
This book presents workflows – combinations of digital processing steps based 
on knowledge engineering – to address complex problems in the agrifood and 
bioproduct industries. These workflows enable the collection, organization, 
sharing, linking, and updating of various sources: expert opinions, experimen‑
tal data, and stakeholder preferences. The main methodological challenge is 
the extraction, representation, and integration of imperfect data for reusing in 
tasks such as learning, prediction, and decision support.

Knowledge engineering, a branch of AI, provides the methods and tools 
needed for expertise formalization, automated reasoning, and supported 
decision‑making. The book builds on the work of the INRAE ICO team at the 
IATE research unit (Montpellier, France) and the INRAE CATI DIISCICO network, 
which were awarded the Open Science Research Data Award 2023 by the French 
Ministry of Research. This research results from a long‑term collaboration with 
experts from the INRAE TRANSFORM division and their partners.

The workflows are implemented in innovative tools for capitalizing and 
processing data/knowledge; applied to specific agrifood sector issues; 
and intended to support collective decision‑making. They are illustrated with 
concrete cases, such as the design of biodegradable packaging composites, 
the selection of food product packaging, and technological recommendations 
for cheese quality.

The book details the methodologies and tools based on the generic nature of 
the approaches to ensure their durability, independent of technology, while 
also providing open resources (software, datasets, ontologies, thesauri) so 
they can be reused or adapted to other contexts.
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Foreword

In a world where data has become the lingua franca of science, business, and people, 
the ability to understand, link, and interpret information seems more critical than 
ever. Between the abundant quantitative data provided by sensors, experiments, and 
models from our labs and the wealth of qualitative knowledge produced by human 
expertise lies an imperfect interface that research is attempting to fix. It is exactly here 
that Knowledge Engineering for Decision Support in the Food and Bioproduct Industry 
comes in, striking a balance between rigorous measurements and nuanced meaning.
Based on an ambitious collective undertaking under the editorial coordination 
of Patrice Buche, Pierre Bisquert, and Rallou Thomopoulos, researchers at IATE 
(INRAE–Institut Agro–University of Montpellier), this book is first and foremost the 
story of a scientific and human adventure. It explores the many paths along which 
artificial intelligence, well beyond algorithmic performance, can become not only a 
tool for mediation between disciplines but also undoubtedly a lever of collective intel-
ligence and hopefully a driver of responsible innovation in the agrifood and biobased 
sectors. This book offers a wide-ranging menu of options.
An integrative and open approach to knowledge
The first two chapters lay down the conceptual foundations of this multiauthor book. 
It presents the vision of open data integration, capable of linking experimental meas-
urements, field observations, and expert knowledge. The authors show how semantic 
structures and ontologies – subjects on which they have been pioneers – provide the 
underlying architecture of meaning that guarantees interoperability and what could be 
called “the sustainability of knowledge.”
Chapters 3 and 4 get to the heart of the methodological approach. They describe 
the techniques of artificial intelligence that are used, such as machine learning, 
symbolic reasoning, knowledge representations and natural language processing, 
and above all the way these tools are combined in a hybrid, explainable, and partic-
ipatory approach, which enhances their potential. Readers will discover the finesse 
of data engineering that never separates the technique from the human. The fourth 
chapter in particular illustrates the power of the methodological solutions put 
forward through a series of tangible applications in food and biobased products. 
From characterizing biomass to formulating new materials, each case study demon-
strates how combining the quantitative and qualitative creates new opportunities 
for decision-making, traceability, and innovation.
Chapters 5 and 6 explore a common shortcoming faced by many labs and researchers 
– the organizational and collaborative aspects of a project – and how bridges can be 
created between labs, companies, and policymakers. These chapters also look at how 
open platforms can be built where data, knowledge, and preferences can become a 
common good rather than simply a technical instrument. Reading between the lines,  
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we can discern the authors’ conviction that to be successful, a scientific project depends 
as much on the quality of the algorithms as it does on teamwork.
Finally, the last chapter expands the conversation to the future. It examines the role of 
open and smart systems in the digital transformation of the bioeconomy sectors and 
the ethical responsibility of their designers. More than a conclusion, it is an invitation: 
an invitation to continue the dialogue between fields and stakeholders, to create tools 
that are ever more transparent, collaborative, and meaningful.
A book that encourages dialogue between science and society
This book goes much further than simply presenting results. It embodies a way of 
doing science differently, openly, thoughtfully, and firmly rooted in the reality of 
current transitions and the need for research that seeks solutions to the climate emer-
gency we now find ourselves in. This book is for researchers, engineers, and students, 
but also business leaders and public policymakers trying to understand how artificial 
intelligence can drive the sustainable transformation of food and biobased systems.

Johnny Beaugrand 
TRANSFORM Division Head 

INRAE
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Foreword

At a time when large neural network models seem to be the solution to all problems 
and are often considered the only effective contributions of artificial intelligence 
(AI), I am delighted and honored to preface this book, which perfectly illustrates the 
richness, diversity, and relevance of AI research far beyond the use or development 
of these models alone. In the approach put forward through the work of the ICO 
team at the IATE–INRAE–Institut Agro–University of Montpellier unit, human 
knowledge and practices are sources of inspiration, objects of transmission, and key 
elements in the completion of tasks in conjunction with digital resources, whether 
software, data, or knowledge graphs. The work reported in this book is an exem-
plary contribution to knowledge engineering, both because it provides insight into 
a team research process and because it presents remarkable and reusable issues and 
results. It also contributes to the agrifood domain with a large set of real case studies 
illustrating how decision-making can be supported for tasks like food processing or 
food packaging design.
The editors of this book, Patrice Buche, Pierre Bisquert, and Rallou Thomopoulos, 
are renowned researchers in the field of AI, particularly in knowledge representa-
tion and engineering and know-how modeling, mainly in the agrifood sector. Patrice 
Buche has spent his entire career in this field, first as a lecturer at AgroParisTech 
until 2002, and since then as a research engineer at the IATE unit. He special-
izes in ontology alignment and knowledge extraction from texts and tables with 
a view to constructing ontologies and knowledge graphs used in decision support 
systems. Pierre Bisquert joined the IATE unit as an INRAE researcher in 2014, 
bringing his skills in reasoning, logic, and argumentation, mainly existential logic, 
to develop approaches based on knowledge graphs and rules for data integration. 
He took over from Buche as head of the ICO team. Finally, Rallou Thomopoulos has 
been conducting AI research in the agrifood sector since obtaining her PhD from 
AgroParisTech. As researcher and then research director at INRAE within the IATE 
unit since 2004, she has focused on the representation and interrogation of fuzzy or 
imprecise knowledge, then on the representation of chains of arguments in the form 
of graphs within decision support systems.
The work presented in this book is the result of the efforts of the ICO team at the IATE 
unit, of which all three editors are members. It contributes to the team’s two areas of 
research: first, the ontology-driven integration of heterogeneous data and knowledge 
to formalize the knowledge needed for decision-making, and second, argumentation 
and social choice to integrate the preferences of the actors concerned and manage 
their different points of view. I should emphasize that it is rare for a research group 
to be able to capitalize so coherently on the work of each of its members. This book is 
the result of a long-term and genuine team effort, with each chapter itself a collective 
achievement. It confirms the complementarity and consistency of the work carried 
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out over the years, namely the projects and theses conducted within the ICO team. 
The permanent members of the team, and especially the editors of this book, played 
a key role in orchestrating, giving meaning to, and choosing a relevant direction for 
these different contributions, and now in bringing them together in this work. We can 
also be proud that this English edition reflects the original organizational structure of 
the French research environment, where a team includes several researchers working 
on personal scientific projects in conjunction with a team goal. In a way, this book 
could even be considered an ambassador for this approach. Indeed, it shows us that 
this way of working, which differs from the more pyramidal and individualistic organi-
zation of the English-speaking world, creates specific dynamics, promotes stimulating 
exchanges, and leads to outstanding results.
The seven chapters that make up this book provide a coherent and incremental reading 
experience. The authors are current and former members of the ICO team and long-
term collaborators. Each chapter describes a building block that illustrates how AI 
can support decision-making in the agrifood sector, from collecting data and factual 
knowledge to building models, creating support tools, and evaluating the impact of 
proposed solutions on individuals, teams, and value chains. The results of one chapter 
are later reused in more ambitious contributions in subsequent chapters. Reading is 
made easier by the consistent structure of each chapter, which details the research 
issues and proposed solutions before presenting the outcomes that can be reused by 
the scientific community.
Chapter  1 (Domain Ontologies for Food and Biobased Products) presents various 
research projects that integrate multidimensional data into knowledge graphs and align 
the vocabularies used in different heterogeneous data sources. These solutions rely 
on domain ontologies. The importance of the terminological aspect of these ontolo-
gies (labels, comments, and definitions) for better validation by domain experts and 
more efficient alignment with similar resources or domain documents is worth noting. 
The outcomes of this work are not only the ontologies themselves, but also the methods 
and tools used to manage them (e.g., the PO2 vocabulary and data manager) and to 
explore multiple databases (MultiDB explorer), classify data, and align source content.
Chapter 2 (Task Ontologies for Product Processing and Characterization Processes) 
introduces task ontologies, which are ontologies dedicated to specific tasks. These 
ontologies focus on the processes studied by the ICO team, such as product processing 
(e.g., bread or flour production from wheat) and product quality assurance and mainte-
nance. Again, the outcomes include the ontologies, processes, and tools used to design 
them, as well as how these ontologies are populated to represent both the processing 
processes described in documents and data tables and the operational know-how that 
is typically passed on orally in organizations.
Chapter 3 (Methods for Ontology-Guided Extraction of Experimental Data in Scien-
tific Articles) describes methods for the ontology-guided extraction of experimental 
data from scientific articles, with this work illustrated using scientific papers about 
food packaging. These methods rely on natural language processing to extract semantic 
relations. The work makes an original contribution to the extraction of n-ary relations 
(relations with more than two arguments), which can be used to collect several prop-
erties of a target entity. The process involves two steps: identifying the arguments and 
combining them to represent an instance of an n-ary relation.
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Chapter 4 (Reasoning About Process: Experimental Data and Technological Expert 
Know-how for Decision Support) takes things a step further. Given the ontologies, 
knowledge graphs, and related methods and tools, the objective is to compile informa-
tion on how this knowledge is utilized in the reasoning process for decision-making 
purposes. The three proposed approaches rely on both data and human expertise. 
They use either tree-based decision-making models, models trained on databases, 
or flexible queries based on fuzzy sets to combine several expert models. This work 
is applied to recommendations to correct food defects, select food packaging, and 
support biocomposite packaging design processes.
In Chapter 5 (Methods for Collective Decision Support that Consider both Preferences 
and Contradictory Arguments from Agrifood Chain Stakeholders), the objective targets 
the decision-making process itself. The proposed solution is based on the representation 
of the process using arguments in accordance with argumentation theory and social 
choice, and the decision-making process itself is examined. Two tools are presented: 
DAMN (a methodology for representing formal arguments in a statement graph and 
computing a decision by traversing this graph) and MyChoice (a web-based applica-
tion that supports collective decision-making by assessing the acceptability of different 
alternatives based on several explanatory arguments for these alternatives).
Chapter 6 (Designing Prospective Scenarios at the Scale of a Value Chain) broadens 
the scope even further, evaluating innovations (i.e., changes in the value chain) by 
assessing their value to society. Three types of scenario-based methods are proposed 
to deal with standard situations, adapt to remote contexts, and optimize the evalu-
ation process. The approach considers the technical feasibility and acceptability to 
humans of the proposed decisions. One example of a project involves improving food 
safety for children, with an evaluation of the overall impact of the new food chain.
Finally, Chapter 7 (Assessing the Impact of Participatory Interventions at the Indi-
vidual Level) shifts the focus from the global impact to the local impact on individuals, 
using personalized food as an example. This assessment is based on a workshop in 
which visually impaired participants are informed and encouraged to prepare their 
own food. This has a significant impact on their knowledge, self-efficacy, practical 
skills, and cooking habits.
In conclusion, I highly recommend reading this book for several reasons, both for 
the scientific quality of its original contributions and for the rigor of the scientific 
approach it presents. It demonstrates the need to combine symbolic and more auto-
mated learning-based approaches in AI to achieve scalable systems that truly serve 
their users and provide relevant assistance. It will also be of interest to readers in the 
agrifood sector, who will find avenues for further work and significant contributions to 
the transfer of know-how and the advancement of knowledge in this field.

Nathalie Aussenac-Gilles 
CNRS Research Director 

Head of the MELODI team at IRIT
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Introduction

This book explores real examples of applications to propose “workflows,” i.e., combina-
tions of data and knowledge processing, to solve complex problems specific to the food 
and bioproduct industry. These workflows make it possible to collect, organize, share, 
connect, and regularly update different types of data and knowledge (e.g., expert opin-
ions, experimental data, stakeholder preferences and opinions, digital models). The book 
tackles the methodological obstacle of reconciling knowledge and often imperfect data 
(of variable reliability, imprecise, incomplete or contradictory, and from heterogeneous 
sources) with learning, prediction, and decision‑support methods and tools. Knowledge 
engineering, the main family of approaches used in this book, is the branch of artificial 
intelligence that deals with the acquisition, formal representation, and operationaliza-
tion of expert knowledge for use in computer systems. It provides the methodologies 
and tools necessary to build knowledge-based systems by structuring domain expertise 
into formal models that support automated reasoning and decision-making (Pagels et al., 
1984; Studer et al., 1998). This novel compilation of knowledge engineering methods and 
tools for the agrifood industry that allow semi-automatic reasoning on both quantita-
tive data and qualitative knowledge constitutes the book’s originality. It results from a 
selection of research conducted by the INRAE knowledge engineering team (known 
by its French acronym ICO) at the IATE Research Unit in Montpellier, France, and its 
network of collaborators, namely within CATI DIISCICO, a professional IT network 
that brings together engineers and scientists from INRAE. This fruitful collaboration 
led the team and its network to win the Open Science Research Data Award in 2023 
for the category “Creating the right conditions for reuse” from the French Ministry of 
Research. The  research presented in this book by computer scientists specialized in 
knowledge engineering is the result of a long-term collaboration with many agroresource 
processing experts belonging to the INRAE TRANSFORM department and associated 
partners. The authors of this book would like to take this opportunity to thank them 
for their support in helping us design the solutions proposed here. This research was 
also inspired by a long-term collaboration with cheesemaking value chains, and espe-
cially French Protected Designation of Origin (PDO) value chains. This collaboration 
led to the creation of the DOCAMEX association in 2023 at the annual assembly of 
the CNAOL, a national association for producers of geographically protected cheeses. 
Today, it brings together 20 PDO cheese value chains (70% of national production) and 
several ENIL dairy schools to ensure the maintenance of the co-produced DOCAMEX 
software tool by the ICO team with collaborators within CATI DIISCICO.
To cope with rapid changes in the agrifood sectors and the multifaceted challenges 
they face (environmental, societal, economic), stakeholders and decision-makers 
need a comprehensive and integrated view of the studied fields of application – 
the agrifood and bioproduct sectors – while being able to recommend actions at fairly 
detailed levels (e.g., optimal controlled parameter settings for biomass processing 
unit operations to achieve a given set of objectives, selection of innovative packaging 
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materials for a given food product, recommendation of technological actions to obtain 
a desired quality or to correct a defect). Decision-making must be based on available 
knowledge (data, expert statements, preferences and opinions of actors, numerical 
models) using a multicriteria approach, and it must consider the different and poten-
tially conflicting points of view and preferences of the involved actors. This book 
presents a synthetic overview of workflows that have several specificities: (i) they are 
based on methods derived from artificial intelligence, (ii) they are implemented in 
innovative tools for capitalization and processing of data and knowledge, (iii) they 
are used to solve complex problems specific to the food and bioproduct industry, and 
(iv) their ultimate aim is to provide relevant collective decision-making support tools. 
These workflows are illustrated in several complex decision support applications 
(design of biocomposites for food packaging applications, food packaging selection 
for a given food, technological recommendations to preserve the quality of protected 
designation of origin cheeses, etc.).
This book focuses on the methods and tools used to implement these workflows. 
This presentation on two levels not only highlights the genericity of the proposed 
approaches but also ensures the work will remain relevant over time since it will not 
be dependent on a particular computer technology. Open resources are also provided 
(software sources, web/desktop applications, datasets, ontologies, thesauri, etc.) so 
readers can put the concepts presented in the book into practice and reuse/adapt them 
for other uses in the food and bioproduct industry or for other applications.
All the chapters are presented in the same way and broken down into four sections. 
Each chapter begins with a section that presents issues and challenges and identi-
fies the research questions addressed in the chapter. Workflow solutions proposed 
to tackle those questions are compared to the state of the art. In Section  2, work-
flow solutions are detailed for each research question. Outcomes associated with the 
solutions are presented in Section 3. Section 4 concludes the chapter and lists asso-
ciated resources available on a public repository (e.g., Recherche Data Gouv, INRAE 
GitLab, HAL, INRAE Nextcloud). For all chapters, 34 main scientific papers, 7 domain 
ontologies, 3 task ontologies, 12 data papers comprising 43 datasets, 10 other data-
sets, 16 software programs, 7 web/desktop applications, 15 videos, and 11 reports are 
available through open access.
The first part of this book, which is divided into four chapters, covers the integration 
of heterogeneous data sources guided by ontology and coupling with multicriteria 
decision support systems:

1.	Domain Ontologies for Food and Biobased Products
2.	Task Ontologies for Product Processing and Characterization Processes
3.	Methods for Ontology-Guided Extraction of Experimental Data in Scientific 

Articles
4.	Reasoning About Process: Experimental Data and Technological Expert 

Know-how for Decision Support
The second part, with three chapters, is dedicated to collective decision support:

5.	Methods for Collective Decision Support that Consider both Preferences and 
Contradictory Arguments from Agrifood Chain Stakeholders

6.	Designing Prospective Scenarios at the Scale of a Value Chain
7.	Assessing the Impact of Participatory Interventions at the Individual Level
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Interested readers will find a short introduction to logical foundations and standard-
ized languages used in the chapters to implement proposed solutions in Appendix 1. 
The graphical representation of workflow solutions used in all chapters is presented 
in Appendix 2.
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Chapter 1

Domain Ontologies for Food  
and Biobased Products

Magalie Weber, Julien Cufi, Juliette Defossez, Stéphane Dervaux, Hervé Guillemin, 
Nicolas Guinet, Yannick Guyonvarch, Liliana Ibanescu, Emmanuele Piaud, Patrice Buche

	�1.1. Introduction

1.1.1. Issues and challenges
Knowledge discovery in food and biobased products engineering is challenging because 
the research questions that must be addressed focus on both process performances 
and product uses. Examples of complex research questions include food or biobased 
product formulation, process optimization, and the environmental impact assessment 
of processes. Around the world, momentum is also building to bring production and 
consumption patterns together in a circular, more sustainable approach, known as 
the biobased economy or bioeconomy. According to the Organisation for Economic 
Co-operation and Development (OECD, 2021), the agrifood system is actually a 
multidimensional system that encompasses “all the elements and activities related to 
producing and consuming food, as well as their effects, including economic, health, 
and environmental outcomes.” Biorefining is defined by the IEA Bioenergy Task 42 
on Biorefineries (de Jong et al., 2012) as “the sustainable processing of biomass into a 
spectrum of marketable products (food, feed, materials, chemicals) and energy (fuels, 
power, heat).” The need to develop more integrative approaches to reconnect agri-
culture, environment, food, and health has been reaffirmed recently to cope with the 
challenges of agrifood system sustainability and the “OneHealth” approach.1

The science at play in connecting these different areas involves various disciplines, 
from agronomy to environmental sciences, socioeconomics, biochemistry, micro-
biology, nutrition, sensometrics, chemistry and physics, process engineering, and 
computing sciences. The data collected are by nature multidimensional, and large 
collections of experimental datasets, which come from various projects and with 
heterogeneous sources and formats, should be exploited. These data are also some-
times incomplete or imprecise due to the high uncertainty of measurements inherent 
in biological systems or analytical techniques. As a result, these data must be inte-
grated, which involves giving them a unified structure and unified semantics before 

1. https://www.inrae.fr/en/europe-and-world/one-health-people-animals-and-environment 

https://www.inrae.fr/en/europe-and-world/one-health-people-animals-and-environment
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modeling and reasoning. Moreover, additional external data are needed to enrich 
the datasets. This is the underlying motivation for the use of data matching and 
alignment techniques to identify vocabularies with similar descriptions in heter-
ogeneous data sources. In this chapter, we look at two real examples to illustrate 
this objective. In the first example, the goal is to complete missing data (vitamin C, 
vitamin B12, and iron in food) from one source (CIQUAL, the French food compo-
sition database) using an external source (USDA FoodData Central database). In the 
second example, the aim is to track changes in food composition (e.g., sugar and 
salt content) found in heterogeneous sources by drawing from a common reference 
managed by OQALI (the French food observatory). The results obtained using these 
methods are given in Sections  1.3.2 and 1.3.3. In this chapter, classification and 
alignment are considered to be the same task in which two types of alignments are 
distinguished: equivalence or specialization.
We address two research questions in this chapter:

	– Q1.1: How can the multiple dimensions of the agrifood system be integrated to 
design sustainable, healthy, and affordable food and biobased products?

	– Q1.2: How can vocabularies defined in different data sources be matched for 
integration purposes?

1.1.2. State of the art and positioning, including presentation 
of available scientific papers describing our proposal
Ontologies are a powerful tool for integrating the many dimensions of food systems. 
An ontology is a formal representation of a set of concepts within a domain and the 
relationships between those concepts (Gruber, 1993; Uschold and Gruninger, 1996). 
Ontologies are used to model knowledge in a way that allows mutual understanding 
between experts and interoperability among knowledge-based systems and agents 
(not only humans but also machines). Ontologies enable the standardization of vocab-
ulary and provide a framework for data integration, reasoning, and analysis. There 
is a broad spectrum of ontologies, ranging from top-level ontologies (foundational 
ontologies), intermediate-level ontologies defining basic models or generic standards 
(core ontologies or ontology design patterns), and application-level ontologies (task or 
domain ontologies). Top-level ontologies are fundamental models, which are the most 
formal abstractions. A core ontology defines the generic model that can be further 
specialized for different domains or fields of applications. A task ontology focuses on 
the actions or tasks that should be performed to achieve a goal, often independent 
from a specific domain. A domain ontology gathers concepts from a specific domain.
In this book, we focus on and distinguish different kinds of ontologies, namely core 
ontologies (intermediate level) and domain or task ontologies (application level). For 
example, the core ontology for product processing might comprise both concepts 
(e.g., transformation steps and components) and relationships (e.g., hasInput (resp. 
hasOutput)) that link an input (resp. output) component to a step in a generic way. 
A domain ontology focuses on the entities and relationships specific to a particular area of 
knowledge (the domain of interest). For instance, a food domain ontology might include 
concepts such as raw materials (e.g., wheat, milk), final products (cheesecake), nutri-
ents (e.g., vitamin C), and unit processing operations (e.g., heating), and relationships 
between entities (e.g., durum wheat is a kind of wheat, or cheesecake is a kind of cake).  
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The core ontology and the task ontology can be intertwined, as the generic concepts of 
the core ontology can both define tasks and be specialized within a domain ontology 
for a given application. For example, the core ontology presented above was designed 
to represent processing tasks. Tasks are expressed in a generic way in the core ontology, 
and concepts from the domain ontology are more specific to the domain (e.g., wheat is 
a kind of component, and heating is a kind of processing step).
Research question Q1.1 is addressed by using a domain ontology, TransformON, 
which is described in Section 1.2.1. This ontology will cover the aspects related to the 
processing of food, feed, bioproducts, and biowaste, as well as the characterization 
of the properties of raw materials, primary derivatives, end products, and waste or 
residue from the treated biomass.
To build the domain ontology, we used the Linked Open Terms methodology 
(Poveda-Villalón et al., 2022). First, we considered the existing resources needed to 
cover the defined domain, and more specifically both food and nonfood applica-
tions of biomass processing, including food, feed, biobased products, and biowaste 
valorization into bioactive molecules or biobased compounds, matter, and energy.
Following a literature study, we found many existing classification and description 
systems about food (see Ireland and Møller, 2016, for a review). Food classification and 
food description systems have different goals. A classification system tends to group 
foods from broad to narrower terms with similar characteristics. “Milk,” for example, 
can be classified under “dairy products,” while “wine” would go under “alcoholic bever-
ages.” This system serves as a solution for facilitating information retrieval for end users. 
Meanwhile, a description system is a solution for the data originator/producer, who 
wants to describe the food as precisely as possible from different points of view, without 
the need to aggregate them. For example, the International Network of Food Data 
Systems (INFOODS) (Truswell et al., 1991) provides free-text food descriptions, a listing 
of features or entities that might influence food composition and that data providers are 
encouraged to record. However, it does not always include controlled terms to stand-
ardize the description and facilitate data retrieval. In this type of situation, thesauri can 
be used to ensure consistent indexing and retrieval (ISO, 2011, 2013). A thesaurus, in 
which vocabulary control is achieved by providing textual definitions and organizing 
hierarchical relationships, is a useful resource that can complement a coding system.
Here are some valuable existing resources for the food domain:

	– The AGROVOC2 and the LanguaL™ thesauri are well-known thesauri for the 
agrifood domain. AGROVOC is a controlled vocabulary covering all areas of interest 
to the Food and Agriculture Organization of the United Nations (FAO), including 
food, nutrition, agriculture, fisheries, forestry, and environment. AGROVOC was 
first developed in the early 1980s, and currently contains over 41,000  concepts 
organized in a faceted hierarchy; each concept may have labels in up to 42 languages. 
However, its facets and terms are not sufficient or specific enough to describe food 
products in the form in which they are consumed. LanguaL™ (Ireland and Møller, 
2010) is an international thesaurus using faceted classification and whose origins 
stretch back to the 1975 US FDA CFSAN Factored Food Vocabulary. This vocabu-
lary, known by its acronym FFV, was first used in an information retrieval system 

2. https://www.fao.org/agrovoc/releases

https://www.fao.org/agrovoc/releases
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called “SIREN,” the Scientific Information and Retrieval Exchange Network, at the 
Center for Food Safety and Applied Nutrition (CFSAN) of the US Food and Drug 
Administration (FDA). The current version of LanguaL™ 2017 contains a total of 
12,605 descriptors arranged in a hierarchical structure organized into 14 facets. 
In all, more than 40,000 foods from Europe, North America, and a number of coun-
tries are indexed in LanguaL™. For example, the USDA National Nutrient Database 
for Standard Reference (SR legacy) has been fully LanguaL™ indexed, whereas the 
CIQUAL French Food Composition Database3 published by the French Agency 
for Food, Environmental and Occupational Health & Safety (ANSES) has included 
only the facet A to reference the product category for all foods and has only fully 
LanguaL™-indexed a subset of foods.

