dissolving chemicals from food contact materials (Bon-
wick, Bradley, Lock, & Romero, 2019) and pesticides. There is more and
more knowledge gained regarding new chemical contaminants, effects
of new and known chemical contaminants and their exposure (Wang
et al., 2021).

e Issues related to sustainability (including alternative protein sources)

Recycling, reduction of food waste (Vilas-Boas, Pintado, & Oliveira,
2021) and several various alternative protein sources (insects (Gadzama
& Ndudim, 2019), microbes (Ciani et al., 2021) and gene engineered
sources (Boukid, Rosell, Rosene, Bover-Cid, & Castellari, 2022)) are
belonging to this topic driven by climate change and sustainability.

e Technological innovation (including gene manipulation and nanotech-
nology related issues)

Gene manipulation and nanotechnology are extremely popular fields
in innovation technologies. With newest technologies, gene manipula-
tion is often used for treating diseases (Raffan et al., 2021), while
nanotechnology examined for antimicrobial effects and applicability in
the food industry (Ahmed et al., 2022; Aytac et al., 2021). As all new
technologies may be accompanied by risks (Nissen, Casciano, & Gia-
notti, 2021), these issues need to be monitored.

e Climate change related issues

Climate change has inevitable effects on the ecosystems and thereby
the food chain (Fiorenza et al., 2020; Keesing & Ostfeld, 2021). Issues
classified into this topic are usually considered to be drivers such as the
topic itself.

o Emerging microbes

As an active scientific field, food microbiology always serves with
information on new microbe species, strains (Muchaamba, Barmettler,
Treier, Houf, & Stephan, 2022), or new exposure routes (FDA, 2021;
Carlin et al., 2021) of known microbes in the food chain. Identification
of new microbes and food safety outbreaks are driven by innovations
and development of diagnostics and microbial evolution. These types of
emerging risks are usually included in the national monitoring system
after detection.

e Consumer trends

Trends coming from catering (e.g., edible flowers (Guiné, Florenca,
Ferrao, & Correia, 2019)), or new home cooking habits (e.g. home-made
fermentation), health-driven food choices are usually accompanied by
risks hidden from consumers who are not familiar with potential food
safety matters such as non-regulated cultivation or application, micro-
biological risks or too high concentration of active ingredients. In case of
this topic, informing consumers by proper risk communication is
essential for mitigating the risks.

The listed topics, in which the specific emerging risks (see in Sup-
plementary material) belong can be considered as drivers of change in
terms of food chain safety incidents and emerging risks. Of course, by
themselves these are well-known areas, but as identified drivers they
might help stakeholders in e.g., decision making or distributing the
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research and control resources. The specific identified emerging risks
have helped the authorities such as National Food Chain Safety Office of
Hungary and Emerging Risk Exchange Network (EREN) of EFSA in
intervening in order to enhance preparedness, e.g., completing the na-
tional monitoring program with a specific hazard-matrix combination
based on our findings. Many of the listed emerging risks were subject to
EU-level discussion at EREN meetings. The identified emerging risks
have also been communicated through our website; therefore, con-
sumers were informed on the possible risks and consequences in matters
of their concern.

4. Conclusions and perspectives

Mitigation and prevention of food chain related emerging risks with
possible severe consequences requires an identification system that al-
lows for timely identification of potential issues and the tracking of the
fate of the issues after the expert evaluations. Continuously developing
data analytical and artificial intelligence methodologies provide op-
portunities for solving specific aspects of issues occurring in the
emerging risk universe (Liu et al., 2022; Marvin et al., 2022). However,
near real-time identification with high precision and handling the whole
process only by machines and algorithms in the food chain area are
unlikely as at certain points in the system, human expert knowledge is
needed for e.g., validation, interpretation, making final decisions and
also because of security and ethical reasons. This statement is also
underlined by the fact that gathering expert knowledge for emerging
risk identification in the food sector is a topical issue. According to a
systematic review conducted by Hadjigeorgiou et al. (2022), there is a
significant increase in expert elicitation methods, such as workshops,
Delphi method, surveys etc. used for emerging risk identification in the
food and feed sector since 2017. While there are promising tools using
artificial intelligence and machine learning algorithms developed for
risk identification in other sectors, such as in the drug sector for finding
adverse effects (Martenot et al., 2022), this method uses the benefits of a
classic machine learning-based prediction which is hardly adaptable in
such a complex system as the food chain.

In terms of food chain related risks, we can differentiate three
different timescales. The shortest timescale is represented by early
warning systems. In this case we talk about issues when immediate ac-
tion is required (e.g., preparation for an incident when there is new
information about an ongoing outbreak or incident that happened
somewhere else). For this, rapid and structured information flow is
required just as in case of rapid alert systems (e.g., RASFF).

In the longest timescale, there are events coming from long timescale
studies such as driver-, foresight- and scenario analyses, which serve
with information to induce thinking and actions on a strategic level
(Marvin et al., 2020).

In our interpretation, the actual emerging risks occur at a medium
term. The elaborated emerging risk identification process with the
filtering procedures enables a sustainable continuous preparedness
system for emerging risks occurring especially at this timescale.
Knowledge about continuously identified emerging issues helps au-
thorities to prepare and act in a timely manner and thereby avoid or
mitigate possible future risks. It also aids industry and entrepreneurs
who can prevent food safety events and non-compliancy issues of their
products. When new issues emerge, the knowledge gaps reveal new
research directions which direct the focus of research prioritization and
initiation for researchers and funding agencies as well. Altogether, the
final achievement is the prevention and protection of consumer health
and the whole food chain.

Of course, separation of the three timelines is only for better un-
derstanding as all of them need different approach in terms of inter-
pretation and analysis. However, the three timelines are closely related
and affect each other. One can imagine that long-term drivers such as
climate change will inevitably end up in short-term issues and medium-
term emerging risks as well. New technological developments also might
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be accompanied by risks that were not accounted for in advance. Or
another example is changing in trends in recent outbreaks (short-term
issues) is a strong signal for medium-term risks to emerge.

From preparedness point of view and to have resilient food systems,
systematic assessment of short, medium, and long timescale trends and
issues is needed, and while different timescale issues affect each other,
from analysis and evaluation perspective, these need to be handled
separately. Newly evolving area of knowledge management systems will
be the key to form and maintain a harmonized system that brings
together different timescale emerging issues and drivers of change.

Funding

Project no. RRF-2.3.1-21-2022-00001 has been implemented with
the support provided by the Recovery and Resilience Facility (RRF),
financed under the National Recovery Fund budget estimate, RRF-
2.3.1-21 funding scheme.

CRediT authorship contribution statement

Zsuzsa Farkas: Conceptualization, Methodology, Software, Visual-
ization, Writing — original draft. Erika Orszagh: Data curation, Soft-
ware, Validation, Writing — review & editing. Tekla Engelhardt: Data
curation, Formal analysis, Validation, Writing — review & editing.
Andrea Zentai: Data curation, Formal analysis, Validation, Writing —
review & editing. Miklos Siith: Conceptualization, Funding acquisition.
Szilveszter Csorba: Data curation, Methodology, Software, Validation,
Writing — review & editing. Akos Jézwiak: Conceptualization, Super-
vision, Validation, Writing — original draft.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability
No data was used for the research described in the article.
Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ifset.2023.103366.

References

Ahmed, H. A., El Bayomi, R. M., Hamed, R. 1., Mohsen, R. A., El-Gohary, F. A.,
Hefny, A. A,, ... Tolba, H. M. N. (2022). Genetic relatedness, antibiotic resistance,
and effect of silver nanoparticle on biofilm formation by Clostridium perfringens
isolated from chickens, pigeons, camels, and human consumers. Veterinary Sciences,
9(3), 109. https://doi.org/10.3390/vetsci9030109

AlSumait, L., Barbard, D., & Domeniconi, C. (2008). On-line LDA: Adaptive topic models
for mining text streams with applications to topic detection and tracking. In 2008
Eighth IEEE International Conference on Data Mining (pp. 3-12). https://doi.org/
10.1109/ICDM.2008.140

Archibugi, D., & Planta, M. (1996). Measuring technological change through patents and
innovation surveys. Technovation, 16(9), 451-468. https://doi.org/10.1016/0166-
4972(96)00031-4

van Asselt, E. D., Meuwissen, M. P. M., van Asseldonk, M. A. P. M., Teeuw, J., & van der
Fels-Klerx, H. J. (2010). Selection of critical factors for identifying emerging food
safety risks in dynamic food production chains. Food Control, 21(6), 919-926.
https://doi.org/10.1016/j.foodcont.2009.12.010

Aytac, Z., Xu, J., Raman Pillai, S. K., Eitzer, B. D., Xu, T., Vaze, N., ... Demokritou, P.
(2021). Enzyme- and relative humidity-responsive antimicrobial fibers for active
food packaging. ACS Applied Materials & Interfaces, 13(42), 50298-50308. https://
doi.org/10.1021/acsami.1c12319

Beltz, H., Rutledge, T., Wadhwa, R. R., Bruck, P., Tobochnik, J., Fiilop, A., ... Erdi, P.
(2019). Ranking algorithms: Application for patent citation network. In E. Bossé, &
G. L. Rogova (Eds.), Information quality in information fusion and decision making (pp.
519-538). Springer International Publishing. https://doi.org/10.1007/978-3-030-
03643-0_21.

Innovative Food Science and Emerging Technologies 86 (2023) 103366

Blei, D. M., Ng, A. Y., & Jordan, M. L. (2003). Latent Dirichlet allocation. Journal of
Machine Learning Research Archive, 3, 993-1022.

Bonwick, G., Bradley, E., Lock, I., & Romero, R. (2019). Bio-based materials for use in food
contact applications Fera project number FR/001658 report to the Food Standards
Agency. FERA. Retrieved from https://www.food.gov.uk/sites/default/files/medi
a/document/bio-based-materials-for-use-in-food-contact-applications_0.pdf
Accessed January 13, 2023.

Boukid, F., Rosell, C. M., Rosene, S., Bover-Cid, S., & Castellari, M. (2022). Non-animal
proteins as cutting-edge ingredients to reformulate animal-free foodstuffs: Present
status and future perspectives. Critical Reviews in Food Science and Nutrition, 62(23),
6390-6420. https://doi.org/10.1080,/10408398.2021.1901649

Bouzembrak, Y., & Marvin, H. J. P. (2019). Impact of drivers of change, including
climatic factors, on the occurrence of chemical food safety hazards in fruits and
vegetables: A Bayesian network approach. Food Control, 97, 67-76. https://doi.org/
10.1016/j.foodcont.2018.10.021

Bowley, J., Baker-Austin, C., Porter, A., Hartnell, R., & Lewis, C. (2021). Oceanic
hitchhikers — Assessing pathogen risks from marine microplastic. Trends in
Microbiology, 29(2), 107-116. https://doi.org/10.1016/].tim.2020.06.011