	– FoodEx2, which was developed by the European Food Safety Authority (EFSA), 
is “a comprehensive food classification and description system aimed at covering the 
need to describe food in data collections across different food safety domains” (EFSA, 
2015). The general aim was to provide the food details necessary to make exposure 
or intake assessments in a food safety context. FoodEx2 is an authoritative reference 
that complements the EFSA’s Standard Sample Description for Food and Feed (EFSA, 
2013) at the European level and is used by national agencies in European countries for 
database annotation and data exchange. A parent-child relationship exists between 
a core list food item and its related extended list food items. The terms in the core 
and extended lists may be aggregated in different ways according to the needs of the 
different food safety domains. Collections of additional terms (called “facet descrip-
tors”) are also available. The list of terms describes the group to which the food 
product belongs, as well as the product itself. A unique term code is linked to each 
list term or facet descriptor, so it can be described in an unambiguous way. The classi-
fication is mostly based on the treatment used to obtain new food product categories 
and considers three types of food categories: raw materials, derivatives/ingredi-
ents, and composite foods. Raw materials are directly obtained from living sources 
after harvesting or slaughtering. Derivatives/ingredients are obtained by applying a 
process to raw materials. Composite foods are foods made with several raw materials 
or derivatives/ingredients. FoodEx2 also provides a list of feed for different groups of 
animals, which was also in our scope.

	– FoodOn4 is an ontology built to be interoperable with the international Open 
Biological and Biomedical Ontology Foundry (OBO Foundry5) and to represent enti-
ties that play a “food role” (Dooley et al., 2018). When it launched in 2018, FoodOn 
was largely based on LanguaL™ categories that were further converted in the ontology 
environment. The process of creating logical definitions started with a large number 
of food products that were introduced by way of the LanguaL™-indexed SIREN data-
base. FoodOn provides a controlled vocabulary that can be used by both people and 
computers to name all parts of animals, plants, and fungi able to bear a food role for 
humans and domesticated animals, as well as derived food products and the processes 
used to make them. The aim is to develop semantics for food safety, food security, the 
agricultural and animal husbandry practices linked to food production, and culinary, 
nutritional, and chemical ingredients and processes.

3. https://ciqual.anses.fr/
4. https://FoodOn.org/
5. https://obofoundry.org/

https://ciqual.anses.fr/
https://FoodOn.org/
https://obofoundry.org/
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Other ontologies were also examined to cover our targeted scope. We selected two 
ontologies, CheBi6 for biochemical and chemical substances, and OBI7, the Ontology 
for Biomedical Investigations for the description of biochemical assays. Other OBO 
Foundry ontologies were also taken into account when appropriate terms were avail-
able. The NCBI taxonomy8 was also considered for living organisms. However, as we 
did not find ontologies to cover the whole scope, especially for nonfood bioproducts 
and biowaste, we also selected nonsemantic resources recognized as references such 
as the European Waste Catalogue (EWC), a hierarchical list of waste descriptions 
established by the European Commission Decision 2000/532/EC, and the IUPAC 
nomenclature9 for chemistry and physics.
Since a couple of domain ontologies were previously used in our research on dataset 
annotation, we also built the new ontology by re-engineering four existing domain 
ontologies (see Figure  1.1) in order to ensure backward compatibility with the 
existing datasets (Guillard et al., 2016; Lousteau-Cazalet et al., 2016; Fabre et al., 2020; 
Buche et al., 2021b; Munch et al., 2022a, 2023a). Data stewardship and the need for 
integration of other information relative to life cycle analysis of food and biobased 
products have been our driving forces.
To reconcile the different domain vocabularies, a definition of terms was drawn up 
with experts in each domain, using the nomenclatures and other authoritative refer-
ences previously listed. This approach is part of the global Open Science/Open Data 
process, involving the implementation of FAIR (Findable, Accessible, Interoperable, 
Reusable) principles and semantic web technologies.
To answer the second research question Q1.2, we propose two approaches:

	– When few alignments between heterogeneous data sources are available, we 
suggest aligning vocabularies using an unsupervised approach based on background 
knowledge.

	– When there are many alignments between heterogeneous data sources available, 
we propose using a supervised machine learning approach.
Ontology alignment or matching is a process where entities (i.e., concepts or relations, 
which are object properties) of two ontologies are paired and characterized as being the 
same or similar with a given degree of confidence (Shvaiko and Euzenat, 2013). Experts 
in ontology alignment highlight the importance of using specific domain knowledge 
(Van Hage et al., 2010). Indeed, general external knowledge sources, such as the WordNet 
lexical database, lack the necessary semantic details to accurately identify matches 
between domain-specific concepts. Numerous studies have demonstrated the benefits 
of incorporating background knowledge in the ontology matching process (Aleksovski 
et al., 2006; Faria et al., 2013; Tigrine et al., 2016; Annane et al., 2018). Our method, called 
OntoMapF, presented in Buche et al. (2021a) and detailed in Section 1.2.2 in this chapter, 
can be seen as an ontology matching process that uses background knowledge encoded 
within the LanguaL™ thesaurus. It implements the unsupervised approach when few 
alignments between heterogeneous data sources are available. Ispirova et al. (2017) 
proposed an alignment method specifically designed for nutritional data in food sources. 

6. https://www.ebi.ac.uk/chebi/
7. https://pubmed.ncbi.nlm.nih.gov/27128319/
8. https://www.ncbi.nlm.nih.gov/taxonomy
9. https://iupac.org/

https://www.ebi.ac.uk/chebi/
https://pubmed.ncbi.nlm.nih.gov/27128319/
https://www.ncbi.nlm.nih.gov/taxonomy
https://iupac.org/
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They compared various string-matching techniques and concluded that the best results 
were achieved by combining part-of-speech (POS) tagging with probability theory. 
However, their method was limited to English food nutrient names, which are simpler 
to compare due to their standardized structure using chemical names, adjectives, and 
numbers. Food product names pose a greater challenge as they can include names that 
are specific to different countries or verbs describing processing methods, and they are 
generally more complex. The Ontology Alignment Evaluation Initiative (OAEI) included 
a “food” task in its 2006 and 2007 campaigns (Euzenat et al., 2006; Van Hage et al., 2010). 
This OAEI task drew from the AGROVOC and National Agricultural Library Thesaurus 
Concept Space (NALT) agricultural thesauri as external references.
The challenges identified for the OAEI food task were to:

	– Align a large dataset 
	– Align concepts from diverse domains beyond just food
	– Perform alignment based on the limited semantics of the thesaurus structure, 

requiring term disambiguation and effective lexical matching strategies
When the 2006 OAEI food task is compared with OntoMapF, our proposed method, 
some key differences are revealed:

	– Our datasets are smaller
	– Our concepts belong exclusively to the food domain
	– We use the multifaceted LanguaL™ thesaurus, which requires a methodological 

approach that incorporates this information and which was not addressed in the OAEI 
food task
Moreover, we built two gold standards: one for the CIQUAL/FoodOn gold standard 
alignment10 and one for the CIQUAL/USDA gold standard alignment11 to evaluate 
the performance of our data-linking algorithms and calibrate them for higher accu-
racy. These sets of gold standard data have been manually verified by two independent 
raters to avoid any bias. We then proposed a new food track for the OAEI food track 
campaigns for 2022, 2023, and 2024 (Pour et al., 2022, 2023, 2024) to compare our 
results to those obtained using state-of-the-art alignment methods. In the three 
campaigns, none of the evaluated matchers found all reference matches correctly. 
LogMapLt stood out for its fast computing speed, while Matcha produced the 
best results for the application. The use of background knowledge available in the 
CIQUAL and SIREN/USDA ontologies in terms of food description based on FoodOn 
concepts should be considered in future OAEI campaigns. Our OntoMapF approach 
outperformed all of the algorithms used in the OAEI competition.
Our method Oqlassif12 (Defossez et al., 2022), described in Section 1.2.2, can be used to 
categorize food products into classes defined in a predetermined thesaurus when many 
alignments between heterogeneous data sources are available. The thesaurus has two 
levels, referred to as sectors and families in the approach described below. Each sector 
has one or more families, and a single family cannot belong to more than one sector. Some 
papers for supervised food product classification have been proposed to solve similar 
kinds of questions (Eftimov et al., 2017; Hu et al., 2023). Eftimov et al. (2017) proposed a 

10. https://doi.org/10.15454/BVXD7I
11. https://doi.org/10.15454/4XIBS9
12.  This method was created during a project financed by Oqali (https://www.oqali.fr/) and managed by 
the Odalim platform (https://www.odalim.inrae.fr) in close collaboration with the IATE and LIRMM units.

https://doi.org/10.15454/BVXD7I
https://doi.org/10.15454/4XIBS9
https://www.oqali.fr/
https://www.odalim.inrae.fr
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tool called StandFood to classify new candidate food products into four FoodEx2 classes 
representing different kinds of products (raw, derivative, simple composite, aggregated 
composite); the training dataset included 5,416 products. Hu et al. (2023) introduced 
a method able to categorize food product descriptions (name, trademark, ingredient) 
in 172 families of ingredients from Health Canada’s table of reference amounts (Health 
Canada, 2024); the training dataset included 92,000 products. The aim of Oqlassif, an 
original contribution of this chapter, was to classify a given food product into 32 sectors 
and more than 600 families belonging to the OQALI database (Menard et al., 2011) 
thanks to an initial training set of 60,000 product descriptions composed of a set of textual 
descriptive variables. In new training, the method designed for Oqlassif must be able to 
integrate changes in terms of food products and OQALI categories to account for the 
French food market dynamic. Two original approaches were designed to do this. First, 
the selection of relevant descriptive variables characterizing the products to be given to 
our algorithm was fundamental, so OQALI experts were asked to select those variables. 
In comparison, the StandFood tool from Eftimov et al. (2017) needs less information as it 
classifies food products into only four immutable food categories (raw, derivative, simple 
composite, aggregated composite). Second, to classify a product description into a large 
number of classes (600+ families) in Oqlassif, a two-layer classification is implemented: 
first, descriptions are categorized into sectors, and then for each sector, a specific classi-
fier predicts the family belonging to the sector. The most adequate classifiers (between 
random forest and support vector machines [SVMs] identified as the most relevant in 
preliminary tests) and their hyperparameters are selected every year using new food 
product entries from the previous year. Indeed, Oqlassif is used in production by the 
OQALI team. The classifiers are trained once a year, with new food product descrip-
tions from the previous year being integrated. Decisions are made according to a 5-fold 
cross-validation algorithm upstream, which was possible because of our large training 
set. Eftimov et al. (2017) used several classifiers, some of which were also used in the 
Oqlassif method, and there is a majority vote between classifiers that has the final say. 
Hu et al. (2023) used the k-nearest neighbors approach with XGBoost and Manhattan 
distance. In terms of accuracy, the three approaches are similar: Eftimov et al. (2017) 
achieved 91.2% accuracy with the majority vote between classifiers, while Hu et al. (2023) 
achieved 98% for category classification and 96% for subcategory classification. Oqlassif 
achieved 93.4% accuracy with its two-layer classification. The Oqlassif method and asso-
ciated tool are different from Hu et al. (2023) in the sense that they are able to take into 
account changes in the OQALI thesaurus during annual training. Oqlassif has a more 
sophisticated categorization system, with 600 subcategories grouped in 30 categories 
with classifiers optimized for each of those 2 category levels, compared to 4 categories 
for Eftimov et al. (2017) and 24 categories/172 subcategories for Hu et al. (2023).

	�1.2 Proposed solutions
1.2.1 Solutions proposed to integrate the multiple dimensions  
of the agrifood system
To answer the first research question Q1.1, we relied on our expertise and previous 
developments in data integration in two RDF databases developed over the last 10 years 
through different research projects: the BaGaTel (Pénicaud et al., 2019) and @Web 
(Buche et al., 2013a) graph databases. These databases are based on two different task 
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ontologies: for BaGaTel, the Process and Observation Ontology (PO²) (see Chapter 2, 
Section 2.2.1), and for @Web, the naRyQ ontology (n-ary relations between quantitative 
experimental data) (see Chapter 2, Section 2.2.3). Those two task ontologies, software, 
and database implementations are discussed in more detail in Chapter 2.
Several domain ontologies specializing these two task ontologies were used for dataset 
annotation: (i) naRyQ milk microfiltration13, (ii) naRyQ biorefinery14, (iii) naRyQ 
transmat (matter transfer)15, and (iv) PO² Dairy gels.16

For the building/re-engineering of the domain ontology, we had to (i) transfer 
domain ontologies designed for naRyQ into the PO² model; (ii) take into account new 
competency questions for the PO² model; and (iii) build the new TransformON17 
domain ontology based on the PO² core model.
In ontology engineering, competency questions (CQs) (Uschold and Gruninger, 1996) 
are natural-language questions that outline the scope of knowledge represented by an 
ontology and the applications exploiting it. CQs represent functional requirements 
in the sense that the ontology and the developed ontology-based information system 
should be able to answer them.
The main competency questions (CQs) identified when building PO² were:

	– CQ1: Which steps compose a given processing process?
	– CQ2: Which attribute values are associated with controlled/observed parameters 

for each step?
	– CQ3: Which are the observations where a specific attribute is observed for a 

given input (or output)?
	– CQ4: What are the changes for an attribute value of an input during a given step?
	– CQ5: What are all the steps and observations executed by a specific person or 

organization?
The new CQs identified during the specification phase were:

	– how to model a comprehensive process for biomass processing by being able to 
distinguish between food and nonfood products (CQ1 bis)?

	– how to distinguish between what comes from primary production, secondary 
processing, and waste (CQ2 bis)?

	– how to represent the experimental observations throughout the process by being 
able to identify the object of interest in the observation (CQ3 bis)?

	– how to represent the list of types of equipment for a given platform (CQ4 bis)?
	– how to retrieve the replications of a process with respect to an experimental 

design (CQ5bis)?
	– how to identify metadata allowing traceability and harvesting of the ontology and 

corresponding datasets once published online (CQ6)?
To meet these requirements, the PO² core model (Weber et al., 2023), described in 
Section 2.2.1, integrated new relationships (hasObjectOfInterest, hasReplicate); new 
SOSA concepts (sosa:Platform and sosa:System) (Janowicz et al., 2019); the light-

13. https://doi.org/10.15454/5MQMKG
14. https://doi.org/10.15454/X2MOWO
15. https://doi.org/10.15454/NK24ID
16. https://doi.org/10.15454/THZ9I1
17. https://doi.org/10.57745/DWX7W6

https://doi.org/10.15454/5MQMKG
https://doi.org/10.15454/X2MOWO
https://doi.org/10.15454/NK24ID
https://doi.org/10.15454/THZ9I1
https://doi.org/10.57745/DWX7W6
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weight ontology for sensors, observations, samples, and actuators recommended by 
W3C; and some DCAT properties.
To build the domain ontology, the existing vocabularies were harmonized and the 
different domain ontologies were restructured to produce a unified vocabulary based 
on the PO² ontology, which allowed us to represent both food and nonfood processing 
processes and the characterization of food, feed, bioproducts, and biowaste. 
This vocabulary serves as a pivot to annotate (i) internal data produced in the user’s 
laboratory, and (ii) external resources from the literature.
The process of building TransformON is illustrated in Figure 1.1. The PO² ontology 
structure guides the whole process (Figure 1.1a). Indeed, the PO² ontology provides the 
main concepts and relations to represent a general processing process, composed of 
steps, with inputs and outputs and using materials and methods, each one being char-
acterized by a set of observations (see Figure 1.2).  First, in the top-down approach, the 
set of external candidate resources (selected nomenclatures and authoritative refer-
ences selected to cover the domain, such as FoodEx2, the European Waste Catalogue, 
and IUPAC nomenclatures) was exploited to build the domain ontology. The domain 
experts selected the most appropriate terms and the ontology engineer proceeded in 
organizing them into a hierarchical structure conforming to the PO² model. Second, 
in the bottom-up approach, our own existing subdomain (or microdomain) ontologies 
(e.g., PO² Dairy gel, nAryQ milk microfiltration) were imported to ensure backward 
compatibility with existing datasets, and complementary terms were added to cover 
the scope of the new domain ontology.
The process of ontology enrichment and curation is detailed in the complementary 
part of the dotted boxed area in Figure 1.1b. Users of the PO² Manager Data annota-
tion tool have the option to generate the list of candidate concepts needed to annotate 
their data and which are not available in the ontology. This list is transferred to a data 
steward, who checks the list of candidate concepts to propose terms and definitions 
for those concepts. The list of candidate terms and definitions are then proposed to 
the ontology custodian, who finally integrates them into the ontology using the PO² 
Manager Vocabulary tool maintained by the ontology developer.
PO² Manager (Munch et al., 2022c; Weber et al., 2023) is a Java application designed 
to assist domain experts on two tasks: (i) describing experimental processes using the 
concepts of the application domain thanks to the PO²Manager Dataset feature, and 
(ii) extending the PO² core concepts with concepts associated with the application 
domain using the PO²Manager Vocabulary feature.
The PO²Manager Dataset feature is a graphical user interface (GUI) designed to allow 
data entry using the TransformON domain ontology. The left side of Figure 1.2 shows 
the editor that enables the user to construct processes made up of unit operations 
as well as input and output components. For example, the “Itinerary  9” process in 
Figure 1.2 is composed of three sequential unit operations (coarse milling, drying, and 
fine milling). Hibiscus 1 is the input component of the coarse milling and Hibiscus 
Powder 1 is a powder that is the output component of the milling operation. The right 
side of Figure 1.2 shows the graphical representation of the process. The black circles 
represent sequential unit operations (steps) and the red circles represent input 
or output compositions. A black circle with green (9.3 Impact milling) means that 
observations are included in the step.
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Observations include materials and methods as well as one or more data tables. Several 
observations and characteristics (e.g., biochemical composition, colorimetry, etc.) 
associated with the Hibiscus Powder 4 output component under the fine milling oper-
ation are shown on the left-hand side of Figure 1.3. On the right-hand side, the details 
of one observation are shown and include the metadata (dates, time, agents), scale, 
and materials and methods associated with the observation. Finally, the results of the 
observation are included in tables. In the example, there is just one table (Table 1), 
which contains one individual result (% ash rate).
Data represent instances that are linked to appropriate classes using the selected 
domain ontology (here, TransformON). Using PO² Manager, data structuring and 
annotation can be performed based on the PO² model and the controlled vocabulary 
provided in the TransformON domain ontology. Other metadata can also be recorded, 
such as the date, time, and duration (fields outlined in red in Figure 1.3), as well as 
the organization/agent performing the task. We will explain why data structuring and 
annotation are helpful in finding information in Chapter 2.
PO² Manager’s Vocabulary feature also helps the ontology custodian edit the termino-
logical part of the ontology and expand the PO² core concepts with concepts related 
to the application domain (see Figure 1.4). Each core concept in the PO² core ontology 
is the top concept of one hierarchy of classes. Each class of the hierarchy is  also a 
Skos:Concept that allows us to manage different RDF properties: one preferred 
label per language and synonyms, definitions, and notes (ScopeNote, EditorialNote, 
or other Note). Concepts can be grouped into skos:ConceptScheme, representing a 
thesaurus in the SKOS format. Alignments can also be displayed (skos:ExactMatch or 
skos:CloseMatch). The ontology versioning is also guaranteed by the tool.
The window displaying the concept also shows its clickable URI (“http” URI or URL), 
which links to an HTML page thanks to the dereferencing mechanism. Dereferencing 
a URI means to request a representation of the resource designated by the URI in 
different formats according to the content negotiation. HTTP is an example of a 
protocol that enables representation providers to use content negotiation. Negotia-
tion between the requesting agent and the server determines which representation 
is served (usually with the goal of serving the “best” representation a receiving agent 
can process). Figure  1.5 shows an example of the generated HTML page by the 
dereferencing mechanism associated with TransformON concept URIs.
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Figure 1.5. The HTML page that is generated by the dereferencing mechanism associated with 
TransformON concept URI for the concept “flax fiber”.

To find a concept, the user can navigate through the hierarchy or use the Search func-
tion in PO² Manager. The Search box is shown in Figure 1.6 below, with the different 
search results of the searched term displayed on the left side, as well as the location of 
the searched concept in a hierarchical view on the right side. The user can select one 
or several “branches” (thesauri) corresponding to each of the core concepts (Attribute, 
Component, Material, Method, Process, Scale, Step).

1.2.2 Solutions proposed to match vocabularies defined in different 
data sources for integration purposes
As noted in Section 1.1.1, additional external data must be found to enrich the datasets. 
Two workflows are presented to solve the second research question Q1.2, depending 
on the alignment context:

	– Unsupervised method (OntoMapF): No alignment examples between the data 
sources are available to map: in this case, a workflow based on a pivot ontology and 
background knowledge is proposed;

	– Supervised method (Oqlassif ): Numerous alignment examples between data 
sources are available, and a pivot ontology (a workflow based on a machine learning 
approach) is proposed.
The OntoMapF method to compute the alignment presented in Buche et al. (2021a) 
aligns a food composition database (FCDB) with a pivot ontology (specifically, the 
SIREN part of FoodOn that contains LanguaL™ codes) as shown in Figure 1.7a.
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This method is based on the EuroFIR interchange system (Pakkala et al., 2010), which 
harmonizes FCDB database structures. The method makes the assumption that the 
English food terminology associated with the FCDB has been described using the 
LanguaL™ thesaurus. LanguaL™ is based on the following hypotheses: (i) any food can 
be systematically described using a combination of characteristics; (ii) these character-
istics can be categorized into viewpoints, composed of one or several facets, and coded 
for computer processing; and (iii) the resulting food description codes can be used to 
retrieve food data from FCDBs. Table 1.1 shows the 14 facets of LanguaL™.

Table  1.1 LanguaL™ characteristics and associated facets reproduced from Buche et al. 
(2021a)

CHARACTERISTIC FACET

FOOD GROUP A. Product type including Codex alimentarius 
classification for food and feeds  
and other international classifications

FOOD ORIGIN B. Food source species of plant or animal, 
or chemical food source
C. Part of plant or animal

PHYSICAL ATTRIBUTES E. Physical state, shape, or form

PROCESSING F. Extent of heat treatment
G. Cooking method
H. Treatment applied

PACKAGING J. Preservation method
K. Packing medium
M. Container or wrapping
N. Food contact

DIETARY USES P. Consumer group/dietary use/label claim

GEOGRAPHICAL ORIGIN R. Geographical places and regions

MISCELLANEOUS CHARACTERISTICS Z. Adjunct characteristics of food

Thanks to LanguaL™, a food may be described using a combination of descriptors 
regrouped into facets. Each descriptor is defined by a standard controlled term and 
a code. Each standard controlled term belongs to a specialization hierarchy that is 
defined for each facet.
Table 1.2 shows that the food Cooked pork shoulder, choice from the CIQUAL data-
base is described with 14 descriptors (i.e., a code associated with a controlled term, 
regrouped into facets labeled A, B, C, E, F, G, H, J, P, and Z).