Brahney, J., Mahowald, N., Prank, M., Cornwell, G., Klimont, Z., Matsui, H., &
Prather, K. A. (2021). Constraining the atmospheric limb of the plastic cycle.
Proceedings of the National Academy of Sciences, 118(16), Article e2020719118.
https://doi.org/10.1073/pnas.2020719118

Bray, J. R., & Curtis, J. T. (1957). An ordination of the upland forest communities of
southern Wisconsin. Ecological Monographs, 27(4), 325-349. https://doi.org/
10.2307/1942268

Bruck, P., Réthy, 1., Szente, J., Tobochnik, J., & Erdi, P. (2016). Recognition of emerging
technology trends: Class-selective study of citations in the U.S. patent citation
network. Scientometrics, 107(3), 1465-1475. https://doi.org/10.1007/s11192-016-
1899-0

van de Brug, F. J., Lucas Luijckx, N. B., Cnossen, H. J., & Houben, G. F. (2014). Early
signals for emerging food safety risks: From past cases to future identification. Food
Control, 39, 75-86. https://doi.org/10.1016/j.foodcont.2013.10.038

Burt, R. S. (2000). The network structure of social capital. Research in Organizational
Behavior, 22, 345-423. https://doi.org/10.1016/50191-3085(00)22009-1

Carlin, C. R, Liao, J., Weller, D., Guo, X., Orsi, R., & Wiedmann, M. (2021). Listeria
cossartiae sp. Nov., Listeria immobilis sp. Nov., Listeria portnoyi sp. Nov. and
Listeria rustica sp. Nov., isolated from agricultural water and natural environments.
International Journal of Systematic and Evolutionary Microbiology, 71(5). https://doi.
0rg/10.1099/ijsem.0.004795

Carreras-Colom, E., Constenla, M., Soler-Membrives, A., Cartes, J. E., Baeza, M., &
Carrasson, M. (2020). A closer look at anthropogenic fiber ingestion in Aristeus
antennatus in the NW Mediterranean Sea: Differences among years and locations and
impact on health condition. Environmental Pollution, 263, Article 114567. https://
doi.org/10.1016/j.envpol.2020.114567

Centers for Disease Control and Prevention (CDC). (2020, June 9). Outbreak of Listeria
Infections Linked to Enoki Mushrooms. Retrieved from https://www.cdc.gov/listeri
a/outbreaks/enoki-mushrooms-03-20/index.html Accessed January 13, 2023.

Centers for Disease Control and Prevention (CDC). (2020, October 16). Outbreak of
Salmonella Enteritidis infections linked to peaches. Retrieved from https://www.cdc.
gov/salmonella/enteritidis-08-20/index.html Accessed January 13, 2023.

Centers for Disease Control and Prevention (CDC). (2022, February 2). Salmonella
outbreak linked to onions. Retrieved from https://www.cdc.gov/salmonella/orani
enburg-09-21/index.html Accessed January 13, 2023.

Cho, T.-S., & Shih, H.-Y. (2011). Patent citation network analysis of core and emerging
technologies in Taiwan: 1997-2008. Scientometrics, 89(3), 795-811. https://doi.org/
10.1007/511192-011-0457-z

Ciani, M., Lippolis, A., Fava, F., Rodolfi, L., Niccolai, A., & Tredici, M. R. (2021).
Microbes: Food for the future. Foods, 10(5), 971. https://doi.org/10.3390/
foods10050971

Cox, K. D., Covernton, G. A., Davies, H. L., Dower, J. F., Juanes, F., & Dudas, S. E. (2019).
Human consumption of microplastics. Environmental Science & Technology, 53(12),
7068-7074. https://doi.org/10.1021/acs.est.9b01517

Dury, S., Bendjebbar, P., Hainzelin, E., Giordano, T., Bricas, N., & (Eds.).. (2019). Food
systems at risk. New trends and challenges. FAO; CIRAD and European Commission.
https://doi.org/10.19182/agritrop/00080

Erdi, P., Makovi, K., Somogyvari, Z., Strandburg, K., Tobochnik, J., Volf, P., & Zalanyi, L.
(2013). Prediction of emerging technologies based on analysis of the US patent
citation network. Scientometrics, 95(1), 225-242. https://doi.org/10.1007/s11192-
012-0796-4

European Commission. (2017). European Commission RASFF - food and feed safety
alerts. Retrieved from https://food.ec.europa.eu/safety/rasff en Accessed January
13, 2023.

European Food Safety Authority (EFSA). (2007). Definition and description of “emerging
risks” within the ESFA’s mandate (p. 3). Parma: Scientific Committe and Advisory
Forum Unit.

European Food Safety Authority (EFSA). (2011). EFSA’s 15th scientific colloquium on
emerging risks in food: From identification to communication. EFSA Supporting
Publications, 8(2). https://doi.org/10.2903/sp.efsa.2011.EN-114

European Food Safety Authority (EFSA). (2012a). Towards a methodological framework
for emerging risk identification. EFSA Supporting Publications, 9(2). https://doi.org/
10.2903/sp.efsa.2012.EN-243

European Food Safety Authority (EFSA). (2012b). Piloting a process for emerging risks
identification: Lessons learnt and next steps. EFSA Supporting Publications, 9(7).
https://doi.org/10.2903/sp.efsa.2012.EN-310