Table  1.2 LanguaL™ descriptors for the food Cooked pork shoulder, choice used in the 
CIQUAL database reproduced from Buche et al. (2021a)

LANGUAL™ CODE LANGUAL™ TERM

A0279 CURED MEAT (US CFR)

A0797 PRESERVED MEAT (EUROFIR)

B1136 SWINE
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LANGUAL™ CODE LANGUAL™ TERM

C0270 SKELETAL MEAT PART, WITHOUT BONE AND SKIN, 
WITHOUT SEPARABLE FAT

E0137 SLICED

F0014 FULLY HEAT-TREATED

G0003 COOKING METHOD NOT APPLICABLE

H0253 CURED OR AGED

H0367 SALT ADDED

J0100 PRESERVED BY ADDING CHEMICALS

J0131 PRESERVED BY CHILLING

P0024 HUMAN CONSUMER, NO AGE SPECIFICATION

Z0010 CHOICE GRAD

Z0043 SHOULDER (MEAT CUT)

The alignment method leverages both the food descriptions within the LanguaL™ 
thesaurus and the English terminology used in the FCDB. It consists of two primary 
steps:

	– Transformation: Transforming the FCDB English terminology and the associated 
LanguaL™ description into an FCDB ontological format.

	– Alignment computation: Calculating the alignment scores between food concepts 
based on information that is both semantic (food descriptions within the LanguaL™ 
thesaurus) and syntactic (English terminology).
The example below is an excerpt of the OWL definition, expressed in the Turtle syntax, 
associated with the concept Cooked pork shoulder, choice corresponding to the same 
term in CIQUAL shown in Table  1.2. The excerpt is restricted to LanguaL™ codes 
A0279 and B1136:

@prefix: <#> . 
@prefix owl: <http://www.w3.org/2002/07/owl#> . 
@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> . 
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> . 
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .

### Base classes 
:FoodConcept a owl:Class .

### Facet A — Product type 
:A_PRODUCT_TYPE a owl:Class ; 
   rdfs:subClassOf :FoodConcept .

:CURED_MEAT_US_CFR a owl:Class ; 
   rdfs:subClassOf :A_PRODUCT_TYPE .

### Facet B — Food source 
:B_FOOD_SOURCE a owl:Class ; 
   rdfs:subClassOf :FoodConcept .

:SWINE a owl:Class ; 
   rdfs:subClassOf :B_FOOD_SOURCE .

http://www.w3.org/2002/07/owl#
http://www.w3.org/1999/02/22-rdf-syntax-ns#
http://www.w3.org/2000/01/rdf-schema#
http://www.w3.org/2001/XMLSchema#
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### Property 
:has_Facet a owl:ObjectProperty ; 
   rdfs:domain :FoodConcept ; 
   rdfs:range :FoodConcept .

### Concept described by facets 
:Cooked_pork_shoulder_choice a owl:Class ; 
   rdfs:label "Cooked pork shoulder, choice"@en ; 
   rdfs:subClassOf :FoodConcept , 
      [ a owl:Restriction ; 
      owl:onProperty :has_Facet ; 
      owl:someValuesFrom :CURED_MEAT_US_CFR 
      ] , 
      [ a owl:Restriction ; 
      owl:onProperty :has_Facet ; 
      owl:someValuesFrom :SWINE 
      ] .

This approach offers a significant advantage when aligning a new FCDB with FoodOn. 
By leveraging previously aligned FCDBs, it enables automatic alignment of the new 
FCDB through a transitive property, eliminating the need for manual bilateral align-
ments between individual FCDBs. For example, in Figure 1.8, the CIQUAL concept 
Courgettes, puree (resp. USDA squash, Indian, raw (Navajo)) has been aligned with 
the FoodOn concept squash vegetable food product using a kind_of relation. Since they 
both belong to the same FoodOn category, the respective composition tables may be 
considered as close.
Finally, a new application called MultiDB explorer was created during the French 
national Meatylab project involving both industrial and academic partners. MultiDB 
explorer currently integrates several national FCDBs in a unique data warehouse, 
including CIQUAL and the USDA SR Legacy Database. As shown in Figure  1.7b, 
MultiDB explorer can be used to simultaneously query all the FCDBs stored in the 
data warehouse using the terminology of a given FCDB (e.g., CIQUAL) in the national 
language or in English. The result is extended to similar concepts (see Figure 1.8) found 
in other FCDBs (e.g., those from the USDA). See Buche et al. (2021a) for more details.

Oqlassif supervised alignment method workflow
When a relatively large number of alignments between heterogeneous data sources 
are available, we propose using a supervised machine learning approach.
The Oqlassif method was tested with a training dataset containing 60,400 food prod-
ucts, classified into 32 sectors and more than 643 families. This dataset was produced 
by the French food observatory team (OQALI18). The OQALI coding system and 
associated database include much of the information available on the packaging of 
processed food products on the French market (nutritional composition, ingre-
dients, etc.). It is structured into food categories, with each collected on a regular 
basis to follow changes in the offer over time. This means that not all food categories 
are collected the same year, and the information made available corresponds to the 
products available on the market at a time t.

18. Observatoire de l’alimentation (https://www.oqali.fr/)

https://www.oqali.fr/
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The 60,400 food products belonging to the OQALI food categories are described in 
French with four textual variables: sale description name, description, product detail 
(flavor, etc.), and storage method (see Table 1.3). The four textual variables are selected 
by the OQALI experts to maintain categorization when the OQALI coding system 
is updated. A given product is also categorized according to a sector and family. 
For  example, “Dairy products and fresh desserts” is one of the largest sectors and 
contains several families, such as “Classic yogurts and sweetened fermented milks” 
and “Classic sweet fresh cheeses,” among others.
For the benefit of English-speaking readers, each table is first presented in French, 
followed by its English translation. In the current implementation of the algorithm, 
preprocessing is performed on French terms.

Table 1.3a Examples of textual variables associated with a product description

Dénomination  
de vente Secteur Famille Nom  

du produit Précision Mode de 
conservation

XXX* Produits laitiers 
et desserts frais

Yaourts et laits  
fermentés  

sucrés classiques
YaourtY

Lait fermenté sucré 
à boire aux fruits 

enrichi en 
vitamines b2 b12 d

Framboise Frais

YYY*  
PARFUM 
FRAISE

Produits laitiers 
et desserts frais

Yaourts et laits  
fermentés  

sucrés classiques
YaourtY

yaourt à boire 
sucré aromatisé

Fraise Frais

*Brand names were anonymized.

Table 1.3b Translation of Table 1.3a

Sale_
description Sector Family Description Product_

detail
Storage_
method

XXX* Dairy products 
and fresh desserts

Classic yogurts 
and sweetened 
fermented milk

sweetened 
fermented milk 
drink with fruit 
and vitamins b2, 

b12, and d 

Raspberry Refrigerated

YYY* 
STRAWBERRY 
FLAVOR

Dairy products 
and fresh desserts

Classic yogurts 
and sweetened 
fermented milk

sweetened flavored 
drinking yogurt

Strawberry Refrigerated

*Brand names were anonymized.

Some 60,000 alignment examples between data sources and the OQALI coding system 
are available. To automatically classify/align a new example, a workflow based on a 
machine learning approach is proposed and presented in Figure 1.9.
Figure 1.9 shows that the food product descriptions are pretreated (see Tables 1.4 to 
1.7). The pretreated food descriptions are then transformed into vectors (see Table 1.8). 
The training step is divided into two parts. Data are split into one training set (80%) 
and one test set (20%).
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Figure  1.9. The workflow designed to create the Oqlassif ’s classifiers using the “cascade” 
method.
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Table 1.4a Special characters, extra spaces, uppercase letters, and accents are removed, 
but numbers are kept

Dénomination de vente Nom du produit Précision Mode de conservation

XXX* lait fermente sucre 
a boire aux fruits enrichi 

en vitamines b2 b12 d

framboise Frais

YYY* parfum fraise yaourt a boire sucre 
aromatise

fraise Frais

*Brand names were anonymized.

Table 1.4b Translation of Table 1.4a

Sale_description Description Product_detail Storage_method

XXX* sweetened fermented 
milk drink with fruit 

and b2 b12 d vitamins

raspberry Refrigerated

YYY* strawberry flavor sweetened flavored 
drinking yogurt

strawberry Refrigerated

*Brand names were anonymized.

Table 1.5a French stop words (le, la, les, à, etc.) are removed

Dénomination de vente Nom du produit Précision Mode de conservation

XXX* lait fermente sucre boire 
fruits enrichi vitamines

framboise Frais

YYY* parfum fraise yaourt boire sucre 
aromatise

fraise Frais

*Brand names were anonymized.

Table 1.5b Translation of Table 1.5a

Sale_description Description Product_detail Storage_method

XXX* sweetened fermented milk 
drink fruit b2 b12 vitamins

raspberry Refrigerated

YYY* strawberry flavor sweetened flavored 
drinking yogurt

strawberry Refrigerated

*Brand names were anonymized.

Table  1.6a Lemmatization: plurals are made singular, conjugated forms are changed to 
infinitives, etc.

Dénomination de vente Nom du produit Précision Mode de conservation

XXX* lait fermenter sucrer boire 
fruit enrichir 

framboise Frais

YYY* parfum fraise yaourt boire sucre 
aromatiser

fraise Frais

*Brand names were anonymized.
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Table 1.6b Translation of Table 1.6a

Sale_description Description Product_detail Storage_method

XXX* sweeten ferment 
milk drink fruit  
b2 b12 vitamins

raspberry Refrigerated

YYY* strawberry flavor sweeten flavor 
drinking yogurt

strawberry Refrigerated

*Brand names were anonymized.

Table 1.7a Stemming: the word roots are identified

Dénomination de vente Nom du produit Précision Mode de conservation

XXX* lait ferment sucr boir 
fruit enrichi

framboise Frais

YYY* parfum fraise yaourt boir sucr aromatis fraise Frais

*Brand names were anonymized.

Table 1.7b Translation of Table 1.7a

Sale_description Description Product_detail Storage_method

XXX* sweeten ferment 
milk drink fruit  
b2 b12 vitamin

raspberry Refrigerated

YYY* strawberry flavor sweeten flavor drink 
yogurt

strawberry Refrigerated

*Brand names were anonymized.

If a column containing the sale description name is provided, the brand, when it 
appears in the variables, is considered as a name entity and is not pretreated. It is 
not necessary to pretreat the storage_method variable, because there are only three 
possible cases: refrigerated, frozen, ambient. Those product descriptions are then put 
together in the same variable and transformed into binary vectors: for each word 
(feature) present in the corpus, 1 means the product description contains it, 0 that 
it does not. The dimension of the vectors is determined by the number of pretreated 
words available in the training dataset.

Table 1.8a Vectorization of the food product descriptions (the vector is split into two parts)

XXX* lait ferment sucr boir fruit enrichi vitamin b2 b12

1 1 1 1 1 1 1 1 1 1

0 0 0 1 1 0 0 0 0 0

framb YYY* parfum frais yaourt aromatis Frais Ambiant Surgelé

1 0 0 0 0 1 1 0 0

0 1 1 1 1 1 1 0 0
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Table 1.8b Translation of Table 1.8a

XXX* sweeten ferment milk drink fruit b2 b12 d vitamin

1 1 1 1 1 1 1 1 1 1

0 0 0 1 1 0 0 0 0 0

raspberry YYY* strawberry flavor yogurt Refrigerated Ambient Frozen

1 0 0 0 0 1 0 0

0 1 1 1 1 1 0 0

*Brand names were anonymized.

Cross-validation is then used (see Figure 1.9) to select hyperparameters for chosen 
classifiers (random forest and SVM). More precisely, for each set of hyperparameters, 
five different training/test subpartitions are made from the whole training set. 
A classifier with those parameters is trained on the training set of each subpartition, 
then tested on the test set of the subpartition. The mean of the five different accu-
racy values is used to evaluate the performance. One classifier is selected using the 
cross-validated performance indicators (precision, recall, and F1-score) presented 
in section 1.3.2 below to be trained on the whole training set in order to classify 
products into sectors. This classifier is used to predict sectors in the whole test set. 
The same procedure is then used for each of the 30 sectors to fine-tune the hyper-
parameters associated with family classifiers belonging to the considered sector. 
This “cascade” method helps reduce execution times (the more features a dataset 
has, the more times it takes to train/predict). For example, using our server, execu-
tion times to train all the classifiers decreased from dozens of hours to only four. 
It still takes four days to test and select hyperparameters for the sector classifier, but 
preselected hyperparameters can be used for training to save time.

	�1.3 Outcomes
1.3.1 TransformON metrics
Figure 1.10 shows the upper levels of the specialization hierarchies of TransformON 
domain ontology based on the PO² core model. Under Process part, users will find 
the PO²/Component, PO²/Process, and PO²/Step specialization hierarchies; under 
Observation part the PO²/Material, PO²/Method, and PO²/Scale; and under Result part 
the PO²/Attribute specialization hierarchy and the unified code for units of measure 
(UCUM), a coding system designed to include all current units of measure commonly 
used in international science, engineering, and business.
In constructing the PO²/Component branch, we distinguished between living organ-
isms and substances such as various types of biomass, energy, chemical compounds, 
etc. Living organisms are the biological sources of raw materials used in processing 
after harvesting or slaughtering. The “living organisms” class groups together catego-
ries of living organisms according to the three-domain taxonomic classification system 
(Archaea, Bacteria, Eukarya). Substances can be described more precisely based on 
three characteristics: their nature (biological or physicochemical), their physical state 
(solid, liquid, etc.), and their role (food or nonfood use).
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The “Dietary substance” hierarchy is divided into three subclasses: “Food,” “Feed,” and 
“Dietary constituents” (Figure 1.11). The “Food” subclass is based on the main hier-
archy proposed in FoodEx2. It encompasses a total of 4,242 classes, directly imported 
from FoodEx2. To facilitate future alignments with FoodOn, certain intermediate 
classes have been added. These are used, for example, to distinguish vertebrate 
animals from invertebrates, or animal substances such as raw milk or eggs. The “Feed” 
branch includes 759  classes imported from FoodEx2, but its hierarchical structure 
has been modified. In fact, two parent subclasses have been created in the hierarchy: 
one to group all primary sources of animal feed, and the other to group compound 
feed. The latter follows the same logic as the “Food” branch. Food constituents corre-
sponding to nutritional elements are listed in the “Dietary constituents” branch, which 
comprises 49  classes. Dietary constituents will be aligned with the Compositional 
Dietary Nutrition Ontology (CDNO) ontology and with CheBi.

Figure  1.11. Details of the specialization hierarchies where the first three upper levels are 
shown.
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The “Nonfood substance” hierarchy was created in TransformON to group together 
all substances used or produced during processing or characterization processes, 
taking into account their role or use: products and reagents involved in chemical 
reactions, enzymes, packaging materials, refrigerants, pollutant emissions, energy 
resources, and recyclable waste. It should be noted that the construction of the “recy-
clable waste” branch was based on existing references, such as the European Waste 
Catalogue (document annexed to Commission Decision 2000/532/EC).
Two types of processes have been defined in the TransformON ontology. Planned 
processes are controllable, in the sense that they follow procedures or experimental 
designs. In contrast, unplanned processes, such as biological or physiological processes 
(e.g., fermentation or human digestion), are observable phenomena. While not fully 
controllable, these processes can be influenced by manipulating control parameters. 
PO²/Steps are defined as the elements that make up a process. These can be changes of 
state or physical phenomena, biological or physiological process steps, characteriza-
tion steps, or processing steps. These four classes or categories have been subdivided 
into finer subclasses that specialize the steps according to the type of action or 
phenomenon they represent.
Finally, under Observation, users will find three hierarchies: PO²/Material, PO²/Method, 
and PO²/Scale. The PO²/Material concepts can be categorized as either transformation 
or characterization equipment. The concepts in the PO²/Method hierarchy represent 
procedures, operating modes, or analytical protocols. PO²/Scale concepts can be used 
to indicate the scale of the object observed (measurement scale) or the scale at which the 
process is carried out (processing scale). The PO²/Attribute hierarchy groups together 
observable characteristics that can be measured or calculated. The hierarchy is divided 
into four parts: (i) calculation results (characteristics whose values are calculated from 
other values, such as index values or scores), (ii) intrinsic properties (characteristics 
inherent in objects), (iii) measurement attributes (characteristics obtained directly 
from a measurement), and (iv) operating parameters (characteristics used to control 
processing or characterization processes).

1.3.2 OntoMapF unsupervised alignment method assessment
The MultiDB explorer was used to address the absence of values in the CIQUAL 
FCDB for three specific nutrients (vitamin C, vitamin B12, and iron) identified by 
the industrial partners in the Meatylab project. Using the alignments provided by the 
OntoMapF process, the missing values were replaced with those linked to compa-
rable foods in the USDA FCDB. This task was performed on 99  foods for which at 
least one of the values associated with the three nutrients was not known in CIQUAL 
FCDB and where at least one similar food could be automatically found in USDA 
FCDB. A total of 76 alignments were considered relevant by domain experts. For those 
76 relevant alignments, 91% of unknown values in CIQUAL were enriched with values 
from USDA and 96% of known values in CIQUAL were completed with values from 
USDA. More details on the assessment may be found in Buche et al. (2021a).
Further experiments were performed to assess the unsupervised alignment method. 
A set of 181 food product concepts from CIQUAL, Gold Standard (GS) were manually 
linked to a concept in the FoodOn ontology with the “is-kind of” relation. Assessments 
presented in Table 1.9 concern “is-kind of” matches found with the combination of the 
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syntactic and the semantic scores, the syntactic score alone, and the semantic score 
alone for GS. The metrics used for assessment (precision, recall, and F1-score) were 
widely applied to evaluate information retrieval systems (Salton and McGill, 1986):

	– Precision: percentage of products predicted in this class that truly belong to it;
	– Recall: percentage of products belonging to this class that were predicted in it;
	– F1-score: harmonic mean of precision and recall.

For a given food concept C in CIQUAL, if the best match belongs to the family asso-
ciated with C in GS, it is considered as an “is-kind of” first match (Table 1.9). The best 
result in terms of F-score is obtained for the “is-kind of” first match with the semantic 
score alone. 

Table 1.9 Family matches results (precision (P), recall (R), F1-score (F-M)) depending on a 
threshold with the CIQUAL Gold Standard [adapted from Buche et al. (2021a])

Alignment method
First

Threshold P R F-M

Combination Syntactic score  
+ Semantic score 

0.6 0.63 0.55 0.59

0.9 0.81 0.12 0.21

Syntactic score 0.6 0.75 0.24 0.36

Semantic score 0.6 0.81 0.63 0.71

1.3.3 Oqlassif supervised alignment method assessment
A set of 60,400 products were split into a training set (80%) and a test set (20%). The 
accuracy (a metric that measures how often the model correctly predicts the outcome) 
of sector classification is 99.2%, while families have an accuracy of 93.4%. When 
predicting multiple families, the accuracy score rises to 97.5% with only three families.
To evaluate the model’s performance, classification reports for the sector prediction 
and family predictions are made. For each class (sector or family), precision, recall, 
and F1-score are computed.
The performances associated with two methods are shown in Figure 1.12: the classic 
pipeline (Figure  1.12, top), which uses only product classifiers grouped into fami-
lies, and the cascade pipeline (Figure  1.12, bottom), where product classifiers are 
first grouped into sectors and then into families belonging to the predicted sector. 
In the example shown in Figure 1.12, there are more families on the right side of the 
cascade pipeline’s graphic: this means that using a cascade pipeline helps some fami-
lies improve their F1-score. Some families were still hard to predict because of their 
relatively small numbers. Users were then given manual tools to detect them.
During the training/test, the indicators below are generated:

	– Confusion matrix, a table that compares the predicted labels of a classification 
model with the true labels. This matrix shows how many predictions were correct 
or incorrect for each class. Here, it shows where products are most likely to be 
mispredicted for each sector. In Figure 1.13, all products in the “Infant milks” sector 
are correctly predicted, so products can be found along the diagonal. This is not the 
case for products in the “Cereal bars” sector: between the 38 products truly belonging 
to the “Cereal bars with chocolate/chips/coating/filling” family, 30 are correctly 
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predicted, 6 are predicted in the “Cereal bars with nuts and chocolate” family, and 
2 in the “Other cereal bars” family.

	– Classification reports with precision, recall, and F1-score for each class.

When it comes to actual predictions:
	– Multiple predictions: Three families are predicted for each product. This number 

was selected based on the OQALI expert team’s feedback. If the probability of the 
product belonging to the predicted sector or being the first predicted family are 
below 90% and 82%, respectively, a flag warns the users they should check the result. 
Figure 1.14 shows that the accuracy increases with the number of families to predict.

A desktop application was developed and is maintained by the OQALI team, who 
can train and select new hyperparameters for the classifiers. The team distributes the 
application to industrial partners.

Figure 1.12. Number of families depending on their F1-score: classic pipeline (top) and cascade 
pipeline (bottom).
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Figure 1.13. Two examples of a confusion matrix: “Cereal bars” (top) and “Infant milks” 
(bottom) sectors.
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Figure 1.14. Change in accuracy according to the number of families to predict.

	�1.4 Conclusion and resources
The two research questions covered in this chapter were:

	– Q1.1: How can the multiple dimensions of the agrifood system be integrated to 
design sustainable, healthy, and affordable food and biobased products?

	– Q1.2: How can vocabularies defined in different data sources be matched for inte-
gration purposes?
One solution, the TransformON domain ontology based on the PO² core model, was 
designed to answer Q1.1 (Section 1.2.1). Two solutions – unsupervised and supervised 
methods – were put forward in Section 1.2.2 to solve Q1.2 depending on the quantity 
of available alignments. These solutions have all been compared to the current state 
of the art. For each of them, the software workflow implementation was presented 
and illustrated. Available open resources (data, software, video, courses) are listed in 
Table 1.10. The main outcomes obtained using these solutions were also presented 
in  Section 1.3. The TransformON domain ontology for Q1.1 and the supervised 
method for Q1.2 are used in production (Technology Readiness Level 9).
Ongoing research is now focusing on enriching TransformON with concept textual 
definitions using large language models (LLMs). Ultimately, the goal is to align 
TransformON with FoodOn for the food domain and with the INRAE Thesaurus for 
the agriculture, environment, and health domains (Aubin et al., 2024). This work will 
be carried out using the Simple Standard for Sharing Ontological Mappings (SSSOM) 
(Mapping Commons19; Matentzoglu et al., 2022), which is a community-driven 
standard designed to facilitate the exchange and integration of semantic entity 
mappings. As  data interoperability becomes increasingly crucial across various 

19. A Simple Standard for Sharing Ontology Mappings (SSSOM). GitHub. Retrieved from https://mapping- 
commons.github.io/sssom/

https://mapping-commons.github.io/sssom/
https://mapping-commons.github.io/sssom/
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domains, SSSOM provides a standardized format to share mappings, enabling 
researchers and developers to more easily connect and utilize diverse datasets.
In Chapter 2, we will present the PO² task ontology, which has been specialized to 
obtain the domain ontology TransformON.
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Chapter 2

Task Ontologies for Product Processing 
and Characterization Processes

Liliana Ibanescu, Julien Couteaux, Julien Cufi, Stéphane Dervaux, Hervé Guillemin, 
Alrick Oudot, Emmanuele Piaud, Magalie Weber, Patrice Buche

	�2.1 Introduction
2.1.1 Issues and challenges
Food and biobased products manufacturers face significant challenges due to an 
aging workforce, the shift to Industry 4.0, and recruitment difficulties, particularly 
in sectors like the French agrifood industry, where many positions remain unfilled 
annually. Building intelligent digital platforms for acquiring, storing, and transferring 
knowledge is critical, especially as automation and data-driven decision-making rise. 
Full automation is unlikely, so humans will continue working in crucial roles, meaning 
that expertise and know-how must be preserved. Companies that manage product 
processing rely on their know-how to tailor their practices to the prevailing raw mate-
rial variations, consumer expectations, and regulations, leaning heavily on on-the-job 
training. Industries must use digital tools to structure and exploit knowledge graphs 
and establish effective methodologies for knowledge transfer to ensure sustainability.
In the food and biobased products industry, a production process is composed of the 
steps through which raw materials (inputs) are transformed into one or more final 
products (outputs). Analyzing these processes is particularly challenging due to their 
heterogeneity (involving different variables and scales) and the time-dependent flow of 
information. To analyze or compare various processes, the measurements (or observa-
tions) that provide qualitative or quantitative values for a property associated with either 
an input/output or a process step/sequence of steps must be represented in a knowledge 
graph. Observable properties are also referred to as characteristics or attributes.
Production line management in factories is highly dependent on the operator’s know-how 
and experience. Sharing collective expertise, which includes informal knowledge, is the 
best way to enhance overall quality. Informal knowledge is knowledge that has not been 
acquired during conventional or formal training, but rather through individual inten-
tional or fortuitous experiences. The development of knowledge engineering methods 
to exploit knowledge graphs opens up new perspectives in terms of the preservation and 
data management of operational experience. These methods propose complex automatic 
reasoning techniques that go well beyond describing standard processes.
Today’s Internet and the Web are much more than just semi-structured documents 
linked by hyperlinks. They also host a vast number of technical and scientific docu-



51

Task Ontologies for Product Processing and Characterization Processes

ments, on both the surface Web and the hidden Web (such as digital libraries), which 
often contain data tables. These tables can be considered as small relational databases, 
despite lacking the explicit metadata typical of databases. They represent a valuable 
external source that can be used to enrich internal knowledge graphs in companies or 
institutes focused on specific applications. Indeed, the integration of this data without 
a loss in consistency and meaning thanks to adapted extraction, interrogation, and 
machine learning mechanisms will allow the development of decision models based 
on reliable, credible, and traceable data. One of the first steps to integrate this external 
source of knowledge involves harmonizing external data with internal data, ensuring 
that the external data is expressed using the same vocabulary as that used for indexing 
the internal data. Once that is done, the reliability of external knowledge sources may 
be assessed before taking that information into account for decision support purposes.
The following research questions are addressed in this chapter:

	– Q2.1: How can a process to turn raw materials into intermediate and final prod-
ucts be represented and include associated observations?

	– Q2.2: How can the know-how that enables explanations and recommendations 
on technological actions to maintain/reach product quality or correct product quality 
defects be represented?

	– Q2.3: How can data tables associated with external sources using the same vocab-
ulary as that used for indexing the internal data be extracted and represented?

	– Q2.4: How can the reliability of external data sources be assessed, and how can 
this assessment be accounted for in decision support systems?

2.1.2 State of the art and positioning, including the presentation 
of available scientific papers describing our proposal
As already mentioned in Chapter 1, in this book, we distinguish different kinds of onto
logies: core, task and domain ontologies. A core ontology defines the generic model that 
can be further reused in task ontologies and specialized for different domains or fields 
of applications. A task ontology focuses on the actions, processes, and tasks that can be 
performed, often independent of a specific domain. A domain ontology focuses on the 
concepts and relationships specific to a particular area of knowledge denoting the domain.
Research question Q2.1 is addressed through a task ontology called PO² (Weber 
et al., 2023; Munch et al., 2022c; Ibanescu et al., 2016), described in Section  2.2.1. 
This ontology will cover the aspects related to the processing of inputs as well as the 
characterization of their properties during processing.
Standard languages exist to define ontologies, such as the Open Biological and Bio
medical Ontology (OBO) format (Jackson et al., 2021) and the Web Ontology Language 
(OWL) (Hitzler et al., 2009) supported by the World Wide Web Consortium (W3C). 
In the OBO Foundry community, some ontologies deal with process modeling in 
biology: there are some generic ontologies, such as Information Artifact Ontology 
(IAO), Relation Ontology (RO), and Basic Formal Ontology (BFO) (Arp et al., 2015), 
as well as more specific ontologies, such as the Ontology for Biomedical Investigations 
(OBI) (Brinkman et al., 2010; Bandrowski et al., 2016) or the FoodOn Ontology (Dooley 
et al., 2018). Among W3C standards, the Semantic Sensor Network (SSN) ontology 
describes sensors and their observations, involved procedures, features of interest, 
samples used, and observed properties, as well as actuators. It includes a lightweight but 
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self-contained core ontology called SOSA (Sensor, Observation, Sample, and Actuator) 
(Janowicz et al., 2019). SSN and SOSA are the current recommendations promoted by 
the Open Geospatial Consortium (OGC) and the W3C to describe observational data. 
The Ontology for Food Process Experiment (OFPE) in Muljarto et al. (2014) proposes 
a generic semantic food transformation model based on OWL, which is built on four 
main classes: Product, Operation, Attribute, and Observation. OFPE is extended with 
the PO² ontology (Process and Observation Ontology), our proposal in this chapter 
(see Section 2.2.1). PO² allows us to represent a generic processing process described 
using a set of experimental observations available for the inputs and outputs for each 
step of the production process. A food process modeling working group compared 
different existing process models and provided a generalized process ontology in Dooley 
et al. (2024) and Dooley and Naravane (2023). Among the investigated models were 
OBI (Ontology for Biomedical Investigations) (Bandrowski et al., 2016), Exact2 (EXper-
imental ACTions) (Soldatova et al., 2014), Time Ontology in OWL20, SOSA (Janowicz 
et al., 2019), PROV ontology21, and PO². The main problem in solving research question 
Q2.1 using OBI or Exact2 as a general process ontology is that they do not incorporate 
time, whereas PO² does by integrating the Time Ontology.
Research question Q2.2 is addressed with a task ontology, called CAPEX, described in 
Section 2.2.2. For a given situation of interest (food or biobased product/observation 
quality or defect), this ontology will provide all known possible explanations organized 
in a decision tree that starts from the most general explanatory situations, which must 
be refined with more specific explanations until precise enough to propose an action 
lever and an associated recommended technological action.
Fault tree analysis (FTA), which targets fault event risk assessment (Baig et al., 2013), 
can be compared to our approach. FTA enables computation of a level of risk repre-
sented by the occurrence probability of an undesired event. FTA also helps identify 
critical safety solutions to avoid the risk. For example, Pahasup-anan et al. (2022) 
analyzed different situations that could trigger a dust explosion in an extruded food 
production facility. Kim et al. (2020) used FTA to assess the level of risk of four situa-
tions that could help determine the risk of microbial contamination of food by E. coli. 
A fault tree includes a root node representing the undesired event. The tree’s branches 
represent the explanatory scenarios, which may explain the fault event starting from 
basic events representing situations that would likely contribute to the overall fault 
defined in the roots. A whole fault tree could be considered as a set of scenarios asso-
ciated with a probability of occurrence. Risk analysis is, of course, essential. However, 
FTA quantitative analysis requires collection of basic event occurrence measurements.
CAPEX, our task ontology (Buche et al., 2023), defines the decision tree structure, 
and is comparable to the tree structure used in FTA because we also represent a 
decision tree linking explanatory situations to a given situation of interest. However, 
our objectives are quite different in solving the research question Q2.2. Our original 
contribution compared to FTA consists in:

	– proposing a semantic decision tree representation using Semantic Web languages 
to enable easier open data linkage with other sources of information available on 
the Web; 

20. Time Ontology in OWL (2022, November 15; https://www.w3.org/TR/owl-time/).
21. PROV-O (2013, April 30; https://www.w3.org/TR/prov-o/).

https://www.w3.org/TR/owl-time/
https://www.w3.org/TR/prov-o/


53

Task Ontologies for Product Processing and Characterization Processes

	– representing levers and associated technological actions to solve a situation of 
interest; 

	– representing the action efficiency based on individual experiences; 
	– representing contextual criteria associated with recommendations to help filter 

recommendations using a multicriteria approach; and 
	– identifying possible side effects associated with the implementation of a 

recommendation.
Moreover, FTA aims to estimate the probabilistic risk of failure, which requires the 
availability and collection of a substantial amount of numerical data, whereas our 
approach may be considered as more frugal as it is based on collecting and repre-
senting the collective technical know-how available for a given domain (company, 
food chain, etc.).
The CAPEX task ontology can be compared with the Core Ontology of Ghrab 
et al. (2016), known as the COOK ontology. In COOK, know-how is defined as the 
capacity/disposition to perform an action; this know-how concept is similar to our 
situation concept. COOK proposes a rich taxonomy to categorize different kinds of 
know-how (individual, collective, internal, external, crucial, etc.). From this perspec-
tive, we could consider that the situation concept in the CAPEX task ontology is a 
specialization of collective know-how. Our ontology enables us to represent complex 
interactions between situations (conjunction, reinforcement, weakening), which is not 
possible in COOK. In COOK, the knowing-that concept – a kind of belief – repre-
sents the relation between a proposition and a thinker. It assigns a truth value to the 
proposition. It is harder to compare this part of the COOK ontology to ours. Indeed, 
in our ontology, we implicitly consider that we represent a collective belief state, i.e., a 
COOK concept. However, we propose a more elaborate representation of the COOK 
proposition concept as we represent expert reasoning using the notion of possible 
causality between situations, the efficiency of an action, and associated contextual 
criteria. In short, there are several similarities between both ontologies with a richer 
description of kinds of know-how in COOK and an explicit representation of expert 
reasoning in our ontology, which COOK does not have. The part of our ontology that 
basically corresponds to the knowing-that concept in COOK is more detailed because 
we have proposed a complete and operational multicriteria decision support system 
(MCDSS) based on our ontology. Our ontology, like that of COOK, may be applied to 
any application domain based on know-how.
Compared to Buche et al. (2019), the preliminary research that led to the study 
described in this chapter, several new contributions are proposed and assessed:

	– a model to aggregate action efficiency based on individual experiences; 
	– an extended version of the ontology expressed in OWL, including the representa-

tion of action efficiency and associated information (key and complementary criteria); 
	– and the definition and implementation of the action view.

Research question Q2.3 is addressed with a task ontology, naRyQ, described in 
Section 2.2.3. This ontology is designed for the data table integration (annotation and 
querying) task, also known as semantic table interpretation (STI) or semantic table 
annotation (Liu et al., 2023).
We published a method for table annotation using the task ontology naRyQ to solve 
research question Q2.3 (Touhami et al., 2011; Buche et al., 2013a, 2013b), which is 
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implemented in the @Web (Annotated Table of the Web) web application and its 
associated knowledge graph. Considering the annotation task typology proposed in 
Liu et al. (2023), our method performs Cell-Entity Annotation (CEA), Column-Type 
Annotation (CTA) and Row-to-Instance Annotation (RIA). It consists in annotating 
the cell (resp. column and row) using a concept from the task ontology. In this chapter, 
we assume that this annotation task is done manually (Lentschat et al., 2021a, 2022c; 
Buche et al., 2021b; Loustau-Cazalet et al., 2016; Guillard et al., 2016; Münch et al., 
2023a). Automation of this task is discussed in Chapter 3.

The naRyQ task ontology (Buche et al., 2013a) was designed to represent experiments in 
which each experiment involves a studied object, some controlled or observed param-
eters, and a result measured for this object. In the field of food and biobased products, 
this generic model is well suited to represent characterization experiments in a simple 
tabular format (Guillard et al., 2016; Yun et al., 2018; Lentschat et al., 2022c; Munch 
et al., 2023a). However, even if it has been successfully used in simplified situations 
(Lousteau-Cazalet et. al, 2016; Fabre et al., 2020), this model is not well suited to repre-
sent any processing or characterization process involving a sequence of steps associated 
with several input and output components. This is why PO² (Weber et al., 2023) was 
designed to represent any process described by a set of processing/characterization 
steps and experimental observations including input and output components for each 
step of a process. The only tool comparable with @Web is, to the best of our know
ledge, Rosanne (Rijgersberg et al., 2011), an Excel “add-in” application built upon the 
OM ontology (Rijgersberg et al., 2013), an ontology of quantities and units of measure-
ment. Rosanne allows quantities and units of measurement associated with columns 
of an Excel table to be annotated using concepts from OM. As @Web does, Rosanne 
manages the notion of “phenomenon,” which is similar to subclasses from the symbolic 
concept notion in @Web, which represents nonnumerical data (e.g., step name or 
process name). The main difference is that @Web defines the notion of n-ary relation, 
which links together several pieces of data in the ontology (processing or characteri-
zation step associated with studied objects with controlled parameters and results) to 
represent a whole characterization/processing experiment.

Estimating data reliability (research question Q2.4) is crucial for scientists who want 
to reuse external data sources, since data are used to draw new conclusions. During 
data production, reliability is ensured through calibration, experimental design, 
and statistical repetition. However, traceability may be lost when data are collected 
from external resources such as scientific papers. When a validated physical model 
exists, data can be compared to the model’s predictions to assess reliability. In the 
absence of such models, other methods are needed, especially in fields with scarce 
data, such as the life sciences. To solve research question Q2.4, we present a method 
for assessing data reliability based on meta-information (Destercke et al., 2013). 
Multiple criteria are used, each contributing a different perspective on the data’s 
reliability. These individual insights are then combined into an overall evaluation, 
which is returned to the end user after appropriate post-processing. Our method 
offers the following key features:

	– It handles conflicting information, since different criteria may yield contradictory 
assessments (e.g., data published in a reputable journal may have been gathered using 
unreliable instruments).
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	– It ensures traceability, allowing users to identify sources of conflict or, in their 
absence, understand the reasons behind a low or high reliability score.

	– It is user-friendly and interpretable, both in terms of inputs and outputs, making 
it accessible to users who are not computer science experts.
The first three research questions presented in this chapter were addressed using the 
Web Ontology Language (OWL) standardized with the W3C. A presentation of this 
language and its associated terminology is given in Appendix 1 (more specifically, 
Appendix Sections 3, 4 and 5).

	�2.2 Proposed solutions
In each of the following sections, we detail our solutions to the first three research 
questions of this chapter: first we present the competency questions (CQs) and the 
designed task ontologies. CQs represent functional requirements in the sense that 
the ontology and the developed ontology-based information system should be able 
to answer them (Uschold and Gruninger, 1996). Then, we focus on the implemented 
workflows designed to enrich and query the knowledge graphs associated with the 
ontologies. The solution proposed to solve research question Q2.4 is embedded in the 
workflow associated with the third research question Q2.3.

2.2.1 Solution proposed to represent generic knowledge and 
experimental data associated with a transformation process
This section deals with our solution to research question Q2.1 on how to represent a 
process of transforming raw materials into intermediate and final products and the 
associated observations.
We built the first version of the PO² task ontology using the basic NeOn scenario 
“from scratch” in 2016 (Ibanescu et al., 2016). In 2018, the Ontological Resources 
Reuse and Reengineering NeOn Scenario was used to align this model with existing 
ontologies (e.g., SOSA, BFO, IAO, and Time Ontology) for interoperability purposes 
(Munch et al., 2022c). The 2.3 version of PO² task ontology (Weber et al., 2023) 
included new properties (e.g., PO²:hasObjectOfInterest) and two classes from SOSA 
(sosa:Platform and sosa:System). The 2.4 version of PO² uses PROV-O, an ontology for 
representing the provenance information, adding metadata for documenting the agent 
who executed a step or an observation (Figure 2.1). The main competency questions 
(CQs) identified when building PO² are:

	– CQ1: Which steps compose a given processing process?
	– CQ2: Which attribute values are associated with controlled/observed parameters 

for each step?
	– CQ3: Which are the observations where a specific attribute is observed for a 

given input (or output)?
	– CQ4: What are the changes for an attribute value of an input during a given step?
	– CQ5: What are all the steps and observations executed by a specific person or 

organization?
Figure 2.1 shows an excerpt of the PO² ontology (version 2.4), illustrating how PO² 
reuses classes and object/data type properties from several existing ontologies. 
SSN/SOSA classes are shown in green, the Time Ontology class TemporalEntity in 
light blue, PROV-O classes in yellow, and PO² classes in dark blue.
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The main classes of PO² and their ObjectProperties are:
	– The PO²:Process class and PO²:Step class are linked by the ObjectProperty-

PO²:hasStep; this makes it possible to represent the steps composing a transformation 
process and is the answer to CQ1: Which steps compose a given processing process?

	– The PO²:Step class represents a unit operation that transforms inputs into 
outputs; inputs and outputs are represented as a PO²:Component class and are 
linked using the ObjectProperties PO²:hasInput and PO²:hasOutput, respectively. 
Each PO²:Step is a subclass of the sosa:Actuation class, which is characterized by a 
temporal duration. It is performed by a device, represented by the sosa:Actuator class, 
using a given method represented by the sosa:Procedure class. This is the modeling 
answer to CQ2: Which attribute values are associated with controlled/observed 
parameters for each step?

	– The PO²:Observation class represents a collection of sosa:Observation classes 
and is characterized by a temporal duration; the ObjectProperty PO²:hasObservation 
Collection links PO²:Observation class and sosa:ObservationCollection class. 
All members of the sosa:ObservationCollection are performed by a sensor, represented 
by a sosa:Sensor class. The sosa:Observation class is linked to the ssn:Property class 
with the sosa:observedProperty relation, in order to associate an observable property. 
A sosa:ObservationCollection is linked with an input (or output) by the sosa:Feature-
OfInterest relation having as range the union of three classes: PO²:Process, PO²:Step, 
and PO²:Component. This is the modeling answer to CQ3: Which are the observations 
where a specific attribute is observed for a given input (or output)?

	– Using the sosa:ObservationCollection class and sosa:Observation class linked by 
the sosa:hasMember relation makes it possible to represent time-series data; this is the 
answer to CQ4: What are the changes for an attribute value of an input during a given 
step? The values obtained for the observed properties are linked to sosa:Observations 
thanks to the PO²:hasResult data type property. 

	– The PO²:Step class and the PO²:Observation class are linked with the prov:agent 
class, making it possible to find/track the agent. This is the modeling answer to CQ5: 
What are all the steps and observations executed by a specific person or organization?
In our PO² ecosystem, the ssn:Property class is labeled PO²:Attribute, the sosa:Actu-
ator class is labeled PO²:Material, and the sosa:Procedure class is labeled PO²:Method. 
In addition, PO²:Step, PO²:Process and PO²:Observation are subClassOf prov:Activity 
and PO²Component subClassOf prov:Entity.
When building a domain ontology that extends this PO² task ontology, the 
subclasses of the following main classes must be defined: PO²:Component, PO²:Step, 
PO²:Attribute (ssn:Property), PO²:Observation, PO²:Material (sosa:Actuator), and 
PO²:Method (sosa:Procedure). The method to build the TransformON domain 
ontology is presented in Chapter 1, Section 1.2.1, with a detailed description of the 
classes in Section 1.3.1.
Figure 2.2(a) shows the workflow designed to enrich TransformON domain ontology 
with the RDF data part: the PO²Manager tool has been presented in Chapter  1, 
Section 1.2.1. Figure 2.2(b) shows the workflow designed to query the PO² knowledge 
database using an application called SPO²Q (Simple PO² Query). We will now present 
a more detailed example that illustrates functionalities of PO² ecosystem (PO²Manager 
and SPO²Q) to facilitate experiment reproducibility.
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An example of a vegetal-powder production itinerary (Itinerary 3), excerpted from 
Fabre et al. (2020), is shown in Figure 2.3. The red nodes are the input and output 
of a step; the black and green nodes are steps with observation(s); the black arrow 
between steps indicates the temporal order of the steps; the red arrows indicate the 
input/output of a step. The itinerary represents a sequence of two milling steps: 
the cutting milling step followed by the impact milling of the input (i.e., the hemp 
core (1) (CQ1)). Controlled parameters associated with the second milling step 
performed using the UPZ impact mill are presented in Figure 2.4: the rotation speed 
is 18,000  rpm/min, the fill rate is 1 kg/h, and the sieving size is 0.3 mm. Storing 
these values will allow the same experiment in the future (CQ2). FAIR principles 
are also implemented when storing observations. For example, Figure  2.5 shows 
the granulometric observation that was made using the Malvern 2000 equipment 
when using standard operating procedure  1 as described in Fabre et al. (2020). 
The recorded value for raw data on line 0 is that the median particle size is between 
143 and 163 micrometers (CQ3).

Figure 2.2. Workflows associated with the PO² knowledge graph.
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Several years after Fabre et al. (2020) was published, the same team wanted to repro-
duce the same experiment (Itinerary 3) using the same input to assess reproducibility 
and produce some additional observations (e.g., the biochemical composition of the 
vegetal powder). First, the following query needed to be executed: “Which attribute 
values are associated with controlled/observed parameters (i.e., the volume D50) of 
each step?” in order to retrieve experiments performed on the input hemp core (1) 
that produced powders ranging in size between 140 and 160 micrometers. The query 
generated using the SPO²Q tool is shown in Figure 2.6. The results of this query are 
given in Figure 2.7 and retrieve the itinerary presented in Figure 2.3 and 2.4. The team 
could then easily reproduce the same experiment and published the results in Mayer-
Laigle et al. (2024), showing that they could obtain more or less the same granulometric 
values (i.e., 160.6), as shown in Figure 2.8, for Itinerary 5.

Figure  2.2(b) shows the workflow designed to query the PO² knowledge database. 
The  identified CQs were implemented through the SPO²Q web application. This 
application was developed specifically for scientists, who are not necessarily computer 
scientists, to lower the barrier to querying complex knowledge graphs. The idea is 
to provide a guided form-based interface so that users can query the data without 
needing to know either SPARQL or the internal schema of the knowledge graph. 
For advanced users, an expert mode is also available, allowing them to edit or refine 
the generated SPARQL queries when the constraints of the form are not sufficient.

SPO²Q relies on the structure of the PO² task ontology to guide the user through the 
construction of a query. The interface is organized into successive blocks, corres
ponding to the main PO² classes: process, step, and observation. The chaining of 
these blocks is ontology-driven: once a process is selected in the first block, the 
application automatically checks the dataset to identify which steps are instanti-
ated for this process, and only these steps are proposed in the next block. Similarly, 
when a step is selected, the possible observations associated with it are retrieved and 
suggested to the user.

The vocabulary available in the SPO²Q form fields is therefore directly constrained 
by the domain ontologies used to annotate the dataset. Domain ontologies such as 
TransformON are embedded in the datasets themselves: when a dataset is selected, 
the corresponding ontology is used to restrict the values available for query construc-
tion. This ensures both the semantic consistency of the queries and the reusability of 
the controlled vocabulary across datasets.

Once a query is built and executed against the RDF knowledge graph, SPO²Q provides 
different format output options. The results can be downloaded in TSV or JSON 
formats, making them directly usable for further statistical analyses or integration into 
external tools. Queries can also be saved for later reuse, facilitating reproducibility and 
collaborative work among scientists.

An example is shown in Figure 2.6, where hemp core is selected as an input compo-
nent and the values for volume D50 are fixed. This illustrates how SPO²Q allows 
users to formulate meaningful domain queries without having to manipulate RDF 
data directly. The RDFS reasoner is executed to automatically enrich the knowledge 
graph before query execution. Altogether, SPO²Q represents our software solution for 
user-friendly, ontology-driven querying of PO²-based knowledge graphs.
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Figure 2.9 illustrates a subset of RDF triplets from a three-step process workflow struc-
tured by the PO2 ontology. On the right-hand side, an observation line (Volume D50) 
is visible for a specific step (Impact milling step 3.2), with triplets representing the 
quantitative values and the unit of measurement used. It corresponds to the Volume 
D50 attribute value shown in Figure 2.5 using PO2 Manager.
To date, three data papers (Munch et al., 2022b, 2025; Mayer-Laigle et al., 2024) have 
been published to describe data stored in the PO2 knowledge graph. More details are 
provided in the 2.3 Outcomes section below.

2.2.2 Solution proposed to represent expert  
and operational collective know-how
In this section, we lay out our solution to answer the research question Q2.2 on how to 
represent expert and operational know-how. Typical CQs and requirements addressed 
by CAPEX are:
CQ1: For a given situation of interest (targeted quality or default to tackle), what 
are all the possible explanations organized in a decision tree starting from the more 
general explanatory situations that must be refined by more specific ones until 
it is precise enough to propose an action lever and an associated recommended 
technological action?
Additional requirements:
Interactions between explanatory situations must be represented. Two kinds of interac-
tions must be considered: (i) conjunctive interactions of situations S1 and S2 to explain 
S3, meaning that situation S3 may appear only if S1 and S2 appear; (ii) reinforcement 
(resp. weakening) interaction of situation S1 by situation S2 to explain S3, meaning 
that the effect of S1 on S3 is reinforced (resp. weakened) if S2 appears.
Explanation: The decision tree will permit a user to consider all possible known expla-
nations of a given situation of interest. This functionality, mostly dedicated to junior 
technicians, is very important in food production chains, which must deal with high 
staff turnover.
CQ2: For a given situation (situation “of interest” or explanatory), what is the value of 
a relevant analytical parameter that allows the user to verify that this situation is really 
happening?
Explanation: This is of considerable interest for both young and experienced tech-
nicians who must deal with several specific production processes (e.g., the Excessive 
salting situation of interest in Comté is associated with the analytical parameter 
NaCl  >  XXX  g/100  g cheese) and have not memorized all the analytical parameter 
values associated with encountered situations.
CQ3: What is the feedback of technicians’ individual experiences in terms of techno-
logical action efficiency to treat a given situation of interest?
Explanation: Action ranking based on efficiency is extremely important to help users 
choose the “best” action to solve a given situation of interest.
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CQ4: What are the contextual criteria relevant for decision support and associated 
with those assessments?

Explanation: It is required to avoid any ambiguity or misunderstanding of propositions 
made by the multicriteria decision support system (MCDSS). For example, a given 
action may be considered as very efficient in the short term (ST), and not at all efficient 
in the long term (LT). In this example, the criterion ST/LT must be defined as a key 
criterion because it determines the action efficiency. Moreover, additional criteria may 
be associated to facilitate decision support depending on the chain (economical cost, 
sanitary risk, etc.). A detailed presentation of CAPEX MCDSS is presented in Chapter 4. 
This section is dedicated to the presentation of the CAPEX knowledge graph creation.