European Food Safety Authority (EFSA). (2012c). Evaluation of the MedISys EFSA tab
menu in the areas of animal and plant health, GMOs, pesticides and biological


https://doi.org/10.1016/j.ifset.2023.103366
https://doi.org/10.1016/j.ifset.2023.103366
https://doi.org/10.3390/vetsci9030109
https://doi.org/10.1109/ICDM.2008.140
https://doi.org/10.1109/ICDM.2008.140
https://doi.org/10.1016/0166-4972(96)00031-4
https://doi.org/10.1016/0166-4972(96)00031-4
https://doi.org/10.1016/j.foodcont.2009.12.010
https://doi.org/10.1021/acsami.1c12319
https://doi.org/10.1021/acsami.1c12319
https://doi.org/10.1007/978-3-030-03643-0_21
https://doi.org/10.1007/978-3-030-03643-0_21
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0035
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0035
https://www.food.gov.uk/sites/default/files/media/document/bio-based-materials-for-use-in-food-contact-applications_0.pdf
https://www.food.gov.uk/sites/default/files/media/document/bio-based-materials-for-use-in-food-contact-applications_0.pdf
https://doi.org/10.1080/10408398.2021.1901649
https://doi.org/10.1016/j.foodcont.2018.10.021
https://doi.org/10.1016/j.foodcont.2018.10.021
https://doi.org/10.1016/j.tim.2020.06.011
https://doi.org/10.1073/pnas.2020719118
https://doi.org/10.2307/1942268
https://doi.org/10.2307/1942268
https://doi.org/10.1007/s11192-016-1899-0
https://doi.org/10.1007/s11192-016-1899-0
https://doi.org/10.1016/j.foodcont.2013.10.038
https://doi.org/10.1016/S0191-3085(00)22009-1
https://doi.org/10.1099/ijsem.0.004795
https://doi.org/10.1099/ijsem.0.004795
https://doi.org/10.1016/j.envpol.2020.114567
https://doi.org/10.1016/j.envpol.2020.114567
https://www.cdc.gov/listeria/outbreaks/enoki-mushrooms-03-20/index.html
https://www.cdc.gov/listeria/outbreaks/enoki-mushrooms-03-20/index.html
https://www.cdc.gov/salmonella/enteritidis-08-20/index.html
https://www.cdc.gov/salmonella/enteritidis-08-20/index.html
https://www.cdc.gov/salmonella/oranienburg-09-21/index.html
https://www.cdc.gov/salmonella/oranienburg-09-21/index.html
https://doi.org/10.1007/s11192-011-0457-z
https://doi.org/10.1007/s11192-011-0457-z
https://doi.org/10.3390/foods10050971
https://doi.org/10.3390/foods10050971
https://doi.org/10.1021/acs.est.9b01517
https://doi.org/10.19182/agritrop/00080
https://doi.org/10.1007/s11192-012-0796-4
https://doi.org/10.1007/s11192-012-0796-4
https://food.ec.europa.eu/safety/rasff_en
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0140
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0140
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0140
https://doi.org/10.2903/sp.efsa.2011.EN-114
https://doi.org/10.2903/sp.efsa.2012.EN-243
https://doi.org/10.2903/sp.efsa.2012.EN-243
https://doi.org/10.2903/sp.efsa.2012.EN-310

Z. Farkas et al.

hazards. EFSA Supporting Publications, 9(8). https://doi.org/10.2903/sp.efsa.2012.
EN-331

European Food Safety Authority (EFSA). (2015). Identification of emerging risks: An
appraisal of the procedure trialled by EFSA and the way forward. EFSA Supporting
Publications, 12(6). https://doi.org/10.2903/sp.efsa.2015.EN-824

European Union (EU). (2017). Regulation (EU) 2017/625 of the European Parliament
and of the Council of 15 March 2017 on official controls and other official activities
performed to ensure the application of food and feed law, rules on animal health and
welfare, plant health and plant protection products. Official Journal of the European
Union, L95, 1-142.

Finisterra, L., Duarte, B., Peixe, L., Novais, C., & Freitas, A. R. (2021). Industrial dog food
is a vehicle of multidrug-resistant enterococci carrying virulence genes often linked
to human infections. International Journal of Food Microbiology, 358, Article 109284.
https://doi.org/10.1016/j.ijfoodmicro.2021.109284

Fiorenza, E. A., Wendt, C. A., Dobkowski, K. A., King, T. L., Pappaionou, M.,
Rabinowitz, P., ... Wood, C. L. (2020). It’s a wormy world: Meta-analysis reveals
several decades of change in the global abundance of the parasitic nematodes
Anisakis spp. and Pseudoterranova spp. in marine fishes and invertebrates. Global
Change Biology, 26(5), 2854-2866. https://doi.org/10.1111/gcb.15048

Food and Agriculture Organization of the United Nations (FAO). (2022). Thinking about
the future of food safety — A foresight report. https://doi.org/10.4060/cb8667en

Gadzama, I. U., & Ndudim, R. K. (2019). Nutritional composition of housefly larvae meal:
A sustainable protein source for animal production — A review. Acta Scientific
Agriculture, 3(4), 74-77. Retrieved from https://www.researchgate.net/publication/
339301488 _Nutritional Composition_of Housefly Larvae Meal A _Sustainable Prot
ein_Source _for Animal Production - A Review Accessed January 13, 2023.