Figure 2.10 is a graphical representation of the CAPEX OWL ontology. As expressed 
in CQ1, a situation S1 (an instance of the Situation OWL class) is explained by a situ-
ation S2 through an instance of the CausalityNode class linked to S1 (resp. S2) by the 
OWL hasForCause (resp. hasForConsequence) object property. Note that S1 may be 
an instance of the SituationOfInterest class that is a kind of situation. A situation S 
may be associated with an action A via the hasForAction object property. An action 
A is associated with its lever through the hasForLever object property. A conjunctive 
interaction CI1 (an instance of the SituationConjunction class) is linked to conjunctive 
causal situations S1 and S2 (and other situations if required) by the isComposedOf 
property. CI1 is linked to an instance of the CausalityNode class by the hasForCause 
property. This CausalityNode class instance is linked to the consequence situation 
S3 by the hasForConsequence property. The strengthening (resp. weakening) inter
action of S1 by S2 to explain S3 is also represented using a conjunctive interaction CI1 
(an instance of the SituationConjunction class). The asymmetric role of situations is 
achieved as follows: the altered situation S1 is linked to altering situation S2 via the 
SpecificationOfWeakening (resp. SpecificationOfReinforcement) object property if the 
alteration type is weakening (resp. strengthening).

The isDetectedBy datatype property associated with an instance of the Situation class 
implements CQ2. An instance of Action is associated with an instance of the Efficiency 
class to implement CQ3. The hasForKeyCriterion datatype property is used to deter-
mine the list of criteria values associated with a single Efficiency instance (CQ4). 
The  hasForScore, hasForObservations, and hasForTechniciansAgreement datatype 
properties are associated with an Efficiency class instance that is linked to an Action 
instance. The hasForConsequenceCriterion object property links an Efficiency instance 
with a set of pairs (name, value) that are used for decision support. The refersToDefect 
object property links an Efficiency instance with the situation of interest to which it refers.

Buche et al. (2019) proposed a method that enables collective mind mapping dedi-
cated to the CAPEX knowledge graph enrichment. Interested readers may refer to that 
paper for further details on this topic. Any mind-mapping tool may be used to edit 
decision trees. Interested readers should check that CAPEX knowledge graph enrich-
ment succeeds using imports of a markdown file including the decision tree generated 
by the mind-mapping tool.

Figure  2.11 presents the two workflows of the CAPEX system presented in Buche 
et al. (2022). Figure  2.11(a) shows the subsystem that automatically generates the 
CAPEX RDF knowledge graph from a mind-mapping markdown file representing 
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the decision tree associated with the situation of interest. Figure  2.11(b) presents 
the CAPEX RDF knowledge graph querying subsystem that can be used to deliver 
decision support. The  RDFS reasoner is executed to automatically enrich the RDF 
knowledge graph before query execution. This part of the system is described in more 
detail in Section 4.2.1. Figure 2.12 is an excerpt from a mind-mapping file representing 
the decision tree associated with the situation of interest: Excessive salting, depicted 
by the blue node on the bottom left side of the figure. The complete mind-mapping 
file is available in Buche et al. (2022). This Excessive salting situation of interest 
may be explained by the Significant salt intake situation. From there, four possible 
explanations emerge. We will focus on the one represented by a white node, namely 
Conditions favoring salt uptake in brine, along with its associated branch presenting 
three possible explanations. We will focus again on one of them, Brine favorable to salt 
intake, until reaching the two recommended corrective actions: Put the brine tank in 
the dryer and Air-condition the production room. Figure 2.13 provides a close-up of 
the table associated with the EFFICIENCY: ST node. This table includes the efficiency 
indicator along with the number of observations and the contextual criteria associated 
with them (see hasForScore, hasForObservations, hasForTechniciansAgreement, and 
hasForConsequenceCriterion properties presented above).
In Figure 2.14, we present part of the RDF knowledge graph corresponding to the trans-
lation of the branch whose nodes are white in the decision tree shown in Figure 2.12. 
For more information about CAPEX RDF knowledge graph querying for multicriteria 
decision support, please refer to Section 4.2.1.
To date, no data paper has been published to describe data stored in the CAPEX 
knowledge graph. However, two knowledge graphs have been created (see Section 2.3: 
Outcomes for more details).

2.2.3 Solution proposed to represent data tables associated 
with external sources
As mentioned in Section  2.1, the naRyQ task ontology (Buche et al., 2013a) was 
designed to represent experiments in which each experiment involves a studied 
object, some controlled or observed parameters, and a result measured on this object. 
In the field of food and biobased products, this generic model is well suited to repre-
sent characterization experiments in a simple tabular format such as what scientists 
typically use to register them. Figure 2.15 contains Table 4 from Vuillet et al. (2026): 
column 1 indicates the studied object (i.e., different biobased films used for packaging); 
columns  3-5 indicate measurements of H2O permeability, which is the result of the 
experiment; column 2 indicates the controlled temperature of the measurement.
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Figure 2.15. An excerpt of a data table published in a scientific paper (from Vuillet et al., 2026).

The main competency questions (CQs identified when building naRyQ) are:
	– CQ1: Which studied object (e.g., food packaging) is characterized by a given 

experimental measurement (e.g., H2O permeability)?
	– CQ2: Which controlled/observed parameters (e.g., temperature or packaging 

thickness) are associated with attribute values (e.g., O2 permeability, CO2 or H2O 
permeability)?

	– CQ3: Which units of measurement are associated with a given experimental 
measurement (e.g., H2O permeability)?

	– CQ4: Which methods are associated with a given experimental measurement 
(e.g., H2O permeability).
Figure  2.16 gives an excerpt of naRyQ, called an Ontological and Terminological 
Resource (OTR) in this chapter, in the matter transfer domain: this task ontology is 
called TRANSMAT (for MATter TRANSfer; see Guillard et al., 2018).
The main classes in the core conceptual component of naRyQ are:

	– Relation_concept class, which is used to identify the result of the experiment.
	– Argument class, which is used for the controlled/observed parameters; its 

subclasses are Symbolic_concept class and Quantity class.
	– om:Unit class, which along with the Quantity class, allow the user to manage 

quantities and their associated units of measurement. This modeling choice was 
inspired in 2013 by the OM ontology (Rijgersberg et al., 2013), an ontology of quan-
tities and units of measurement, as it seems to be well suited for representing all the 
units of measurement identified in the domain of food packaging.
The domain conceptual component of naRyQ is composed of a set of classes that 
specialize the one from the core conceptual component for a given application 
domain. In Figure 2.16, the Packaging class is a subclass of Symbolic_concept in the 
matter transfer domain. naRyQ has been designed to semi-automatically annotate 
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data tables from scientific papers, such as the one presented in Figure 2.15. A complete 
method to perform this text mining task is presented in Chapter 3. To be able to repre-
sent textual similarities in this text mining task, fuzzy sets were introduced (see the 
DiscreteFuzzySet class in Figure  2.16). To represent imprecise data (e.g., min–max 
values, mean and standard deviations) expressed in data tables, continuous fuzzy sets 
were introduced in naRyQ (see Figure 2.16). For more details about naRyQ, and more 
specifically the management of fuzzy values, see Buche et al. (2013a).
As shown in Figure  2.16, the terminological component of naRyQ contains the set 
of terms describing the studied domain that are used to annotate experimental data. 
Subclasses of the generic classes Relation Concept, Symbolic Concept, and Quantity, 
as well as instances of the generic class Unit Concept, are all denoted by at least one 
term from the terminological component. Each of those subclasses or instances are, in a 
given language, denoted by a preferred label and optionally by a set of alternative labels, 
which correspond to synonyms or abbreviations. Labels are associated with a class or an 
instance thanks to SKOS (Simple Knowledge Organization Scheme) labeling properties 
recommended by W3C22.
The @Web annotation module implements a complete workflow to extract either manu-
ally or semi-automatically experimental data tables from scientific documents (e.g., the 
table from Figure 2.15), and semantically annotate them with classes from naRyQ.
The four workflows of the @Web module are presented in Figure 2.17. In workflow (a), 
new classes belonging to a given domain ontology may be added in the naRyQ ontology 
to be used to annotate data tables retrieved from scientific documents. This will enrich 
the domain conceptual component presented in Figure 2.16. New domain classes are 
given in a predefined textual format, named “Excel template,” designed in Excel so as 
to be user-friendly for interaction with domain experts, and fully compliant with the 
naRyQ definition. The importation module of @Web reads these Excel files and automat-
ically generates the updated naRyQ ontology in OWL format. Workflow (b) generates 
an Excel template for data entry, compliant with the set of n-ary relation classes already 
defined in the naRyQ ontology. After completing these files with data from data tables, 
the @Web data importation module will populate the naRyQ ontology and store new 
RDF data in the @Web knowledge graph during step (c). Figure 2.18 shows an example 
of metadata associated with a scientific document registered in the @Web knowledge 
graph. The example of its only annotated data table is shown in Figure 2.19: the orig-
inal table from Figure 2.15 is annotated with the H2OPermeability_relation class from 
Figure 2.16. Optionally, in step (c), each document may be associated with a reliability 
assessment score (see Section  2.2.4 for more details). The annotated data tables are 
stored in an RDF knowledge graph (see Figure 2.20). The RDFS reasoner is used to auto-
matically enrich the knowledge graph before query execution using the @Web querying 
subsystem in step (d). Readers interested by the @Web querying subsystem should read 
Lousteau-Cazalet et al. (2016) for more details.
Chapter 3 presents the semi-automatic method designed to annotate data tables using 
the naRyQ ontology.
To date, seven data papers have been published to describe data stored in the @Web 
knowledge graph (see Section 2.3.3 for more details).

22. Simple Knowledge Organization System Reference (2009, August 18; https://www.w3.org/TR/skos-
reference/).

https://www.w3.org/TR/skos-reference/
https://www.w3.org/TR/skos-reference/
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Figure 2.17. Workflows associated with the @Web knowledge graph.
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2.2.4 Solution proposed to assess reliability of external sources
To assess the reliability of external data sources, an extra step was added to the @Web 
software workflow presented in Figure  2.17. This step was added between steps a 
and b to define the criteria used to assess reliability. These criteria are elements that 
are usually found in external sources as publications (reports, papers, etc.) reporting 
experimental results. Note that most of these criteria are not specific to the life 
sciences and can be used for any experimental data. The list of criteria below is, of 
course, not exhaustive:

	– The first group concerns the data source itself. It contains features such as the 
source type (e.g., scientific publication, government report, web page), the source 
reputation (e.g., the category of journal where the article has been published), the 
number of times the source has been cited or the publication date (data freshness is 
important in the life sciences, due to the rapid evolution of measurement devices and 
experimental protocols).

	– A second group is related to the means used to collect data. Information related 
to these criteria is typically included in the Materials and Methods section in life 
science papers, which thoroughly describes the experimental protocol and materials 
used. Some methods may be known to be less accurate than others, but still be chosen 
for practical considerations.

	– A third group is related to statistical procedures: presence of repetitions, uncer-
tainty quantification, elaboration of an experimental design.
This list of criteria can be reduced or enriched, according to the relevant features 
to evaluate reliability and the available information in the data sources. Examples 
of criteria may be found in Buche et al. (2021b) for the milk microfiltration process. 
An excerpt of this list can be found in Figure 2.21, where a reliability criterion assess-
ment is linked to each modality of a given criterion by domain experts. For example, 
in Figure 2.21, the modality “3 and more repetitions” that is linked to MF-Number of 
repetitions - Compositional analysis criterion is assessed as “very reliable.” The assess-
ments provided by a domain expert are used in Figure 2.22 to assess the reliability of 
Jørgensen et al. (2016). It is the role of the annotator of the external source to associate 
values with criteria during the annotation process. Qualitative assessments associated 
with modalities of reliability criteria are merged to provide a unique global assessment 
represented as a couple (low expectation, high expectation). Expectations vary in the 
interval [1,5], where 1 represents a low reliability and 5 a high reliability. In Figure 2.22, 
the merging of the nine assessments corresponds to the couple [4.7, 4.99], meaning 
that the reliability is high and there is no contradiction between criteria as low and 
high expectations are close. Fuzzy set and belief functions theories are used (i) to 
represent the individual assessments and (ii) to merge them to compute the global 
one. For more details about this modeling, see Destercke et al. (2013).
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	�2.3 Outcomes
Reuse of data stored in the knowledge graphs presented in this chapter will be found 
in Chapter 4. In this section, we will present several resources (especially the location 
of ontologies and available data papers) and statistical indicators associated with the 
knowledge graphs.

2.3.1 PO² resources and statistical indicators
The PO2 ontology can be found on Recherche Data Gouv.23 TransformON is also 
available on both Recherche Data Gouv24 and AgroPortal.25

The current version of the PO² knowledge graph includes:
	– 108 projects
	– 1,634 itineraries
	– 6,850 steps
	– 18,674 tables of observations
	– 221,635 observations
	– 22,988,141 RDF triples

To date, three data papers have been published to describe data stored in the PO² 
knowledge graph. The type of data is provided in the data paper title column in the 
following table (Table 2.1).

Table 2.1 Data papers published to describe data stored in the PO2 knowledge graph

Data paper title Data paper DOI

Biocomposites from poly(3-hydroxybutyrate-
co-3-hydroxyvalerate) and lignocellulosic fillers: 
Processes stored in data warehouse structured 
by an ontology

https://dx.doi.org/10.1016/j.dib.2022.108191

Datasets on the production routes  
and the properties of plant powders 
for manufacturing of green products

https://dx.doi.org/10.1016/j.dib.2024.110787

Dataset for common wheat (Triticum aestivum 
L.) grain and flour characterization using classical 
and advanced analyses

https://dx.doi.org/10.1016/j.dib.2025.111375

2.3.2 CAPEX indicators
CAPEX ontology is available on Recherche Data Gouv.26 Currently, two CAPEX 
knowledge graphs have been created: the first as part of the DOCAMEX association 
and the second for the INRAE IATE PLANET platform.

Indicators on DOCAMEX knowledge graphs are not provided as they are private 
data. However, to date, 20 protected designation of origin (PDO) cheese sectors 

23. https://doi.org/10.15454/XSVVBW
24. https://doi.org/10.57745/DWX7W6
25. https://agroportal.lirmm.fr/ontologies/TRANSFORMON
26. https://doi.org/10.57745/SEJP1B

https://dx.doi.org/10.1016/j.dib.2022.108191
https://dx.doi.org/10.1016/j.dib.2024.110787
https://dx.doi.org/10.1016/j.dib.2025.111375
https://doi.org/10.15454/XSVVBW
https://doi.org/10.57745/DWX7W6
https://agroportal.lirmm.fr/ontologies/TRANSFORMON
https://doi.org/10.57745/SEJP1B
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representing more than 70% of French production use the tool and manage several 
dozen decision trees per sector. The current PLANET knowledge graph includes more 
than 57 decision trees.
The CAPEX OWL ontology, an example of a decision tree, and associated efficiency 
indicators are available in Buche et al. (2022). Indicators about the use of decision trees 
are available in Chapter 4 (Section 4.3: Outcomes).

2.3.3 @WEB indicators
Three ontologies have been created using naRyQ task ontology and are available on 
Recherche Data Gouv: BIOREFINERY,27 TRANSMAT,28 and MICROFILTRATION.29 
They are also distributed on AgroPortal. Links on resources distributed on AgroPortal 
are available in the dataset metadata published on Recherche Data Gouv for each 
ontology. In the following table (Table 2.2), the number of n-ary relations indicates the 
richness of the ontological model as the number of instances informs the quantity of 
available data in each knowledge graph. The BIOREFINERY and MICROFILTRATION 
knowledge graphs contain itineraries of biomass transformation and input biomass and 
final product characterization. The TRANSMAT knowledge graph includes only food 
and packaging characterizations.

Table 2.2 Domain ontologies created using naRyQ task ontology

Domain ontology Number  
of n-ary relations

Number of instances  
of n-ary relations

BIOREFINERY 92 149,213

TRANSMAT 64 39,751

MICROFILTRATION 20 144,239

Seven data papers have been published to describe data stored in the @WEB know
ledge graph. The type of data is provided in the data paper title column in the following 
table (Table 2.3).

Table 2.3 Data papers published to describe data stored in the @WEB knowledge graph

Data paper title Data paper DOI

CO2 solubility and composition data of food 
products stored in data warehouse structured 
by an ontology

https://dx.doi.org/10.1016/j.dib.2023.108950

Partial n-ary relation instances on food packaging 
composition and permeability extracted 
from scientific publication tables

https://dx.doi.org/10.1016/j.dib.2022.108000

Milk microfiltration process dataset annotated 
from a collection of scientific papers

https://dx.doi.org/10.1016/j.dib.2021.107063

Food packaging permeability and composition 
dataset dedicated to text-mining

https://dx.doi.org/10.1016/j.dib.2021.107135

27. https://doi.org/10.15454/X2MOWO
28. https://doi.org/10.15454/NK24ID
29. https://doi.org/10.15454/5MQMKG

https://dx.doi.org/10.1016/j.dib.2023.108950
https://dx.doi.org/10.1016/j.dib.2022.108000
https://dx.doi.org/10.1016/j.dib.2021.107063
https://dx.doi.org/10.1016/j.dib.2021.107135
https://doi.org/10.15454/X2MOWO
https://doi.org/10.15454/NK24ID
https://doi.org/10.15454/5MQMKG
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Data paper title Data paper DOI

Milling itineraries dataset for a collection of crop 
and wood by-products and granulometric 
properties of the resulting powders

https://dx.doi.org/10.1016/j.dib.2020.106430

Consumer perception data and scientific 
arguments about food packaging functionalities 
for fresh strawberries

https://dx.doi.org/10.1016/j.dib.2018.09.034

CO2 and O2 solubility and diffusivity data in food 
products stored in data warehouse structured 
by ontology

https://dx.doi.org/10.1016/j.dib.2016.04.044

2.3.4 Reliability model for the empirical validation  
of external data sources
The conceptual reliability model presented in this chapter has been empirically validated 
twice in decision support systems dedicated to food and bioresource processing: (1) to 
assess reliability of aggregated external sources of information used to rank pretreat-
ment itineraries to produce glucose from lignocellulosic biomass according to a green 
indicator (Lousteau-Cazalet et al., 2016), and (2) to predict performances of milk micro-
filtration under a wide range of operating conditions and membrane technologies 
(Baudrit et al., 2022). Interested readers may refer to those publications for detailed 
explanation. Figure  2.23 provides an illustration from Lousteau-Cazalet et al., (2016)  

Figure  2.23. Reliability assessment associated with Efactor computation with rice straw 
pretreatments for best experiment of scientific articles. BM: ball milling, CM: cutting milling, 
DM: disk milling, PC: physical/chemical treatment, PM: pre-milling, PS: press and separation, 
UFM: ultrafine milling.

https://dx.doi.org/10.1016/j.dib.2020.106430
https://dx.doi.org/10.1016/j.dib.2018.09.034
https://dx.doi.org/10.1016/j.dib.2016.04.044


88

Knowledge Engineering for Decision Support in the Food and Bioproduct Industry

that shows two categories of environmental impact indicators associated with ligno
cellulosic pretreatments. The first one (green circles and squares) represent experimental 
data from papers associated with a good reliability index assessed without contradic-
tion between metadata, and the second one (red/green circles and squares) represent 
experimental data from papers associated with a good reliability index assessed with 
contradiction between metadata. In Figure 2.23, reliability indexes vary in the interval 
[0.1,1.0], where 0.1 represents low reliability and 1.0 high reliability.

	�2.4 Conclusion and resources
This chapter tackled four research questions:

	– Q1: How can we represent in terms of generic knowledge and associated 
experimental data (i) a process comprising the steps through which raw materials 
(input components) are transformed into final products (output components) and 
(ii) observations associated with steps and components?

	– Q2: How can we represent expert and operational collective know-how that 
enables the formulation of recommendations on technological actions that may help 
maintain product (resp. observation) quality or correct a product (resp. observation) 
quality defect at the scale of a given food or biobased product processing operation?

	– Q3: How can we represent data tables associated with external sources using the 
same vocabulary as that used for indexing the internal data?

	– Q4: How can we assess the reliability of external data sources and take this assess-
ment into account in decision support systems?
Four solutions were put forward to answer these questions and compared to the 
current state of the art. For each solution, the software workflow implementation was 
presented and illustrated. Available open resources (data, software, video, courses) 
were listed. Main outcomes obtained using those solutions were been presented. 
All have very high technology readiness levels and they are all being used in produc-
tion. With regard to task ontological-based solutions – namely PO2, CAPEX and 
@Web – we focused our efforts on ensuring that our three ontologies met the real-
world use cases proposed by users. Now that we have reached a stable version with 
our models, we believe it would be highly beneficial to implement ontological design 
patterns in this work to facilitate their reuse.
A complete method to semi-automatically extract data from tables of external sources 
based on the naRyQ task ontology is presented in Chapter 3. Multicriteria decision 
support using the content of those knowledge graphs is presented in Chapter 4.
Ongoing research focuses on the interoperability between two of those solutions 
(PO² and CAPEX) as well as MAKEBOOK (Baudrit et al., 2025), another solution 
that can be used to represent generic knowledge using concepts and relations thanks 
to mind-mapping schemas. MAKEBOOK can be instantiated for a given appli-
cation domain, which in our case is biomass processing and characterization. It is 
currently being extended to use PO²/TransformON concepts and relations to facilitate 
interoperability with PO² and CAPEX knowledge graphs (see Figure 2.24).
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Chapter 3

Methods for Ontology-Guided Extraction 
of Experimental Data in Scientific Articles

Martin Lentschat, Patrice Buche, Julien Cufi, Luc Menut, Mathieu Roche

	�3.1 Introduction
In this chapter, we will discuss methods to extract experimental data from scientific 
articles. The content of research publications (e.g., results, claims, technical param-
eters, tools, and methodologies) is currently underexploited. A system that could 
semi-automatically extract relevant information and create a structured representa-
tion of knowledge, following standard formats used in knowledge bases, would be 
very helpful. Such a system would, for instance, make it possible to enrich scientific 
literature meta-analyses or foster study replication, and could later be used by expert 
and decision support systems.
The main challenge in achieving this aim is the heterogeneity of data present in the 
literature. First, scientific articles are written in natural language, which differs signif-
icantly from a computer-structured representation. The experimental data of interest 
can also be presented in various contexts and forms (e.g., numerical values, entities of 
interest). For instance, the methodology and materials used are described in text in the 
first part of the document, while the related experimental results are presented in table 
format, with additional details provided in the discussion section.
Representing knowledge using n-ary relations makes it possible to link pieces of 
information associated with experimental data and the metadata that describe that 
information’s context, given that these details are scattered throughout the scientific 
article in text format. In this chapter, we will use the naRyQ task ontology presented in 
Chapter 2 to represent n-ary relations. The naRyQ task ontology will be specialized for 
a given domain and called the ontological and terminological resource (OTR) in this 
chapter. The excerpt of naRyQ in the matter transfer domain, called TRANSMAT,30 
was presented in Chapter 2 (Section 2.2.3).
The extraction of n-ary relations representing gas permeability properties of food 
packaging will be used as an example. Example 3.1 (below) shows how its argument 
instances can appear in a document.

30. MATter TRANSfer ontology, available at http://doi.org/10.15454/1.430814846357855E9

http://doi.org/10.15454/1.430814846357855E9
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Example 3.1. Appearance of argument instances in a text:
“The permeability of ethylene vinyl alcohol (EVOH) films was measured with the 
ASTM D95-96 method at 25±1°C. The film had a thickness of 15 µm and showed 
optimal barrier properties with a permeability to oxygen of 4.34±1.03 cm3 µm-2 d-1 kPa. 
This measurement was obtained at a constant RH of 85.0%.”

Figure  3.1 illustrates an instance of an n-ary relation representing the information 
presented in Example 3.1. The n-ary relation instance is structured around a relation 
concept (see center of Figure 3.1) linked to its component arguments (e.g., permea-
bility value, packaging involved, experimental conditions).

Figure 3.1. Instance of an oxygen permeability relation.