Gavai, A. K., Bouzembrak, Y., van den Bulk, L. M., Liu, N., van Overbeeke, L. F. D., van
den Heuvel, L. J., ... Marvin, H. J. P. (2021). Artificial intelligence to detect
unknown stimulants from scientific literature and media reports. Food Control, 130,
Article 108360. https://doi.org/10.1016/j.foodcont.2021.108360

Guiné, R. P. F., Florenca, S. G., Ferrao, A. C., & Correia, P. M. R. (2019). Investigation
about the consumption of edible flowers in Portugal. Indian Journal of Traditional
Knowledge, 18(3), 579-588. https://doi.org/10.56042/ijtk.v18i3.26748

Hadjigeorgiou, E., Clark, B., Simpson, E., Coles, D., Comber, R., Fischer, A. R. H,, ...
Frewer, L. J. (2022). A systematic review into expert knowledge elicitation methods
for emerging food and feed risk identification. Food Control, 136, Article 108848.
https://doi.org/10.1016/j.foodcont.2022.108848

Hashimoto, K., Kontonatsios, G., Miwa, M., & Ananiadou, S. (2016). Topic detection
using paragraph vectors to support active learning in systematic reviews. Journal of
Biomedical Informatics, 62, 59-65. https://doi.org/10.1016/].jbi.2016.06.001

Keesing, F., & Ostfeld, R. S. (2021). Impacts of biodiversity and biodiversity loss on
zoonotic diseases. Proceedings of the National Academy of Sciences, 118(17), Article
€2023540118. https://doi.org/10.1073/pnas.2023540118

Kelly, A., Lannuzel, D., Rodemann, T., Meiners, K. M., & Auman, H. J. (2020).
Microplastic contamination in East Antarctic Sea ice. Marine Pollution Bulletin, 154,
Article 111130. https://doi.org/10.1016/j.marpolbul.2020.111130

Kleter, G. A., & Marvin, H. J. P. (2009). Indicators of emerging hazards and risks to food
safety. Food and Chemical Toxicology, 47(5), 1022-1039. https://doi.org/10.1016/j.
fct.2008.07.028

Koelmans, A. A., Mohamed Nor, N. H., Hermsen, E., Kooi, M., Mintenig, S. M., & De
France, J. (2019). Microplastics in freshwaters and drinking water: Critical review
and assessment of data quality. Water Research, 155, 410-422. https://doi.org/
10.1016/j.watres.2019.02.054

Legendre, P., & Legendre, L. (2012). Numerical ecology (third English edition). Elsevier.

Li, D., Shi, Y., Yang, L., Xiao, L., Kehoe, D. K., Gun’ko, Y. K., ... Wang, J. J. (2020).
Microplastic release from the degradation of polypropylene feeding bottles during
infant formula preparation. Nature Food, 1(11), 746-754. https://doi.org/10.1038/
s43016-020-00171-y

Linge, J. P., Steinberger, R., Weber, T. P., Yangarber, R., van der Goot, E., Al
Khudhairy, D. H., & Stilianakis, N. I. (2009). Internet surveillance systems for early
alerting of health threats. Euro Surveillance: Bulletin Europeen Sur Les Maladies
Transmissibles = European Communicable Disease Bulletin, 14(13), Article 19162.

Liu, N., Bouzembrak, Y., van den Bulk, L. M., Gavai, A., van den Heuvel, L. J., &
Marvin, H. J. P. (2022). Automated food safety early warning system in the dairy
supply chain using machine learning. Food Control, 136, Article 108872. https://doi.
org/10.1016/j.foodcont.2022.108872

Lucas Luijckx, N. B., van de Brug, F. J., Leeman, W. R., van der Vossen, J. M. B. M., &
Cnossen, H. J. (2016). Testing a text mining tool for emerging risk identification.
EFSA Supporting Publications, 13(12). https://doi.org/10.2903/sp.efsa.2016.EN-1154

Martenot, V., Masdeu, V., Cupe, J., Gehin, F., Blanchon, M., Dauriat, J., Horst, A.,
Renaudin, M., Girard, P., & Zucker, J.-D. (2022). LiSA: An assisted literature search
pipeline for detecting serious adverse drug events with deep learning. BMC Medical
Informatics and Decision Making, 22(1), 338. https://doi.org/10.1186/s12911-022-
02085-0

Marvin, H. J. P., Hoenderdaal, W., Gavai, A. K., Mu, W., van den Bulk, L. M., Liu, N, ...
Bouzembrak, Y. (2022). Global media as an early warning tool for food fraud; an
assessment of MedISys-FF. Food Control, 137, Article 108961. https://doi.org/
10.1016/j.foodcont.2022.108961

Marvin, H. J. P., Kleter, G. A., Frewer, L. J., Cope, S., Wentholt, M. T. A., & Rowe, G.
(2009). A working procedure for identifying emerging food safety issues at an early
stage: Implications for European and international risk management practices. Food
Control, 20(4), 345-356. https://doi.org/10.1016/j.foodcont.2008.07.024

Marvin, H. J. P., van Asselt, E., Kleter, G., Meijer, N., Lorentzen, G., Johansen, L.-H., ...
Bouzembrak, Y. (2020). Expert-driven methodology to assess and predict the effects
of drivers of change on vulnerabilities in a food supply chain: Aquaculture of Atlantic

Innovative Food Science and Emerging Technologies 86 (2023) 103366

salmon in Norway as a showcase. Trends in Food Science & Technology, 103, 49-56.
https://doi.org/10.1016/j.tifs.2020.06.022

Meijer, L. J. J., van Emmerik, T., van der Ent, R., Schmidt, C., & Lebreton, L. (2021).
More than 1000 rivers account for 80% of global riverine plastic emissions into the
ocean. Science Advances, 7(18), Article eaaz5803. https://doi.org/10.1126/sciadv.
aaz5803

Meijer, N., Filter, M., Jozwiak, A., Willems, D., Frewer, L., Fischer, A., ... Marvin, H.
(2020). Determination and metrics for emerging risks identification DEMETER: Final
report. EFSA Supporting Publications, 17(7). https://doi.org/10.2903/sp.efsa.2020.
EN-1889

Muchaamba, F., Barmettler, K., Treier, A., Houf, K., & Stephan, R. (2022). Microbiology
and epidemiology of Escherichia albertii—An emerging elusive foodborne pathogen.
Microorganisms, 10(5), 875. https://doi.org/10.3390/microorganisms10050875

Naidenko, O. V., Andrews, D. Q., Temkin, A. M., Stoiber, T., Uche, U. L, Evans, S., &
Perrone-Gray, S. (2021). Investigating molecular mechanisms of Immunotoxicity
and the utility of ToxCast for Inmunotoxicity screening of chemicals added to food.
International Journal of Environmental Research and Public Health, 18(7), 3332.
https://doi.org/10.3390/ijerph18073332

Nissen, L., Casciano, F., & Gianotti, A. (2021). Plant volatiles of lettuce and chicory
cultivated in aquaponics are associated to their microbial community.
Microorganisms, 9(3), 580. https://doi.org/10.3390/microorganisms9030580

Norstrom, K., Olsson, A., Olsson, M., & Bergman, A. (2004). Bis(4-chlorophenyl) sulfone
(BCPS) in Swedish marine and fresh water wildlife-a screening study. Environment
International, 30(5), 667-674. https://doi.org/10.1016/j.envint.2003.12.005

Oliveri Conti, G., Ferrante, M., Banni, M., Favara, C., Nicolosi, L., Cristaldi, A., Fiore, M.,
& Zuccarello, P. (2020). Micro- and nano-plastics in edible fruit and vegetables. The
first diet risks assessment for the general population. Environmental Research, 187,
Article 109677. https://doi.org/10.1016/j.envres.2020.109677

Oltmanns, J., Bohlen, M., Escher, S., Schwarz, M., & Licht, O. (2019). Final report:
Applying a tested procedure for the identification of potential emerging chemical
risks in the food chain to the substances registered under REACH - REACH 2. EFSA
Supporting Publications, 16(3). https://doi.org/10.2903/sp.efsa.2019.EN-1597

Oltmanns, J., Licht, O., Bitsch, A., Bohlen, M.-L., Escher, S. E., Silano, V., ... Merten, C.
(2018). Development of a novel scoring system for identifying emerging chemical
risks in the food chain. Environmental Science: Processes & Impacts, 20(2), 340-353.
https://doi.org/10.1039/C7EM00564D

Prins, T. W., Top, J., Kok, E. J., & Marvin, H. J. P. (2012). EMM ontology on GMOs:
Customization of MedISys for the monitoring of GMOs without positive safety
assessment. RIKILT report 2012.016. RIKILT Wageningen UR. Retrieved from
https://edepot.wur.nl/240041 Accessed January 13, 2023.

Raffan, S., Sparks, C., Huttly, A., Hyde, L., Martignago, D., Mead, A., ... Halford, N. G.
(2021). Wheat with greatly reduced accumulation of free asparagine in the grain,
produced by CRISPR/Cas9 editing of asparagine synthetase gene TaASN2. Plant
Biotechnology Journal, 19(8), 1602-1613. https://doi.org/10.1111/pbi.13573

Ragusa, A., Svelato, A., Santacroce, C., Catalano, P., Notarstefano, V., Carnevali, O., ...
Giorgini, E. (2021). Plasticenta: First evidence of microplastics in human placenta.
Environment International, 146, Article 106274. https://doi.org/10.1016/j.
envint.2020.106274

Rortais, A., Barrucci, F., Ercolano, V., Linge, J., Christodoulidou, A., Cravedi, J.-P.,
Garcia-Matas, R., Saegerman, C., & Svecnjak, L. (2021). A topic model approach to
identify and track emerging risks from beeswax adulteration in the media. Food
Control, 119, Article 107435. https://doi.org/10.1016/j.foodcont.2020.107435

Salton, G., & Buckley, C. (1988). Term-weighting approaches in automatic text retrieval.
Information Processing & Management, 24(5), 513-523. https://doi.org/10.1016/
0306-4573(88)90021-0

Salton, G., Wong, A., & Yang, C. S. (1975). A vector space model for automatic indexing.
Communications of the ACM, 18(11), 613-620. https://doi.org/10.1145/
361219.361220

Sun, X.-D., Yuan, X.-Z., Jia, Y., Feng, L.-J., Zhu, F.-P., Dong, S.-S., Liu, J., Kong, X.,
Tian, H., Duan, J.-L., Ding, Z., Wang, S.-G., & Xing, B. (2020). Differentially charged
nanoplastics demonstrate distinct accumulation in Arabidopsis thaliana. Nature
Nanotechnology, 15(9), 755-760. https://doi.org/10.1038/541565-020-0707-4

U.S. Food & Drug Administration (FDA). (2018, February 22). Get the Facts! Raw Pet
Food Diets can be Dangerous to You and Your Pet. Retrieved from https://www.fda.
gov/animal-veterinary/animal-health-literacy/get-facts-raw-pet-food-diets-can-be-d
angerous-you-and-your-pet Accessed January 13, 2023.

U.S. Food & Drug Administration (FDA). (2020, December 30). COMPANY
ANNOUNCEMENT Midwestern Pet Foods Voluntarily Recalls Pet Food Recall for
Aflatoxin Health Risk. Retrieved from https://www.fda.gov/safety/recalls-marke
t-withdrawals-safety-alerts/midwestern-pet-foods-voluntarily-recalls-pet-food-recall
-aflatoxin-health-risk Accessed January 13, 2023.