However, Example 3.1 is a fabricated example. Typically, most argument instances are 
scattered across the document and need to be linked together to form relation instances 
(see Section 3.2.3 for more details). Argument instances that appear as word(s) are 
called symbolic arguments, and pairs of numerical values and units of measurement 
form quantitative arguments. The main obstacles to identifying argument instances 
and reconstructing relations are:

	– lexical variations (e.g., acronyms, new units of measurement or packaging 
names), which means the OTR vocabulary must be extended to cover most cases 
(see Section 3.2.1);

	– presence of false positives (e.g., not all temperatures in a text relate to oxygen 
permeabilities) that need to be filtered or discarded (see Section 3.2.2);

	– dispersion of argument instances (see Section 3.2.3);
	– lack of information, as authors may omit some details or consider them implicit 

(e.g.,  in the annotated corpus of Lentschat et al. (2021a), most of the argument 
instances for partial pressure differences are not present). This underlines the need for 
methods that would enable partial relations to exist (see Section 3.2.3).
The main research question addressed in this chapter is:

	– Q1: Is it possible to (semi-)automatically extract targeted data in scientific publi-
cations in such a way as to be able to exploit it in downstream systems?
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Focusing on the extraction of experimental knowledge from scientific articles, in 
the form of n-ary relation instances, falls under the area of information and rela-
tions extraction, and more specifically, extraction of complex relations in specialized 
domains. This specific question was previously addressed using data mining approaches 
(Berrahou et al., 2017), guided by the naRyQ ontological and terminological resource 
(OTR) (Touhami, 2011) presented in Chapter 2 (see Chapter 2.2.3 for more details). 
This approach created a two-step hybrid method to automatically find targeted data 
defined as instances of n-ary relations belonging to the OTR.
The aim of this approach is to identify frequent patterns in the corpus involving argu-
ments of n-ary relations belonging to the OTR. Classification algorithms are employed 
to identify sentences that may contain arguments. Once applied to a large corpus, the 
most frequent patterns are extracted to find instances of arguments belonging to n-ary 
relations appearing in scientific articles. These can constitute partial n-ary relation 
instances that would then need to be linked together.
However, this approach is limited by the large number of potential patterns obtained. 
Frequency alone does not necessarily identify the ones that are most efficient or 
reliable. Also, the case study presented above exemplifies a common problem in 
text data extraction: the presence of false positives that appear as data of interest 
(e.g.,  temperature values in the text are often related to something other than the 
experimental condition of gas permeability measurements). Relevant argument 
instances cannot be distinguished from false positive ones through pattern matching. 
This specific issue will be addressed in the approach presented here.
The main hypothesis of the approach presented in this chapter consists in breaking 
down the process of extracting instances of n-ary relations into two phases. Phase I 
focuses on identifying and extracting entity argument instances found in scientific 
articles relating to the n-ary relations of interest. Phase II seeks to link the previously 
extracted entities, regarded as relation argument instances, to reconstitute instances of 
n-ary relations. This involves creating a workflow that includes information extraction 
and relation extraction tasks.
Previous research has demonstrated that different sections of scientific articles contain 
significantly different information (Cohen et al., 2010; Mao et al., 2003; Shah et al., 
2003). For instance, Hofmann et al. (2009) determined that the abstract and discussion 
sections were the most favorable to relevant keyword discovery. Hence, the structure 
of scientific articles must be taken into account in our representation of argument 
instances to evaluate the relevance of automatically extracted argument instances.
Scientific articles also make extensive use of acronyms, which is important to recog-
nize as they may be relevant information and entities. Some acronyms are common 
and shared by all authors in a field (e.g., NLP = natural language processing), some 
may be more specialized and related to a particular subject (e.g., OTR = ontological 
and terminological resource), and some may only be defined for the particular needs 
of a study (e.g., SciPuRe = scientific publication representation). Because of these 
widely different situations, the use of an existing resource (e.g., Acronym Finder31) 
cannot cover all the cases found in a publication. The main way of approaching 
this problem is to recognize potential acronyms through a set of heuristics, such 

31. https://www.acronymfinder.com/

https://www.acronymfinder.com/
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as identifying terms composed of capital letters and not belonging to a standard 
dictionary (Ehrmann et al., 2013; Wren and Garner, 2002). Once these potential acro-
nyms have been identified, the aim is to find their extended forms in texts, often 
present once alongside their acronyms. This approach can be further refined using 
linguistic rules and syntactic analysis (Pustejovsky et al., 2001), statistical measures 
(Jain et al., 2007; Okazaki and Ananiadou, 2006), or machine learning (Xu and Huang, 
2005). In our work, we designed a simple and agnostic approach using regular expres-
sions and syntactic rules (Lentschat et al., 2020) to have a method able to use any 
domain OTR and only extract acronyms corresponding to its concept labels.
Experimental fields also make extensive use of units of measurement; recognizing these 
units is essential for information extraction (Jessop et al., 2011a, 2011b). Some units are 
common (e.g., °C, km/h) but others are much more complex, multidimensional, and 
mostly employed for the needs of the field studied (e.g., cm3 µm m-2 d-1 kPa). Recogni-
tion of these units and any variations (e.g., cm3 µm m-2 d-1 kPa == cm3.m-2.s-1.bar.µm) 
is an important issue (Foppiano et al., 2019). Resources listing units of measurement 
do exist, but little research tackles the extraction of variants of units of measurement. 
The existing literature (Cohen et al., 2003; Van Assem et al., 2010) mainly uses simi-
larity measures to associate existing units of measurement and variants. In the approach 
presented in this chapter, we use an existing method (Berrahou et al., 2015) for this task.
Data is also present in tables included in articles. Recent work in the field of data 
extraction from tables focuses on recognizing the concepts represented and linking 
them to the data. Most approaches use external resources to guide the categorization 
of identified data and relations. Among existing systems, TabEL (Bhagavatula et al., 
2015) uses concept co-occurrences observed on Wikipedia to assign data to their 
probable category(ies) in DBpedia, while TableMiner+ (Zhang, 2017) uses multiple 
knowledge bases (e.g., WordNet, Wikipedia, Freebase, DBpedia) to categorize data 
and exploit contextual information (e.g., the table caption) to improve disambiguation. 
MTab (Nguyen et al., 2019) tackles the SemTab 2019 challenge of aligning table data 
with a knowledge base (e.g., DBpedia) by using structural information, first estimating 
the column category and then resolving ambiguities.
The method we chose (Buche et al., 2013a; Hignette et al., 2009) is based on the use of 
an OTR dedicated to a given application domain, which is not possible with agnostic 
state-of-the-art methods. It was selected for its performance, its robustness against 
the different data formats found in the tables, and its compatibility with the OTR we 
use. This method also creates an annotation of the tables that can be directly exploited 
by our method and follows a multistep process similar to that of manual annotation. 
It produces good results and has been employed (Wolf et al., 2018) as a tool to assist 
meta-analyses of experimental results by extracting data from tables in scientific papers.
The pipeline detailed in this chapter aims to extract knowledge and represent it as 
n-ary relations. It is guided by the use of a naRyQ OTR. This enables the recognition of 
symbolic and quantitative arguments (i.e., information) thanks to the lexical compo-
nent and representation of knowledge in the form of n-ary relations (i.e., relations 
between n arguments). These relations can then be instantiated in a knowledge base 
and used by downstream processes such as expert decision systems.
Our use case concerns food packaging characteristics (i.e., mainly gas permeabilities), 
although our method was designed to be adaptable to any domain represented in  a 
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naRyQ‑OTR. Details on the datasets used (Lentschat et al., 2021a, 2021c), our approaches 
(Lentschat et al., 2020, 2022a, 2022b), and implementation32 can be found online.

	�3.2 Proposed solutions
In this section, we present the process of extracting n-ary relation argument instances 
guided by an OTR. This method is thought to be generic and relies solely on an OTR 
that describes an experimental domain, defines the types of n-ary relation arguments to 
be extracted, and guides the extraction (see Figure 3.2). Its main contribution consists 
in two multicriteria representations: scientific publication representation (SciPuRe) 
associated with n-ary relation argument instances and scientific table representa-
tion (STaRe) associated with n-ary relation instances (see Sections 3.2.1 and 3.2.3), 
providing rich features actionable in both phases of our pipeline (see Figure 3.2).

Figure 3.2. General workflow of scientific data extraction and querying.

32. https://gitlab.softwareheritage.org/eskode/ARTEXT4LOD

https://gitlab.softwareheritage.org/eskode/ARTEXT4LOD
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During Phase I, we use a domain naRyQ OTR to guide the extraction of n-ary rela-
tion argument instances. The OTR defines n-ary relations in a given domain and their 
component arguments, while also including a terminological component to detect 
terms relating to argument instances in documents. It carries out the augmentation 
of the OTR vocabulary coverage and identifies argument instances along with their 
representation features, and then measures the relevance of argument instances to 
filter out false positives (see details in Section 3.2.1).
In Phase  II, the aim is to reconstitute instances of n-ary relations (see details in 
Section  3.2.2). Argument instances making up relation instances are found in the 
text and tables of each document. The reconstitution of n-ary relations instances is 
achieved with the partial relations found in document tables (Hignette et al., 2009), 
completed by a selection of text argument instances using a multicriteria approach. 
Indeed, whether an argument instance belongs to a relation instance is not explicit 
in the texts. Additionally, while some argument instances only belong to one rela-
tion instance (e.g., the permeability value), other argument instances may belong to 
different relation instances (e.g., the temperature of the chamber is used in an oxygen, 
carbon dioxide, and dihydrogen monoxide permeability relation).

3.2.1 Extraction and representation of text argument instances
During Phase  I, argument instances in the text are extracted. First, coverage of the 
OTR vocabulary is increased and then a representation, called scientific publication 
representation (SciPuRe) is built by aggregating ontological, structural, and lexical 
features. This representation is used to filter relevant argument instances, and later 
during Phase  II to reconstruct relations. The Phase  I process is detailed below and 
illustrated in Figure 3.3.

SciPuRe: scientific publication representation
During Phase  I, we build a representation, called scientific publication representa-
tion (SciPuRe) (Lentschat et al., 2020), of extracted argument instances. It describes 
their characteristics and context of appearance. SciPuRe integrates a set of onto
logical, lexical, and structural features, following important criteria for representing 
information (Boyce et al., 2007): discriminating differences, identifying similari-
ties, describing elements accurately, and minimizing ambiguity. Representations of 
extracted data in information extraction sometimes focus on the specific needs of 
the study (e.g., representation of quantitative data as in Hao et al., 2017) and exploit 
mainly lexical features (Wood et al., 2021; Zaenen et al., 2010) or an external resource 
(e.g., a knowledge base as in Franco-Salvador et al., 2014). Our representation offers 
a high degree of descriptive richness for argument instances. As such, the argument 
instances can be described according to several criteria, while remaining domain 
agnostic and adapted to different data formats, both symbolic and quantitative. This 
approach is situated in the smart data paradigm (Duong et al., 2017; Zeng, 2017).
SciPuRe contains three categories of features, or information common to all argument 
instances:

	– Ontological features:
•	Target indicates the generic type of the argument (i.e., the highest concept in the 
ontology hierarchy that is part of an n-ary relation signature, such as “packaging” 
or “temperature”).
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•	Node specifies the subconcept that the instance represents (i.e., the specific OTR 
concept associated with the label used for instance recognition or disambiguation).

	– Lexical features:
•	Original_Value contains the text corresponding to the extracted argument 
instance.
•	Attached_Value corresponds to the term(s) associated with the instance and 
used in the disambiguation step.

	– Structural features:
•	Sentence contains the text of the argument instance sentence.
•	Window provides a larger context with the previous and next sentences.
•	Segment takes into account the structure of a scientific article (i.e., sections and 
subsections).
•	Document provides the article’s references (e.g., title or DOI).

SciPuRe is illustrated in Examples 3.3a and 3.3b.

Example 3.3a. SciPuRe representation of the packaging argument instance in the n-ary relation 
of Figure 3.1, from Lentschat et al. (2020).

Ontological Target Packaging

Node Ethylene_Vinyl_Alcohol

Lexical Original Value “ethylene vinyl alcohol films”

Attached Value “ethylene vinyl alcohol films”

Structural Sentence “The permeability of ethylene vinyl alcohol films 
(EVOH) ... at 25±1°C.”

Window [...,
“The permeability of … at 25±1°C.”,
“The film had a thickness … kPa.”]

Segment Introduction

Document 10.xxxx/xxxxxx-xxx-xxxx-x

Example 3.3b. SciPuRe representation of the oxygen permeability argument instance in the 
n-ary relation of Figure 3.1, from Lentschat et al. (2020).

Ontological Target Oxygen_Permeability

Node Oxygen_Permeability

Lexical Original Value “4.34±1.03 cm3 µm-2 d-1 kPa”

Attached Value “permeability to oxygen”

Structural Sentence “The film had a … permeability to oxygen  
of 4.34±1.03 cm3 µm-2 d-1 kPa.”

Window [“The permeability of … at 25±1 °C.”,
“The film had a … permeability to oxygen  
of 4.34±1.03 cm3 µm-2 d-1 kPa.”,
“This measurement … RH of 85.0%.”]

Segment Introduction

Document 10.xxxx/xxxxxx-xxx-xxxx-x
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Extraction of argument instances
Phase I uses an OTR to extract the argument instances of the n-ary relations of interest 
in the text of the documents. Scientific texts are first preprocessed using pretrained 
language models and their associated libraries. This common operation brings out 
text features such as sentence boundary detection, tokenization (i.e., identifying word 
or subwords), part-of-speech tagging (e.g., verb, noun, determiners), or syntactical 
analysis. Some of the best-known language models used for these operations are BERT 
(Devlin et al., 2018) from Google, Stanza (Qi et al., 2020) from Stanford University, or 
the models distributed by the company spaCy.33 These models are typically trained 
on large corpora of generic or specialized texts (e.g., OntoNotes Release 5.034 or 
CoNLL-2003 [Tjong Kim Sang and De Meulder, 2003]).
We have broken down the extraction of argument instances (shown in Figure 3.3) into 
four steps:

	– The Variation Extraction step first increases the coverage of the OTR used by 
searching for terminological variations of OTR labels, acronyms, and new units 
of measurement. This identifies as many terms as possible to be used as instances 
of  symbolic arguments or to disambiguate instances of quantitative arguments. 
The tool FASTR (Bourigault and Jacquemin, 1999) is used to extract terminological 
variations. It relies on linguistic rules and can handle multiword terms. Acronyms are 
recognized using regular expressions and aligned with OTR labels based on the Dice 
score (Dice, 1945). New units of measurement are added to the OTR using an existing 
method (Berrahou et al., 2015). In Example 3.1, the retrieved terminological variations 
and new units of measurement are: 

•	“permeability to oxygen” is a variation of the OTR label “oxygen permeability”
•	“RH” is an acronym of the OTR label “relative humidity”
•	“cm3 µm m-2 d-1 kPa” is a new unit of measurement linked to the existing unit 
of measurement in the OTR “cm3.m-2.s-1.bar.µm”

	– The Text Processing step uses the SciSpacy language model. It covers:
•	tokenization that identifies the lowest-level units at which the program is 
functioning
•	sentence splitting, information used to inform SciPuRe features
•	section identification, based on the document structure (i.e., using the HTML 
tags) and grouped into categories (e.g., “Conclusion and Discussion” is in the 
same category as “Conclusion and Future Work”) in SciPuRe

	– The Entity Extraction and Disambiguation steps build on the extended OTR 
terminological component to identify document terms related to instances of symbolic 
and quantitative arguments.
Example of entity identification in Example 3.1:

The permeability of ethylene vinyl alcohol (EVOH) films was measured with the 
ASTM D95-96 method at 25±1°C. The film had a thickness of 15 µm and showed 
optimal barrier properties with a permeability to oxygen of 4.34±1.03 cm3 µm-
2 d-1 kPa. This measurement was obtained at a constant RH of 85.0%.
Key: symbolic concept label quantity concept label unit of measurement numerical value

33. https://spacy.io/
34. https://catalog.ldc.upenn.edu/LDC2013T19

https://spacy.io/
https://catalog.ldc.upenn.edu/LDC2013T19
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Associations between numerical values and units of measurement (e.g., “µm” is the 
unit of measurement for “15” in the text above) are retrieved by analyzing the syntactic 
dependencies using the Stanza language model ParTUT,35 since it performed better 
than SciSpacy on this specific task. The same process is used to associate each ambig-
uous unit of measurement (e.g., % is ambiguous since, as opposed to °C, which always 
represents a temperature, % does not carry its quantity concept) with a term describing 
a quantity and to determine its respective quantitative concept (e.g., if “RH” is syntac-
tically associated with “85.0%” through the preposition “of,” then the argument is 
Relative_Humidity).
The steps constituting Phase  I rely on direct recognition techniques guided by the 
structure and terminological component of an OTR and pretrained language models. 
This process has been designed to be generic so it can be used in different domains for 
the extraction of experimental data, guided by an OTR from that domain.

3.2.2 Filtering relevant argument instances
Following the extraction of argument instances and the construction of their SciPuRe 
representations, we propose indicators to measure the relevance of the extracted 
instances. This step is crucial, as not all previously identified argument instances are 
relevant for the n-ary relations. For instance, in our application domain, only the pack-
aging types under experimentation in the article are relevant, as they form part of 
instances of n-ary relations of interest, whereas the packaging types cited for compar-
ison are not. Similarly, there is a large number of temperature values in a document, 
and the ones used as control parameters in the gas permeability measurement should 
not be confused with those involved in packaging preparation or food sample conser-
vation. The relevance of information is usually defined by how well it satisfies a user’s 
information need (Cooper, 1971).
We decided to address this question by using SciPuRe features to compute rele-
vance scores for each of the instances extracted in Phase  I. The aim was to assign 
higher relevance scores to instances that will be involved in the final n-ary relations. 
The hypothesis was that ordering argument instances according to our scores should 
allow us to filter relevant instances from irrelevant ones. We experimented with 
lexical, semantic, and combined relevance scores.

Lexical relevance score
To differentiate between relevant argument instances, lexical relevance scores based 
on term occurrences are proposed. A classical score used in information systems is 
the term frequency – inverse document frequency (TF-IDF) score. TF is based on 
the assumption that the most frequent terms in a document are the most important, 
while IDF assumes that terms that appear only in certain documents are more specific 
(Salton and McGill, 1986). Inverse categorical frequency (ICF) is a generalization of 
IDF to any text category (Wang and Zhang, 2010), not only documents. Our approach 
uses ICF on sections, based on the assumption that some sections will contain rele-
vant argument instances and others will be more prone to false positives (e.g., control 
parameters are more often present in the Materials and Methods sections and false 
positives are common in the Discussion or Future Work sections). SciPuRe features 

35. https://github.com/UniversalDependencies/UD_English-ParTUT 

https://github.com/UniversalDependencies/UD_English-ParTUT
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enable the use of different textual forms (e.g., Original or Attached Value) and contexts 
(e.g., Document, Segment). This facilitates adaptation to argument specificities, like 
differences between symbolic and quantitative arguments. Results are discussed in 
Section 3.3.3 and detailed in a previous publication (Lentschat et al., 2022b).
In Equation 3.1, TF favors the most frequent argument instances in a document. 
It measures the relative frequency of a term t in a document d:

Equation 3.1. Term frequency.

In Equation 3.2, IDF and ICF represent how specific a certain term t is to a category 
of text compared to the whole corpus |D|. In ICF, document d is changed to another 
structure (i.e., all Introduction sections are considered one document, Methods are 
another document, and so on).

Equation 3.2. Inverse document frequency.

SciPuRe offers different levels of representation attached to each argument instance. 
The term t can be the specific manifestation of the argument (i.e., the Attached Value 
feature), or all instances of arguments sharing the same specific concept in the OTR 
(i.e., the Target feature), which allows for considering terminological variations of the 
same information. The document d (i.e., Document feature) can typically be replaced 
by the sections (i.e., the Segment feature) under the assumption that different parts of 
a publication do not contain the same information.
Considering the differences between symbolic and quantitative arguments, we 
experimented with different scores to measure their relevance. Details are found in 
Section 3.3.3.

Semantic relevance score
Since the n-ary relation argument instances extracted from scientific documents are 
intended to be used by experts and advanced decision support systems, their rele-
vance score must also reflect their informative power. This informative power can be 
considered through the specificity (Harispe, 2014) of the concept.
For instance, “PE films coated with chitosan” and “multilayer film” are two ways of 
referring to packaging. However, the second is obviously less specific than the first. 
In the OTR, Polyethylene_Film is a subconcept of Multilayer_Film, which itself is a 
subconcept of Packaging. The notion of semantic relevance is therefore based on the 
subsumption relation of the concepts in the OTR structure.
SciPuRe informs the specific OTR concepts associated with the instance (i.e., the 
Node feature) and its top concept (i.e., the Target feature). The distance, taken as the 
number of edges in the OTR graph between the concepts corresponding to Node 
and Target, is calculated using the OTR concept hierarchy. This hierarchy expresses 
the instance specificity (Hararay et al., 1965) that we model in Equation 3.3 as the 
conceptual distance (CD) score.
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The CD score measures the relative distance between the Node n and the Target a of 
the argument instance compared to the maximum distance existing in all subsump-
tion relations starting from the Target a (i.e., an OTR subtree with a as its root). 
This  relevance score is expected to be especially discriminative for instances of 
symbolic arguments, as they are described with levels of specialization in the OTR 
(i.e., subsumption relations in quantitative concepts are very rare).

Equation 3.3. Conceptual distance.

Combined scores
The relevance scores presented above can be used alone or combined. Linear and 
sequential combinations of scores are used to combine the properties associated with 
each type of relevance score (note that they must first be normalized on a [0,1] scale 
to avoid side effects). Combining relevance scores thus makes it possible to combine 
different sorts of SciPuRe features.

Linear combination
The linear combination (Equation 3.4) adds up different scores s1, s2, …, si by assigning 
a weight w1, w2, …, wi to each. The sum of all weights is equal to 1. We experimented 
with various weight proportions, which allowed us to combine scores while controlling 
the impact of each on the final ranking.

Linear(s1, s2,…,si) = {s1.w1 + s2.w2 + … + si.wi | ∑ w1, w2,…, wi = 1}
Equation 3.4. Linear combination.

Sequential combination
The aim of sequential combination is to use different relevance scores in succession. 
After an initial score has been used to rank all argument instances, a threshold is 
applied to form a subset of the top argument instances. The subset is then re-ranked 
using a new score. This method can be applied again using a third score and so on. 
The expectation behind this approach is that certain argument sets would be more 
sensitive to different scores, and using them in a sequence means that false posi-
tives can be progressively filtered out according to different criteria. Naturally, the 
chosen order in which scores are applied is important and must be informed by expert 
knowledge, as does the choice of threshold at each step (e.g., arguments with a large 
proportion of false positives such as Temperature can benefit from a high threshold 
while lower ones are recommended for rarer arguments such as Method).
For example, the CD score can be used on Packaging instances to first eliminate the 
least specific instances that carry no informative power (e.g., instances of film cate-
gories or the term “packaging”). Then, a lexical score such as TF will select the most 
frequently extracted instances from the remaining set.
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3.2.3 Reconstitution of n-ary relations
The purpose of Phase II is to reconstitute n-ary relations instances. It uses the partial 
relation instances extracted from the document tables and combines them with argu-
ment instances found during Phase I, filtered according to relevance. This phase relies on 
the features of SciPuRe and STaRe, a representation of partial n-ary relations that factors 
some argument instance features of SciPuRe. The process, described in Figure 3.4, starts 
by selecting potential candidates for each missing argument instance in a partial relation. 
Candidates are then ranked according to methods relying on SciPuRe and STaRe features. 
An expert can then select the right argument instance fit to complete the relation.

STaRe
Tables in scientific articles contain structured information that can be extracted in 
the form of partial n-ary relations. This structure can be used to retrieve n-ary rela-
tions, or rather partial relations, as not all the information sought is present in the 
tables. Using a table and the OTR as inputs, it is possible to automate the annota-
tion of table data (Hignette et al., 2009) and the retrieval of partial n-ary relations. 
The automatic method used in our approach was compared with the results of manual 
annotation on a corpus of 31 tables (Lentschat et al., 2021c, 2022c) and produced 
comparable results as with the state of the art on such tables (i.e., overall F1 score of 
0.70). The automatic method used extends an existing one (Hignette et al., 2009) with 
additional preprocessing (e.g., to handle columns split in two).
Our aim is to supplement partial n-ary relations with argument instances from the 
text. The relation instances extracted from the tables present different characteris-
tics. These are grouped together in a relation representation called scientific table 
representation (STaRe). It groups together features describing the argument instances 
that are part of the n-ary relation and includes ontological and lexical features of the 
argument instances. STaRe also includes ontological and structural features specific to 
the partial n-ary relation instance. STaRe thus factorizes the structural features of the 
argument instances, while indicating the context of the partial relation’s appearance 
and its formalization in the ontology.
STaRe describes relations through two types of features:

	– Ontological features
•	Relation indicates the relation concept in the naRyQ OTR
•	Result_Argument designates the result argument (i.e., the argument character-
izing the relation) of the relation in the OTR
•	Arguments list the rest of the argument constituting the relation
•	STaRe factorizes SciPuRe features in Result_Argument and Arguments through 
ontological features (i.e., Target and Node) and lexical features (i.e., Original_
Value, which takes the value of the cell content, and Attached_Value, which 
corresponds to the text of the column header)

	– Structural features
•	Table: the table title
•	Caption: the table caption
•	Segment: the section in which the table appeared
•	Document: the DOI of the scientific article

Structural features inform the context of the table and place it in the document.
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A table and a STaRe representation obtained from it are illustrated in Examples 3.4 and 
3.5. Since STaRe represents information from the table content, it does not contain 
the temperature or relative humidity values appearing in the caption. These argument 
instances were extracted during Phase I and will be reintegrated to the partial n-ary 
relation instance in the next step. The caption also mentions “edible films,” which is 
an instance of the packaging argument, but not a relevant one (too unspecific), and it 
should be filtered out.

Example 3.4. Table 4 from La Fuente Arias et al. (2022).
Thickness, Tensile strength (TS), Elongation at break (E), Elastic Modulus (EM), Water Vapour 
Permeability (WVP), Water Vapour Transmission Rate (WVTR),  Oxygen Permeability (OP) and 
Oxygen Permeability Transmission Rate (OPTR) for monolayer and bilayer films with PLA.
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Monolayers:

Non-modified 
Starch

185 
± 20 a

6.0 
± 1.0 e

20.0 
± 3.0 a

147 
± 30 c

6.00 
± 1.00 a

1453 
± 166 a

0.092 
± 0.003 c

4 
± 1.0 c

DH Starch 200 
± 20 a

6.4 
± 0.4 e

23.0 
± 4.0 a

193 
± 30 c

0.30 
± 0.01 b

48 
± 1.0 b

0.086 
± 0.007 c

4 
± 0.1 c

PHBV_0 140 
± 1 b

32.0 
± 3.0 b

2.0 
± 0.2 b

2013 
± 130 a

0.04 
± 0.01 b

11 
± 2.0 b

0.160 
± 0.001 c

11 
± 0.5 c

PHBV_10 133 
± 2 b

21.0 
± 1.0 c

2.0 
± 0.2 b

1412 
± 120 b

0.23 
± 0.01 b

71 
± 4.0 b

1.800 
± 0.500 b

115 
± 30 b

PHBV_20 123 
± 7 b

16.0 
± 2.0 d

1.5 
± 0.2 b

1306 
± 120 b

0.21 
± 0.05 b

59 
± 16 b

4.400 
± 0.600 a

306 
± 54 a

PLA 133 
± 2 b

37.0 
± 1.0 a

3.0 
± 0.6 b

2133 
± 90 a

1. 
± 0.03 b

39 
± 5.0 b

1.800 
± 0.100 b

121 
± 8.0 b

Bilayers with PLA:

Non-modified 
Starch

323 
± 10 a

17 
± 1 d

5.0 
± 1.0 a

1160 
± 70 e

0.88 
± 0.20 b

99 
± 27 bc

0.229 
± 0.008 c

6.0 
± 0.2 c

DH Starch 301 
± 11 a

19 
± 1 d

5.0 
± 1.0 a

1327 
± 70 d

0.44 
± 0.04 c

46 
± 4.0 c

0.230 
± 0.006 c

7.0 
± 0.1 c

PHBV_0 253 
± 6.0 b

42 
± 2 a

3.0 
± 0.2 b

1852 
± 60 a

0.65 
± 0.20 bc

96 
± 30 bc

0.330 
± 0.050 c

13 
± 2.0 b

PHBV_10 240 
± 4.0 c

36 
± 1 b

3.0 
± 0.2 b

1740 
± 20 b

0.82 
± 0.15 b

126 
± 23 b

0.460 
± 0.040 b

18 
± 2.0 b

PHBV_20 243 
± 6.0 c

31 
± 1 c

2.2 
± 0.2 c

1622 
± 30 c

2.02 
± 0.01 a

347 
± 25 a

0.706 
± 0.002 a

30 
± 2.0 a

Means with different lowercase letters in the same column are significantly different (p<0.05)
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Example 3.5. STaRe representation of the oxygen permeability partial n-ary relation instance 
present in the third line of the Example 3.4 table.

Ontological Relation

Result Argument Target Oxygen_Permeability

Node Oxygen_Permeability

Original_Value “0.160±0.001”
“1012 (cm3/m.s.Pa)”

Attached Value “OP”

Arguments Target Packaging

Node PHBV

Original_Value “PHBV_O”

Attached Value “PHBV_O”

…

Target Thickness

Node Thickness

Original_Value “140±1”
“µm”

Attached Value “Thickness”

Structural Table Table 4

Caption “Thickness, Tensile strength (TS), Elongation at break (E),  
Elastic Modulus (EM), Water Vapour Permeability (WVP), 
Water Vapour Transmission Rate (WVTR), Oxygen 
Permeability (OP) and Oxygen Permeability Transmission 
Rate (OPTR) for monolayer and bilayer films with PLA.”

Segment “Results”

Document https://doi.org/10.21203/rs.3.rs-2070061/v1 

Reconstitution of n-ary relations
Using STaRe, SciPuRe, and the OTR, Phase II proceeds in three steps (see Figure 3.4). 
First, argument instances that might complement the missing arguments in the 
relation are selected, and duplicates are then merged. Finally, representation features 
are exploited to determine the best candidates. These steps are repeated until the 
relation instance is complete or no more valid candidates of argument instances 
can be found.

	– Candidate selection: for a given missing argument in a partial relation, all 
possible candidates are selected thanks to the Argument, Target, and Document 
features of STaRe.

	– Duplicate merging: in a given set of candidates, some argument instances may 
be duplicates of one another (i.e., the same information is repeated in different places 
in a document). Duplicates of a symbolic argument are determined using the Node 
feature (i.e., same specific OTR concept). Quantitative argument duplicates are deter-
mined using the Original_Value feature (i.e., same numerical value).

	– Candidate ranking: two endogenous (i.e., dependent on internal resources) 
methods and a hybrid endogenous and exogenous (i.e., dependent on an external 

http://m.s.Pa
https://doi.org/10.21203/rs.3.rs-2070061/v1
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resources) method can be used to choose the best candidates. All methods aim to 
measure the association between a given textual argument instance and the argument 
instances of a partial relation.

•	The Structural method is based on the specificities that exist in scientific article 
structures (Cohen et al., 2010; Hofmann et al., 2009; Kando, 1997; Shah et al., 
2003). The first way to proceed is to search for the closest possible context around 
the table that contains at least one candidate (i.e., caption, then subsection, then 
section, then document). Candidates present at the same level are discriminated 
using a token distance. A variation uses a guide relying on expert knowledge of 
associations between argument types and document sections (e.g., the Method 
argument should be looked for in the Materials and Methods section, then in 
Experiments, then in the Introduction).
•	The Frequentist method is based on measuring co-occurrences (Cafarella et al., 
2005; Ru et al., 2018; Sun, 2009; Yates et al., 2007) between a candidate and the 
argument manifestations of a partial relation (i.e., the textual instances of the table 
instances). These co-occurrences can be measured using association scores such 
as Jaccard (1901), Dice (1945), or pointwise mutual information (PMI) (Church 
and Hanks, 1990) and in different context sizes (e.g., section, subsection, sentence).
•	The Word Embeddings method relies on the ability of pretrained language 
models to reflect similarity between two tokens (e.g., using the cosine value 
between their two vectors). This similarity can be used to measure the associa-
tion between a candidate and the partial relation arguments. Since our argument 
instances Original_Value and Attached_Value include more than one word, we 
can consider the highest value or average them.

Our experiments and evaluations of different scores and their variations can be found 
in Section 3.3.4.

3.2.4 The atweb software tool
A web application was designed to apply the above method. It was created in Python 
using the Flask library36 and can be used to assist the manual extraction of n-ary 
relations of gas permeabilities in scientific publications. This tool accepts scientific 
publications obtained from ScienceDirect.com in HTML format. It can be used as 
an assistant in the work of an annotator wanting to create data to be added to atweb. 
Once a paper has been uploaded, the tool offers different functionalities.
First, it performs the automatic annotation of argument instances in the full text. Uploading 
an article (Figure  3.5) automatically triggers the recognition of argument instances 
from the text. The instances are represented in the SciPuRe format and their respec-
tive relevance scores are immediately calculated. Uploading an article will also trigger 
the recognition of tables and automatic annotation of partial n-ary relations in tables. 
This will result in the creation of STaRe representations for the partial n-ary relations.
The annotator can then verify and manually correct the recognized argument and rela-
tion instances (Figure 3.6). The tool starts with the document tables and can modify the 
annotation of columns and cells. Columns indicate their related generic concept (e.g., 
Packaging, Temperature), along with the unit of measurement for quantity arguments.  

36. https://flask.palletsprojects.com/en/stable/

http://ScienceDirect.com
https://flask.palletsprojects.com/en/stable/
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Cells contain the relation argument instances and can be selected to correct the value 
of a quantity argument or the specific concept of a symbolic argument. Once the tables 
have been validated, the partial n-ary relations can be retrieved and sent to the next step.
Argument instances can then be manually selected to complement partial n-ary rela-
tions (Figure 3.7). The user can fill in any argument instances that are missing in the 
partial relations, either manually or by selecting a suggested candidate argument. When 
clicking on a missing argument instance, the tool will automatically suggest the best 
candidates found in the text based on different methods. The annotator can then select 
a candidate argument instance, modify it if necessary, and add it to one or all relations.
Once an n-ary relation instance has been validated, it can be downloaded in a SPARQL 
format to be added to atweb. The home page also offers a way to download a .csv file37 
containing all relation instances that have been previously validated.

	�3.3 Outcomes
Our pipeline to extract n-ary relations contains several steps, with the results of one 
influencing the next. Independent evaluations were conducted on Gold Standards of 
textual argument instances (Lentschat et al., 2021a, 2021b), partial relations in tables 
(Lentschat et al., 2021c, 2022c), and reconstituted n-ary relations (Lentschat, 2021). 
A full evaluation of the two-phase extraction of n-ary relations pipeline was also 
performed (Lentschat et al., 2022a). In this approach, we consider different levels of 
expert involvement to select valid n-ary relation instances.

3.3.1 Extraction of partial relations from tables
In our use case, the automatic table annotation process was evaluated (Lentschat 
et al., 2022c) on a corpus of 334 n-ary relations from 31 tables found in 10 scientific 
articles (Lentschat et al., 2021c). The code used to preprocess the tables and automat-
ically annotate them is available along the data.38 The automatic annotation method is 
based on existing work (Hignette et al., 2009) and extended with preprocessing to deal 
with columns and rows split into multiple ones, propagate information present in the 
header that should be in cells (e.g., typically units of measurement), and “rotate” the 
table if the first column functions as the header.
This method then assigns tags to the columns and cells. This first step concerns the 
recognition of symbolic and quantitative concepts found in the header as well as relation 
concepts. Relation instances present in rows are then recognized, and argument instances 
are attributed to cells using the information previously recognized in the header.
The tags assigned during the automatic annotation were compared to tags from a 
manual annotation in terms of recall, precision, and F-score. The results are consistent 
and comparable with the original study (Buche et al., 2013a; Hignette et al., 2009). 
The  recall scores of all tags are high (i.e., their average is 0.77). The precision on 
symbolic concepts tags is low (i.e., 0.38) due to the large number of columns containing 
a term relating to a symbolic concept that does not describe the content of the column. 

37. https://gitlab.softwareheritage.org/eskode/webapp_ARTEXT4LOD/-/raw/master/demo_webapp_
TEXT4LOD.mp4?ref_type=heads
38. https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi:10.18167/DVN1/GCZBC9&version=3.0

https://gitlab.softwareheritage.org/eskode/webapp_ARTEXT4LOD/-/raw/master/demo_webapp_TEXT4LOD.mp4?ref_type=heads
https://gitlab.softwareheritage.org/eskode/webapp_ARTEXT4LOD/-/raw/master/demo_webapp_TEXT4LOD.mp4?ref_type=heads
https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi
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These false positives present a small risk of error propagation, as these columns rarely 
contain instances of arguments. Errors in the annotation of quantitative concept tags 
(i.e., p = 0.62) mainly stem from the recognition of units of measurement. The annotation 
of relation instance tags is satisfactory, especially as it relies mainly on the identification 
of the previous tags (i.e., p = 0.67). Similarly, the annotation of relation instances and 
argument instance tags relies on the correct annotation of the previous tags, so their 
results are similar (i.e., p = 0.69 and 0.66).

3.3.2 Argument instance extraction evaluation
To evaluate the extraction process, we used a Gold Standard39 of 1,772 argument 
instances (Lentschat et al., 2021a, 2021b). This Gold Standard comprised 50 open 
access articles obtained in HTML format from the ScienceDirect website. It was anno-
tated by three annotators on a WebAnno server (Eckart de Castilho et al., 2016) and 
they obtained a Gwet’s Kappa (Gwet, 2014) value of 0.62.
We evaluated the performance of our argument instance extraction approach and the 
effects of the preprocessing put in place using recall, precision, and F-score values. 
Results are displayed in Table 3.1; detailed evaluations for each argument type can be 
found in previous publications (Lentschat et al., 2020, 2022b).

Table 3.1 Overall results of argument instance extraction

Approach Recall Precision F-score No. extracted

Baseline 0.74 0.38 0.50 14,603

+Terminological variations 0.80 0.37 0.51 18,749

+Acronyms 0.79 0.36 0.49 15,664

GLOBAL 0.85 0.41 0.55 20,669

Table  3.1 shows that recognizing terminological variations and acronyms increases 
the coverage of OTR and positively affects the argument instance extraction (i.e., recall 
rises from 0.74 to 0.85). Using both also slightly increases precision, which under-
lines the importance of combining both processes and shows that the terminological 
variations and acronyms added to the resource are relevant to the task.
The precision scores highlight the need to filter out false positives. Nonrelevant argu-
ment instances are extracted for different reasons depending on their types. Most false 
positives of symbolic arguments come from terms present in the OTR vocabulary that 
are not specific enough to be considered valuable instances (e.g., the term “packaging” 
is very frequent but is not a valid instance of the Packaging argument). Quantitative 
arguments are subjected to interfering information (e.g., temperature values present in 
the texts but unrelated to permeability relations), which also creates a major source of 
false positives.
Overall, the extraction of argument instances shows a satisfactory recall score, proving 
that most of the information sought is extracted, but an underwhelming precision score 
prompts the need to select only information of interest. In the next subsection, we will 
present different relevance scores and evaluate their ability to filter out false positives.

39. https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi:10.18167/DVN1/U7HK8J

https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi
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3.3.3 Relevance score evaluation
To evaluate the designed relevance scores, we used the Precision@N (Craswell, 2009) 
measure (also called Precision@K [Manning et al., 2008]). This score allows us to eval-
uate, for a given relevance score, the precision value for a set of the top-N ranked 
argument instances. This enables us to manually determine thresholds to filter out 
false positive argument instances according to their relevance score. Examples of 
Precision@N are shown in Figure 3.8.
An analysis of Figure 3.8. provides several insights. First, it appears that the semantic 
relevance score (CD) effectively ranks symbolic argument instances and that no 
true positives can be found after a certain point (i.e., the monotonic drop seen in 
Figure 3.8a). Concerning lexical relevance scores in Figure 3.8b, a term frequency (TF) 
score relying on the SciPuRe lexical and Document features also allows false positives 
to be sorted out from symbolic argument instances.
Our detailed experiments (Lentschat et al., 2020, 2022b) showed that the two scores 
used in Figure 3.8 are best suited for symbolic arguments and can be combined for 
enhanced results (Figure  3.9). Quantitative argument instances are best served by 
an ICF score, using the SciPuRe features of Attached_Value (i.e., denoting the quan-
tity concept) and Segment (i.e., the type of section it appears in). This highlights the 
importance of taking document structures into account to describe expert knowledge 
from scientific publications.
Combining relevance scores (e.g., Figure  3.9) leverages the many SciPuRe features. 
Our experiments showed that linear combination produced no real gains, but that 
sequential combination offered good applicability to symbolic arguments. Ranking 
instances using the CD semantic score made it possible to prioritize specific informa-
tion and sort out the most frequent false positives (e.g., the term “packaging”) before 
applying a lexical relevance score that could be influenced by term frequency.

3.3.4 Relation reconstitution evaluation
Our relation reconstitution approach was evaluated using a Gold Standard of n-ary rela-
tions representing gas permeabilities and composition relations.40 This Gold Standard 
is based on partial n-ary relations manually annotated in tables (see Section 3.3.2) and 
was then manually completed with the argument instances previously annotated in 
texts (see Section 3.3.3).
The results of our n-ary relation reconstitution approach were evaluated using 
precision, recall, and F-score values measured based on the number of argument 
instances effectively missing from the partial relation (i.e., some relations were 
incomplete since all information was not systematically present in the document). 
The methods for selecting candidate argument instances, presented in Section 3.2.3, 
were designed to be used jointly with expert input. A set of n-best candidates (1, 3, 5, 
or 10) was thus used and evaluated. We also applied filtering using relevance scores 
computed at the end of Phase I.
The detailed results and analysis of our evaluation can be found in a previous publica-
tion (Lentschat et al., 2022a). Our main conclusions are that filtering a large number 

40. https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi:10.18167/DVN1/1BBJBQ

https://dataverse.cirad.fr/dataset.xhtml?persistentId=doi


115

Methods for Ontology-Guided Extraction of Experimental Data in Scientific Articles

Figure  3.8. Precision@N evaluation of term frequency (TF) and CD scores on extracted 
Packaging argument instances.
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of argument instances at the end of Phase I carries the risk of discarding true positives 
and losing information. The proportion of instances filtered out can be adapted to the 
argument types (e.g., Packaging instances present more false positives than Method 
instances) using expert knowledge of the domain, but overall, a filtration of 20% 
produced the best results. The three methods used – Structural, Frequentist, and Word 
Embeddings – should be chosen depending on the desired level of human involvement.
Table 3.2 shows the F-score values for the best configuration found. The Structural 
method was the best at resisting noise due to the selection of a higher number of 
candidates, thanks to the manual guiding via the Argument-Sections. As such, this 

Figure  3.9. Sequential combination of CD and term frequency (TF) scores on extracted 
Packaging instances.

Table 3.2 Best F-scores obtained (with 20% of instances filtered by relevance). PMI: point-
wise mutual information

Method Criteria
Number of candidates

1 3 5 10

Structural Simple 0.35 0.58 0.58 0.65

Structural Guided 0.45 0.56 0.61 0.74

Frequentist Jaccard 0.48 0.54 0.61 0.66

Frequentist Dice 0.46 0.55 0.60 0.66

Frequentist PMI 0.44 0.53 0.60 0.68

Word Embeddings core_web_trf 0.40 0.59 0.64 0.70

Word Embeddings core_sci_scibert 0.39 0.57 0.65 0.70
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method is best suited to preforming relations that are later assigned to an expert. In an 
automated process, the Frequentist method would perform best, using a Dice score 
on instance manifestations (i.e., co-occurrences of Attached_Value SciPuRe features 
at a Document level). The results of the Word Embeddings method fall somewhere 
in between the two, requiring some human work to select the right candidates. It is 
no surprise that language models using a transformer architecture provide the most 
insights on which candidate to select (although one might argue that measuring 
semantic similarity between, for example, a Packaging and a Temperature argument 
is a stretch, and that the use of language models in our use case is another way of 
measuring co-occurrences).

	�3.4 Conclusion and resources
New solutions are needed to support the retrieval of scientific knowledge from 
publications. They would have several highly useful applications: help navigate 
the ever-increasing number of publications, assist the conception and writing of 
meta-analyses on a specific research question, and provide knowledge to expert 
decision systems. Articles that are publicly available on online platforms (e.g., Science-
Direct) contain information that needs to be extracted and processed (i.e., described, 
structured, or represented) in such a way as to be actionable by downstream software.
In this chapter, we presented a way to semi-automatically feed a knowledge base with 
information extracted from a corpus of scientific articles. To this end, we used an onto-
logical and terminological resource (OTR), created as a specialization of an naRyQ 
task ontology presented in Chapter  2 (TRANSMAT). Our application domain was 
food packaging characteristics, specifically gas permeabilities, and the TRANSMAT 
OTR guided the extraction and representation process. This resource formalizes 
knowledge as n-ary relations and is structured around two main parts:

	– A task ontology representing the concept of the n-ary relation itself, the argu-
ments that compose those relations, and concepts common to experimental domains 
(e.g., units of measurement, quantitative or symbolic arguments).

	– A domain ontology that describes each domain-specific concept. For example, 
TRANSMAT describes an Oxygen_Permeability_Relation as the Oxygen_Permea-
bility measurement of a Packaging, using a Method and under specific experimental 
conditions (e.g., Temperature, Thickness). Each domain concept comes with sub-(sub-)
concepts and a vocabulary that contains alternative writing that is useful in identifying 
its instances in a text.
The main approach presented in this chapter is guided by the OTR. It is thought of as 
a generic way to extract n-ary relations from texts, with only the domain part of the 
OTR needing to be changed.
The information to extract from the scientific articles is given in the full-text parts of 
the documents as well as in the tables. We designed a two-phase method, a classical 
approach in the literature on n-ary relations (Berrahou et al., 2017; Zhou et al., 2014):

	– Phase  I entails extracting the relations argument instances found in the text. 
Guided by the domain OTR structure and vocabulary, the process involves first 
searching for new units of measurement, terminological variations, and acronyms to 
expand the vocabulary. This is done to not miss relevant information that would be 
required later. Argument instances are then extracted along with a representation, 
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SciPuRe, containing ontological, lexical, and structural features. Since most instances 
of arguments extracted are not related to gas permeabilities (i.e., the knowledge we 
are interested in), their relevance is evaluated at the end of Phase  I. SciPuRe rich 
features allowed us to design relevance scores adapted to different argument natures 
(e.g., symbolic or quantitative) and able to filter out many of the false positives.

	– Phase II is designed to reconstitute n-ary relation instances by completing partial 
relations found in an article table with argument instances extracted during Phase I. 
We employed an existing method (Hignette et al., 2009) to extract information from 
the tables as n-ary relations. These relations are partial (i.e., missing some argument 
instances), and represented in STaRe. The process to rebuild n-ary relations relies 
on STaRe and SciPuRe features, using them to find the missing argument instances 
among those filtered in Phase I and then to rank candidates.
Our experiments showed that SciPuRe and STaRe features are essential to reconstitute 
n-ary relations. First, the many argument instances extracted during Phase I contain 
a significant proportion of false positives (e.g., results not related to the n-ary rela-
tion of interest or too unspecific to be relevant). An efficient ranking of argument 
instances depends mainly on their nature. Scores measuring the association between 
argument appearance in the text and the document structure (i.e., lexical and struc-
tural features) are better suited to quantitative arguments. Symbolic arguments must 
be ranked in two steps: unspecific instances must first be discarded using ontological 
features, and then the most frequent instances identified using lexical and structural 
features. We observed that an overall filtration of 20% of the least relevant argument 
instances had a mostly positive impact, filtering out a large part of false positives 
without discarding many true positives. This level of filtering can be adapted to the 
argument type. For instance, the set of Packaging instances found in the text contained 
a larger number of false positives (i.e., since the word “packaging” is recognized but is 
not relevant as an argument instance) than the Method instances. Likewise, a variety 
of Temperature instances were recognized, but most of them did not relate to perme-
ability measurements while Thickness values were nearly always related to packaging.
The two-phase method presented in this chapter can have different outputs depending 
on the desired level of reliance on experts. The experiment conducted on Phase  II 
showed that different approaches to reconstituting n-ary relations yielded different 
results and suggested different strategies. One strategy was to have a fully automated 
process by using the frequent associations between argument occurrences. However, 
our results showed that this does not yet produce satisfactory results and could not be 
used by downstream processes. We recommend keeping humans in the loop. Relying 
on humans to feed information into a knowledge base is costly in terms of both time 
and money because the task must be performed by domain experts. Our method can 
make their work faster and easier. The tool presented in Section  3.3.5 will present 
potential n-ary relations to an expert that they can then validate. They also can correct 
the relation, browse candidate argument instances, or fill the information manually.
Designing tools to facilitate the management of scientific knowledge is an important 
undertaking today, and it concerns both researchers in the public sector and private 
professionals. We are convinced that keeping humans in the loop is an essential aspect 
of handling expert knowledge. This ensures that mistakes can be corrected, missing 
information can be completed, and the process remains responsible and reflective.
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Recent developments in AI and NLP have seen the rise of large language models. Based 
on a transformer architecture, these models are trained on ever-larger text corpora to 
follow textual instructions (Ouyang et al., 2022). These models are then tailored to 
be used in a specific context, such as providing information in a chat and answering 
questions, or being used as an agent to perform specific tasks.
Although an LLM’s performance in a specialized domain depends in part on its 
training data (niche domains remain a challenge), current research shows that LLMs 
could be used at different stages:

	– Ontology construction: LLMs can extract the main concepts and draft the taxo
nomy of a specific domain. This could assist experts in building domain ontologies 
(Kommineni et al., 2024) upstream of the extraction process.

	– Argument instance extraction: Named Entity Recognition (NER) approaches 
using LLMs (Wang et al., 2023) can be leveraged to extract argument instances. Using 
models trained to follow instructions and a prompting approach based on few-shot 
examples is essential to obtain decent results.

	– Argument instance filtering: one could consider providing description features 
(e.g., SciPuRe) to an instruction model to measure the relevance of extracted argument 
instances. However, to our knowledge there has been no research on a comparable 
task and this would require further investigation and experiments.

	– N-ary relation reconstruction: relation extraction relying on LLMs has largely 
been studied in the bioclinical field. The main challenge at this time remains the 
specificities of other specialized fields.