U.S. Food & Drug Administration (FDA). (2021, December 1). COMPANY
ANNOUNCEMENT Livia Global Announces Voluntary Recall of Two Lots of Its
Liviaone Liquid Probiotics Because of The Potential for Contamination With
Pseudomonas aeruginosa. Retrieved from https://www.fda.gov/safety/recalls-market
-withdrawals-safety-alerts/livia-global-announces-voluntary-recall-two-lots-its-livia
one-liquid-probiotics-because-potential Accessed January 13, 2023.

U.S. Food & Drug Administration (FDA). (2022, December 23). FDA Investigation into
Potential Link between Certain Diets and Canine Dilated Cardiomyopathy. Retrieved
from https://www.fda.gov/animal-veterinary/outbreaks-and-advisories/fda-investi
gation-potential-link-between-certain-diets-and-canine-dilated-cardiomyopathy
Accessed January 13, 2023.

U.S. Food & Drug Administration (FDA). (2022, December 23). Questions & Answers:
FDA’s Work on Potential Causes of Non-Hereditary DCM in Dogs. Retrieved from
https://www.fda.gov/animal-veterinary/animal-health-literacy/questions-answers-f
das-work-potential-causes-non-hereditary-dem-dogs Accessed January 13, 2023.


https://doi.org/10.2903/sp.efsa.2012.EN-331
https://doi.org/10.2903/sp.efsa.2012.EN-331
https://doi.org/10.2903/sp.efsa.2015.EN-824
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0170
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0170
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0170
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0170
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0170
https://doi.org/10.1016/j.ijfoodmicro.2021.109284
https://doi.org/10.1111/gcb.15048
https://doi.org/10.4060/cb8667en
https://www.researchgate.net/publication/339301488_Nutritional_Composition_of_Housefly_Larvae_Meal_A_Sustainable_Protein_Source_for_Animal_Production_-_A_Review
https://www.researchgate.net/publication/339301488_Nutritional_Composition_of_Housefly_Larvae_Meal_A_Sustainable_Protein_Source_for_Animal_Production_-_A_Review
https://www.researchgate.net/publication/339301488_Nutritional_Composition_of_Housefly_Larvae_Meal_A_Sustainable_Protein_Source_for_Animal_Production_-_A_Review
https://doi.org/10.1016/j.foodcont.2021.108360
https://doi.org/10.56042/ijtk.v18i3.26748
https://doi.org/10.1016/j.foodcont.2022.108848
https://doi.org/10.1016/j.jbi.2016.06.001
https://doi.org/10.1073/pnas.2023540118
https://doi.org/10.1016/j.marpolbul.2020.111130
https://doi.org/10.1016/j.fct.2008.07.028
https://doi.org/10.1016/j.fct.2008.07.028
https://doi.org/10.1016/j.watres.2019.02.054
https://doi.org/10.1016/j.watres.2019.02.054
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0235
https://doi.org/10.1038/s43016-020-00171-y
https://doi.org/10.1038/s43016-020-00171-y
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0245
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0245
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0245
http://refhub.elsevier.com/S1466-8564(23)00100-5/rf0245
https://doi.org/10.1016/j.foodcont.2022.108872
https://doi.org/10.1016/j.foodcont.2022.108872
https://doi.org/10.2903/sp.efsa.2016.EN-1154
https://doi.org/10.1186/s12911-022-02085-0
https://doi.org/10.1186/s12911-022-02085-0
https://doi.org/10.1016/j.foodcont.2022.108961
https://doi.org/10.1016/j.foodcont.2022.108961
https://doi.org/10.1016/j.foodcont.2008.07.024
https://doi.org/10.1016/j.tifs.2020.06.022
https://doi.org/10.1126/sciadv.aaz5803
https://doi.org/10.1126/sciadv.aaz5803
https://doi.org/10.2903/sp.efsa.2020.EN-1889
https://doi.org/10.2903/sp.efsa.2020.EN-1889
https://doi.org/10.3390/microorganisms10050875
https://doi.org/10.3390/ijerph18073332
https://doi.org/10.3390/microorganisms9030580
https://doi.org/10.1016/j.envint.2003.12.005
https://doi.org/10.1016/j.envres.2020.109677
https://doi.org/10.2903/sp.efsa.2019.EN-1597
https://doi.org/10.1039/C7EM00564D
https://edepot.wur.nl/240041
https://doi.org/10.1111/pbi.13573
https://doi.org/10.1016/j.envint.2020.106274
https://doi.org/10.1016/j.envint.2020.106274
https://doi.org/10.1016/j.foodcont.2020.107435
https://doi.org/10.1016/0306-4573(88)90021-0
https://doi.org/10.1016/0306-4573(88)90021-0
https://doi.org/10.1145/361219.361220
https://doi.org/10.1145/361219.361220
https://doi.org/10.1038/s41565-020-0707-4
https://www.fda.gov/animal-veterinary/animal-health-literacy/get-facts-raw-pet-food-diets-can-be-dangerous-you-and-your-pet
https://www.fda.gov/animal-veterinary/animal-health-literacy/get-facts-raw-pet-food-diets-can-be-dangerous-you-and-your-pet
https://www.fda.gov/animal-veterinary/animal-health-literacy/get-facts-raw-pet-food-diets-can-be-dangerous-you-and-your-pet
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/midwestern-pet-foods-voluntarily-recalls-pet-food-recall-aflatoxin-health-risk
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/midwestern-pet-foods-voluntarily-recalls-pet-food-recall-aflatoxin-health-risk
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/midwestern-pet-foods-voluntarily-recalls-pet-food-recall-aflatoxin-health-risk
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/livia-global-announces-voluntary-recall-two-lots-its-liviaone-liquid-probiotics-because-potential
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/livia-global-announces-voluntary-recall-two-lots-its-liviaone-liquid-probiotics-because-potential
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/livia-global-announces-voluntary-recall-two-lots-its-liviaone-liquid-probiotics-because-potential
https://www.fda.gov/animal-veterinary/outbreaks-and-advisories/fda-investigation-potential-link-between-certain-diets-and-canine-dilated-cardiomyopathy
https://www.fda.gov/animal-veterinary/outbreaks-and-advisories/fda-investigation-potential-link-between-certain-diets-and-canine-dilated-cardiomyopathy
https://www.fda.gov/animal-veterinary/animal-health-literacy/questions-answers-fdas-work-potential-causes-non-hereditary-dcm-dogs
https://www.fda.gov/animal-veterinary/animal-health-literacy/questions-answers-fdas-work-potential-causes-non-hereditary-dcm-dogs

Z. Farkas et al.

Vilas-Boas, A. A., Pintado, M., & Oliveira, A. L. S. (2021). Natural bioactive compounds
from food waste: Toxicity and safety concerns. Foods, 10(7), 1564. https://doi.org/
10.3390/foods10071564

Wang, A., Abrahamsson, D. P., Jiang, T., Wang, M., Morello-Frosch, R., Park, J.-S., ...
Woodruff, T. J. (2021). Suspect screening, prioritization, and confirmation of
environmental Chemicals in Maternal-Newborn Pairs from San Francisco.
Environmental Science & Technology, 55(8), 5037-5049. https://doi.org/10.1021/
acs.est.0c05984

Wang, D., & Barabasi, A.-L. (2021). The science of science (1st ed.). Cambridge University
Press. https://doi.org/10.1017/9781108610834

Wentholt, M. T. A., Fischer, A. R. H., Rowe, G., Marvin, H. J. P., & Frewer, L. J. (2010).
Effective identification and management of emerging food risks: Results of an
international Delphi survey. Food Control, 21(12), 1731-1738. https://doi.org/
10.1016/j.foodcont.2010.07.006

White, O., Zamparutti, T., Orr, P., Sadauskis, R., Papadopoulou, L., & Pederson, R.
(2017). Methodological framework for the systematic identification of emerging
risks to the environment. Final methodological framework. A project for the

10

Innovative Food Science and Emerging Technologies 86 (2023) 103366

European Commission, directorate-general environment (service contract no.:
070203/2016/736533/SER/ENV.A3; p. 58). Retrieved from https://ec.europa.eu/
environment/risks/pdf/emerging_issues_methodological framework.pdf Accessed
April 03, 2023.

Xiao, Wang, Zhang, & Qian. (2019). Food safety event detection based on multi-feature
fusion. Symmetry, 11(10), 1222. https://doi.org/10.3390/sym11101222

Zhao, Y., Hu, H.-W., Su, J.-Q., Hao, X., Guo, H., Liu, Y.-R., & Zhu, Y.-G. (2021). Influence
of legacy mercury on antibiotic resistomes: Evidence from agricultural soils with
different cropping systems. Environmental Science & Technology, 55(20),
13913-13922. https://doi.org/10.1021/acs.est.1c04030

Zrimec, J. (2020). Multiple plasmid origin-of-transfer regions might aid the spread of
antimicrobial resistance to human pathogens. MicrobiologyOpen, 9(12). https://doi.
org/10.1002/mbo3.1129

Zwe, Y. H., Ten, M. M. Z., Pang, X., Wong, C. H., & Li, D. (2021). Differential survivability
of two genetically similar Salmonella Thompson strains on pre-harvest sweet basil
(Ocimum basilicum) leaves. Frontiers in Microbiology, 12, Article 740983. https://doi.
org/10.3389/fmicb.2021.740983


https://doi.org/10.3390/foods10071564
https://doi.org/10.3390/foods10071564
https://doi.org/10.1021/acs.est.0c05984
https://doi.org/10.1021/acs.est.0c05984
https://doi.org/10.1017/9781108610834
https://doi.org/10.1016/j.foodcont.2010.07.006
https://doi.org/10.1016/j.foodcont.2010.07.006
https://ec.europa.eu/environment/risks/pdf/emerging_issues_methodological_framework.pdf
https://ec.europa.eu/environment/risks/pdf/emerging_issues_methodological_framework.pdf
https://doi.org/10.3390/sym11101222
https://doi.org/10.1021/acs.est.1c04030
https://doi.org/10.1002/mbo3.1129
https://doi.org/10.1002/mbo3.1129
https://doi.org/10.3389/fmicb.2021.740983
https://doi.org/10.3389/fmicb.2021.740983

	Emerging risk identification in the food chain – A systematic procedure and data analytical options
	1 Introduction
	2 Materials and methods
	2.1 Process management
	2.1.1 Data/information collection
	2.1.2 Filtering
	2.1.2.1 Expert involvement in the filtering process

	2.1.3 Further measures

	2.2 Data analytical approaches
	2.2.1 Analysis of rapid alert systems and monitoring systems for identifying trends
	2.2.2 Keyword-based searches for emerging risks
	2.2.3 Analyses of patent databases/scientific literature databases
	2.2.4 Media news analysis – Topic detection


	3 Results and discussion
	3.1 Imitating the human decision-making process
	3.2 New approaches changing the identification process itself
	3.3 Identified ERs – Summary

	4 Conclusions and perspectives
	Funding
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Appendix A Supplementary data
	References