	– Expert system and question answering: downstream of the knowledge base 
instantiation, an LLM can replace the software interface of an expert system. Using 
approaches such as retrieval-augmented generation (Gao et al., 2024), the model can 
search the knowledge base to answer the user query with accurate information.
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Chapter 4

Reasoning About Process: 
Experimental Data and Technological Expert 

Know-how for Decision Support

Mélanie Münch, Cédric Baudrit, Julien Cufi, Julien Couteaux, Christophe Fernandez, 
Luc Menut, Alrick Oudot, Patrice Buche

	�4.1 Introduction
Agrifood chain processes rely on a wealth of knowledge, expertise, and experience accu-
mulated over time. Companies that specialize in food product processing draw on their 
know-how to adjust their practices in response to raw material variations, consumer 
expectations, and regulatory changes. Gaining knowledge through hands-on experience 
is a common practice in this industry, enabling workers to develop significant expertise. 
This knowledge is typically passed down through on-the-job training and learning by 
doing. However, recent economic and health crises, along with internal challenges such 
as higher employee turnover and recruitment difficulties in certain sectors, have made it 
increasingly difficult to preserve and transmit this valuable know-how.
In the food and biobased products industry, a production process encompasses the 
steps through which raw materials (inputs) are transformed into one or more final 
products (outputs). Analyzing these processes is particularly challenging due to 
their heterogeneity (involving different variables and scales) and the time-dependent 
flow of information. Providing relevant conclusions and recommendations requires 
developing adequate modeling tools that can integrate, to the fullest extent possible, 
available knowledge that is heterogeneous in nature and quality. Such modeling tools 
must be able to manage heterogeneous sources of knowledge (experimental data and 
expert opinions), multiple manipulated scales, and different forms of uncertainty.
The shift to Industry 4.0 in food and biobased products application domains makes 
numerous numerical models available. For example, in the field of food packaging 
design, modified atmosphere packaging (MAP) has proven to be an efficient way 
to delay senescence and spoilage. To facilitate MAP design, mathematical models, 
known as virtual MAPs, have been developed by researchers working in this field to 
design passive (Mahajan et al., 2007; Sousa-Gallagher and Mahajan, 2013) or active 
MAP (Cagnon et al., 2013; Charles et al., 2003, 2005) for fresh and fresh-cut fruits 
and vegetables. Such numerical tools simplify the design steps by predicting relevant 
optimal recommendations. For instance, prediction of gas permeability values permits 
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the MAP to reach the recommended atmosphere for the target product and there-
fore to extend shelf life while maintaining the quality and safety of the packaged food 
(Munch et al., 2023b). However, all the aforementioned tools only considered some 
requirements, but numerous other requirements may come into play and affect the 
final decision. These requirements may be related to processing, marketing, commer-
cial, or distribution concerns (e.g., cost, processability of inputs, industrial feasibility, 
environmental impact, safety, waste management, etc.). Aside from the constraints 
of some requirements (e.g., food shelf life and quality, correlated to the material’s gas 
permeation rates), packaging also relies on user preferences, naturally expressed as 
wishes (e.g., transparent material would be preferred) or constraints (e.g., cost of raw 
material must be less than €3/kg). To help food-chain stakeholders choose a rele-
vant solution compared to others (e.g., a packaging material that would meet all the 
requirements of a given fresh fruit or vegetable), multicriteria decision support tools 
based on numerical models and collection of possible solutions stored in a database 
need to be developed. Such tools must take into account that the collection of possible 
solutions may be incomplete in the sense that some of the characteristics associated 
with solutions and corresponding to requirements may be unknown.
The research questions addressed in this chapter are:

	– Q1. How can technological recommendations to solve a production defect 
or reach a given quality be determined using collective know-how expressed as 
qualitative knowledge?

	– Q2. How can the absence of a deterministic model be managed from a reverse-
engineering optimization perspective?

	– Q3. How can we extract information from an incomplete data source containing 
candidate solutions using multicriteria queries while taking into account constraints 
and wishes for decision-making purposes?

State of the art and positioning, including presentation of available 
scientific papers describing our proposal
The research questions are guided by the notion of expert knowledge and its diver-
sity. The questions deal with three different levels of knowledge: qualitative only 
(Q1), quantitative but without models (Q2), and quantitative with models (Q3). 
Readers interested by the comparison of the state of the art in terms of expert knowl-
edge representation are invited to go to Chapter 2 for complementary information 
about ontology-based knowledge representation models to solve this research 
question. In the following, the comparison is focused on the topic of this chapter: 
reasoning about process.
To address the first research question Q1, significant progress has been made in 
knowledge integration and multicriteria analysis methods and tools in the field of food 
science and technology. However, these advances remain fragmented and incomplete 
(Aceves Lara et al., 2018; Thomopoulos et al., 2019). Various methods have been devel-
oped to collect scientific and technological knowledge and data for different purposes, 
but they have generally been limited to elementary processing operations, failing to 
encompass entire processing chains.
For instance, Kansou et al. (2014) proposed a qualitative model for a unitary mixing 
operation, using an expert system to predict wheat flour dough quality. Baudrit et al. 
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(2015) modeled preharvest grape berry maturity – a crucial factor for the wine industry 
– by combining expert knowledge, data, and probabilistic graphical approaches. 
Belna  et al. (2022) optimized microfiltration unit operations to balance conflicting 
stakeholder objectives, such as maximizing product quality while minimizing costs and 
environmental impacts. Similarly, Baudrit et al. (2022) compiled data from scientific 
articles to model the entire milk microfiltration process, incorporating multiple unit 
operations such as skimming, heat treatment, and storage in addition to the micro-
filtration step. Those data are available in Buche et al. (2021b). However, the method 
described in Baudrit et al. (2022) is limited to training a predictive model of the milk 
microfiltration unit operation under large-scale operating conditions, considering 
different membrane types.
In the context of a circular economy, Belaud et al. (2022) developed a decision support 
system to rank alternative lignocellulosic waste conversion processes, leveraging 
knowledge engineering tools to compile experimental data and assess potential envi-
ronmental impacts. Munch et al. (2021, 2022c) combined ontologies and probabilistic 
models and linked open data to identify agricultural waste suitable for biocomposite 
production in food packaging through reverse engineering. In both cases, ontological 
models facilitated an analysis of the entire processing chain’s impact on either the 
final product’s quality or key process indicators. However, these approaches require 
extensive numerical experimental data to yield reliable results.
Given their high data requirements, these methods are unsuitable for achieving the 
objectives outlined in this research question, as they fail to represent the full spectrum 
of collective knowledge across an entire food chain.
To address the second research question Q2, machine learning approaches are used 
to make up for the lack of predictive models based on expert knowledge. Due to the 
vast variety of models, this chapter will not provide an exhaustive list of machine 
learning algorithms and their principles. Readers curious about this topic could refer 
to Freire et al. (2025), which presents an overview of the different applications in dairy 
processes.
In this section, machine learning models will be considered as generic models f(X) = y, 
where f is a trained algorithm, X a selection of feature variables, and y a predicted 
variable. During a training phase, the machine learning algorithm’s parameters are 
tuned so that the obtained model can predict an output y with a confidence for a 
new given set of input data X. Data-driven models can make up for the lack of expert 
or mechanistic models by relying on statistical analysis to draw underlying relations 
between the variables within a raw data selection (quantitative, qualitative, or mixed) 
(Mavani et al., 2022).
For example, machine learning models have proven useful for modeling CO2 solubility 
in modified atmosphere packaging (Munch et al., 2023b). While no general model 
existed, a model trained on a dataset of 362 food products was able to mimic the 
CO2 solubility of a food product based on its composition and temperature; this new 
global model was then validated using expert knowledge in the form of partial models. 
Similarly, Perrignon et al. (2025) presented a way of modeling the industrial perfor-
mance of a cheesemaking industry based on machine learning modeling, a dataset of 
3,500 cheese processes, and expert knowledge for validation. It should be noted that 
the first example relied solely on the existing features present in the input X (the raw 
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values of food product composition and temperature), whereas the second model 
relied on feature engineering with pretreated parameters (the milk composition and 
process description were normalized).
Indeed, while a firsthand model theoretically relies solely on raw data, the main pitfall of 
data-driven models is their dependence on statistical observations. In particular, they 
cannot distinguish by themselves correlation from causation. On this topic, Spirtes 
et al. (2001) detailed a set of criteria describing data quality that can affect the overall 
model quality, such as missing data, selection bias, measurement error, or determin-
istic cases. More recent approaches have addressed other issues that might impair the 
data-driven modeling task, such as the presence of outliers, high dimensionality, nois-
iness, or imbalanced classes (in the specific case of classification tasks) (Corrales et al., 
2018a, 2018b, 2020). This data reliability assessment is necessary before the training 
phase, as poor quality can lead to incorrect outcomes such as overlearning, which 
lends too much weight to nonrepresentative data points.
To complement the raw data, expert knowledge from the modeled domain can also 
be included. Indeed, combining data with expert knowledge can provide a new 
understanding of patterns in a dataset by guiding the possible pretreatments or even 
introducing new engineered feature variables (see Section  4.3.2 for an example of 
introducing new features).
As such, the need for expert knowledge to validate both the dataset and the machine 
learning models is paramount to (i) mitigate their effects and produce reliable results 
according to expert know-how and (ii) improve models by identifying knowledge 
gaps. To avoid the tendency of “black box” models (Vilone and Longo, 2021) and aid 
this task of combining learned models with expert knowledge, Munch et al. (2022c) 
proposed an approach based on a type of machine learning model, graphical probabil-
istic models, and an expert knowledge-driven structure using ontologies. The resulting 
causal model is then used in a reverse-engineering context to provide recommenda-
tions on biomass options for use in biocomposite processing. While these kinds of 
approaches help compensate for the lack of deterministic models, they still need to be 
paired with expert preference criteria to guide a decision-making process.
To address the third research question Q3, we will consider preexisting models and 
expert knowledge in the form of preference criteria. In this context, experts query 
existing databases containing candidate solutions using their preferences and results 
that are partially determined by simulation models.
The previous application presented the training of a model to simulate the process of 
different biocomposite materials (Munch et al., 2022a). When given a collection of 
candidate biomass solutions stored in a database and a set of expert preference criteria 
on the final material, this model was able to generate recommendations. This approach 
did not, however, allow the handling of (i) uncertainty in the database and (ii) user 
criteria expressing either constraints or wishes.
Uncertainty can have many causes. Destercke et al. (2011) introduced cases where 
values are tainted by biological variability or tolerance threshold indicated by users. 
Information can also be incomplete (missing values), preventing reasoning on the 
whole domain. As such, uncertainty adds complexity to the reasoning and thus to the 
generation of recommendations.
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On the other hand, constraints and wishes are both possible expert preference criteria 
that help shape recommendation generation. They are bipolar expressions of negative 
and positive parts of the desired result (Dubois et al., 2013; Dubois and Prade, 2009). 
Sometimes these parts are of the same nature and can be combined into a single one 
(e.g., “x must be greater than 5” and “x must be less than 10” can be combined into “x 
must be between 5 and 10”). On other occasions, however, these parts may be different 
and therefore cannot be processed as a single piece of information (“the cost must 
not be too great” and “the quality should be the best”). To this end, asymmetric bipo-
larity has been coined (Cacioppo et al., 1997) to characterize cases where expectations 
can be both positive and negative. In the case of database queries, it can distinguish 
between constraints (negative preferences) that must be satisfied and wishes (positive 
preferences) that should be respected. These make it possible to propose a solution 
ranking that best satisfies the expert.
To combine both database uncertainty and flexible preference criteria, much research 
has proposed the use of fuzzy sets, which have proven useful in handling flexible 
queries using their gradual scale (Bosc et al., 1994). In particular, Bosc and Pivert 
(1995) proposed an extension of the SQL language called SQLf to introduce fuzzy 
predicates processed on crisp information. Finally, other approaches have also been 
proposed to introduce preferences into queries in the database community (Bruno 
et al., 2002; Chomicki, 2003; Kießling and Köstler, 2002). However, these do not 
consider query bipolarity, whereas others do (De Tre et al., 2010; Dubois and Prade, 
2009). In this chapter, two types of preferences will be covered, constraints and wishes. 
The querying mechanism considers that candidate solutions stored in the database 
may be incomplete. In case of an empty set of answers, a guaranteed set of results is 
proposed that has been determined as the closest solutions compared to requirements 
expressed by the user.
Figure 4.1 presents the structure of the following sections, with all research questions 
and their associated sections and prerequisites.

Figure 4.1. Structure of the chapter. Each step answers a research question and presupposes 
a different level of information: the first (2.1) requires only expert knowledge; the second (2.2) 
requires expert knowledge and data; the third (2.3) requires expert knowledge, data and models.
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	�4.2 Proposed solutions

4.2.1 Integrating qualitative expert knowledge for tree-based 
decision support systems
Cheese industries benefit from geographical indications and designations of origin, 
which supports their product differentiation strategy based on the promotion of local 
products linked to their terroir and experienced know-how in both production and 
processing. Internal changes within these types of quality schemes, particularly in 
terms of operator renewal and training, significantly undermine the preservation and 
transmission of this know-how. The development of “digital” methods enabling the 
use of knowledge bases opens up new perspectives in terms of promoting collective 
experience within a sector.
Based on qualitative expert knowledge, a unique method for capitalizing and 
supporting the recommendation of technological actions was developed. The meth-
odology enables the collection of formal and informal knowledge from production 
line operators and experts on the relevant process, as well as the collective validation 
of this knowledge. The proposed software encodes this knowledge in a knowledge 
representation language based on a generic ontology, also using concept maps, process 
diagrams, hypermedia sheets, web pages, and downloadable documents for effective 
structuring and dissemination. All this information is then used to provide a semi-
automated recommendation support tool.
The DOCaMEx platform, which was created to support the development of software 
to capitalize on and mobilize cheesemaking expertise and experience in sectors that 
promote their local terroir, consists of two interoperable web applications: CAPEX 
(short for the capitalization of experience; Buche et al., 2019, 2023) and the Knowledge 
Book (Baudrit et al., 2025), as represented in Figure 4.2.

	– CAPEX is a semantic web-based reasoning engine whose goal is to suggest levers 
to correct a defect or achieve quality in a product in a food chain.

	– The Knowledge Book is a semantic web-based hypertext platform designed for 
stakeholders to organize, share, and capitalize on knowledge.
Technical interoperability between the two applications is ensured through the 
use of standard HTTPS communication protocols and unified authentication and 
authorization mechanisms via a central authentication service server. Semantic 
interoperability is ensured through the use of a common vocabulary between 
the two applications, allowing CAPEX-suggested levers to be linked to the Know
ledge Book resource that explains them. The whole process involves three data 
processing steps:

	– Data structuring
	– CAPEX explanatory view
	– CAPEX action view

The data structuring step (already presented in Chapter 2, Section 2.2.2) allows 
users to build decision trees that represent technical reasoning. To build these trees, 
the method consists in interviewing technicians and experts about elements of 
reasoning able to explain standard appearance or product quality criteria obtention. 
Data structuring, which embeds explanatory mechanisms, also represents possible 
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cause-and-effect relationships between descriptors (defects and qualities) and inter-
vention levers. These levers can be corrective, to correct a defect; compensatory, to 
reduce the impact of a defect; or recommended, to achieve or maintain a quality.
Technical reasoning is represented by possible causal relationships that exist between 
product defects and/or characteristics and technological actions, based on explanatory 
mechanisms. The tool makes it possible to determine, using a multicriteria approach, 
the recommendations for technological actions that are best suited to a given situ-
ation, based on technological efficiency indicators derived from the collection and 
formalization of expert knowledge.
The decision support system consists of two complementary access modes to the 
knowledge base content, i.e., the explanatory view and the action view. Both views can 
be used independently or together, depending on the application.
The explanatory view displays the decision tree associated with a given situation of 
interest, including all possible explanatory situations, associated analytical parameter 
values, and technical actions to correct/achieve the situation of interest. Using the 
explanatory view, a systematic review of all possible explanatory situations is performed.
As shown in Figure 4.3, the descriptor “Excessive Salting” (characterized by the rate of 
NaCL in red) is linked to a tree of explanations and situations of interest.

Figure 4.2. General workflow for the DOCaMEx platform. Cogs represent the data processing 
steps. Expert knowledge is collected and structured into two interoperable web applications, 
the CAPEX graph database and the Knowledge Book. The first provides decision trees that help 
users navigate through the information and action recommendations; the second describes the 
suggested levers based on the user’s navigation and querying.
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Figure 4.3. CAPEX screenshot: explanatory tree for the descriptor “Excessive Salting”.

Each item in the tree can be linked to a resource in the Knowledge Book, such as a 
causal map or a fact sheet, so that users can access scientific information via a hyperlink.
The action view displays the list of all actions/recommendations associated with a 
given descriptor. Figure  4.4. shows an example. It allows multicriteria filtering, 
ranking of actions, and identification of side effects. Solving a contextualized problem 
is done using the action view through the multicriteria filtering mode, sometimes 
complemented by the explanatory view.

Figure  4.4. CAPEX screenshot: example of very effective actions filtered using the action 
view related to a given descriptor – in this case, the “Excessive Salting”. Clicking on the action 
“Reduce brining time” identifies a list of possible side effects (shown in the upper part of the 
window) that may occur if the “Brine duration” lever is used.
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Multicriteria filtering allows users to quickly and easily select actions that meet their 
specific needs. It is intended for users who want to filter actions according to different 
contexts, i.e., a set of criteria that are of interest to them. The filtering process involves 
selecting one or more filters – such as cost, health risk, or technological efficiency – 
and applying them to a list of actions. The filtered list can then be sorted and paginated 
for easier navigation.
One of the main objectives of multicriteria filtering is to minimize the time spent 
searching for specific actions. This feature allows users to quickly filter out irrelevant 
actions, thereby increasing productivity and efficiency.
Filters are dynamically generated based on the data in the current decision tree. 
This means that the available filters change depending on the context in which the 
user is working. In addition to filtering by individual criteria, users can combine 
multiple filters using logical operators. This makes it easy to perform complex 
filtering scenarios.
The filtered list can be displayed in several ways, including a grid view or a tree view. 
The grid view displays all filtered actions in a table format, while the tree view displays 
them in a hierarchical structure. The hierarchical structure displays the recommended 
action in a contextual decision tree.
The tool also provides information on the potential impact of a recommended techno-
logical action on other defects and qualities, and can be used for training.

4.2.2 Machine learning approaches for process modeling 
using databases structured by ontologies
Thanks to their adaptivity, machine learning approaches are well suited to process 
modeling. In this chapter, we consider a given transformation process where data has 
been acquired (for instance, manually from experimentation or automatically through 
sensors) and used to train machine learning algorithms. The trained model can then 
be used for prediction and generating new knowledge for a better understanding of 
complex processes that are hard to model. For instance, Perrignon et al. (2025) used a 
dataset collected on-site at an industrial cheese plant to train a model for predicting 
cheese dry matter, giving control parameters that cheesemakers can influence to 
optimize their output.
In this section, we present the process of training machine learning models guided by 
qualitative expert knowledge. This approach is structured around three main steps, 
illustrated in Figure 4.5:

	– Knowledge structuring and reliability assessment
	– Deductive and abductive reasoning
	– Capitalization of the models

The interest of this approach is that while these three actions are all tied to the training 
of machine learning models, they are also independent and can be updated at any 
moment during the process.
Knowledge structuring consists in gathering all potentially relevant data, be it from 
external sources (open-access databases, scientific articles, etc.) or internal (exper-
imental results, etc.), and pooling them under a common structure based on a 
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controlled vocabulary. In that section, the TransformON (Weber et al., 2023) ontology 
is used: readers who want to read more about possible structural models (including 
TransformON) are invited to go to Chapter 2.
The TransformON ontology adapts well in this case: given the same goal (the transfor-
mation process), it allows the user to browse the different repetitions under different 
conditions (the itineraries). Since machine learning relies on repeated measurements 
to identify statistical relations, this particular structuring provides a good overview of 
the possible existing variables, their combinations, and whether their quantity is high 
enough or not.
This last part falls under data reliability assessment: estimating reliability is crucial for 
scientists who want to reuse data to draw new conclusions. Research question Q2.4 
discusses this topic in Chapter 2 and proposes a method for assessing data reliability 
based on meta-information. Multiple criteria are used, each contributing a different 
perspective on the data’s reliability. In a broader sense, this step can also be controlled 
manually by expert knowledge to check if the domain is well described, if the values 
are representative, or if there are not too many missing values or variables. Particular 
attention must be paid to spurious correlations: the experimentation plan must be 
equilibrated, and all variables must be controlled to prevent the model from learning 
the wrong statistical relations.
Once the data has been structured and validated, models can be taught by training 
them on machine learning algorithms, i.e., fine-tuning their parameters to best 
represent the data and allow prediction tasks.
This task can be automated using the established knowledge structuring. SPARQL 
queries, for instance, can be used to interrogate an ontology and automatically generate 
a training dataset. This makes it easy to adapt to any database update: in the context of 
the transformation process, where data is typically produced continuously, this allows 
machine learning models to be kept up-to-date: every time a new itinerary is added to 
the ontology, the model can be retrained.
Deductive and abductive reasoning consists in addressing specific expert questions.
Experts can present two kinds of questions about the domain: competency questions 
(CQs, which aim to reason about the domain, covered in Chapter 2), and causal know
ledge questions (cKQs, which aim to reason about causal dependencies), illustrated in 
Figure 4.6. Once a model is set, reasoning can be used to answer the cKQs. Given a 
generic machine learning model f, two kinds of cKQs can be distinguished:

	– cKQ1: Given a set of values for X and a trained model f, we predict the most 
likely value y for f(X). Answering cKQ1 requires deductive reasoning. This approach 
was chosen, for instance, in Munch et al. (2023b). In the context of processes, these 
questions can, for example, aim to predict the outcome of specific control parameters.

	– cKQ2: Given an objective value for y and a trained model f, we predict the most 
likely set of values X so that f(X)=y. Answering cKQ2 requires abductive reasoning. 
This is the approach chosen, for instance, in Munch et al. (2022a). In the context of 
processes, these questions are used for reverse-engineering purposes: given a desired 
outcome, users would like to find the required control parameters to achieve it.
The principal difference of the two approaches lies in the diversity of possible answers: 
deductive reasoning has one output y (usually with an associated confidence). Thus, 
deductive reasoning is a forward approach: the model makes a prediction.
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By contrast, abductive reasoning can result in multiple possible combinations for the 
different variables in X. It is a backward approach: since reaching the target y is not 
always possible, it generates a set of solutions that are as close as possible to it: there 
can be one answer, multiple answers, or no answer. To do this, optimization methods 
can help search for the most appropriate set. Depending on the model’s complexity, 
the proposed set of solutions can be incomplete, meaning not representative of all 
the possible X that can lead to the target y. In addition, optimizing becomes a more 
complex problem when multiple models are combined, with potentially conflicting 
targets: if y1 decreases when y2 increases, how do you generate a set of X that maxi-
mizes the values of both y1 and y2? To answer this question, Belna et al. (2022) 
proposed the use of multi-objective optimization to generate novel operating proce-
dures for milk microfiltration that maximize yield while decreasing cost. An overview 
of such methods is provided in Konak et al. (2006).
Abductive reasoning usually generates a pool of potential candidate solutions that 
need to be refined. To do so, a multicriteria decision support system can help select 
the optimal solution(s). Perrignon et al. (2026) proposed, for instance, using the 
TOPSIS method (Hwang and Yoon, 1981) applied to potato chip production. Using 
three different trained machine models for different quality variables of potato chips, 
TOPSIS allows the user to rank solutions by preference criteria selected by experts 
(fat content, moisture content, and lightness).
Capitalization entails analyzing the result of deductive and abductive reasoning. 
Two cases are possible:

	– The cKQs cover what is already described in the domain (e.g., existing partial 
models, datasets). In this case, the expert can validate the model or not and suggest 
ways to improve it (e.g., add new data, weight some points).

	– The cKQs do not cover established knowledge. In this case, their results can be used 
to generate new knowledge. This new information can be used to better understand 
the domain, suggest new experiments to verify the model’s prediction, or better control 
the quality of future data integrated into the knowledge base, among other things.
Both approaches to reasoning are complementary: deductive reasoning can be used to 
verify whether a model is trustworthy, while abductive reasoning allows users to discover 
new information about the domain. Both can also benefit from explainable AI methods.

Figure  4.6. The two kinds of causal knowledge questions covered in this chapter. While 
deductive reasoning produces a single answer (y), abductive often generates multiple answers 
due to X being a set of values (x1, x2, ...). Given the possible combinations, several X might be 
possible to obtain the desired output y.
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With the advent of machine learning approaches, the need to explain predictions has 
given rise to the field of explainable artificial intelligence (XAI). In order to avoid “black 
boxes” whose outcomes are difficult to interpret (Vilone and Longo, 2021), different 
methods have been developed to better understand the decisions made by a trained 
model. An overview of such methods is presented in Ali et al. (2023). Munch et al. 
(2023b) applied the SHapley Additive exPlanation (SHAP) (Lundberg and Lee, 2017), 
an explainable method based on game theory, to answer cKQ1: Given the composition 
of a food product and its storage temperature, what is the CO2 solubility? The method 
is model-independent and calculates the importance of each predictive parameter for 
the prediction value, giving the user insight into the importance of the parameters. 
In the case of CO2 solubility, the method highlighted the influence of temperature on 
the composition’s importance during prediction.

4.2.3 Fuzzy set querying to combine multiple expert 
deterministic models
The solution proposed is this section is based on three different actions, described in 
in Figure 4.7: (i) extraction and transformation of the raw data into a structured data-
base, (ii) simulation based on an existing deterministic model to optimize the database 
research, and (iii) bipolar multicriteria flexible querying.
The first two actions remain very similar to the one described in Section 4.2.2.
Extraction and transformation are part of a data gathering and structuring step used to 
bring all relevant data together under the same vocabulary. This step is crucial to address 
the multiple objects and issue of multiple scales often encountered when dealing with 
transformation processes. In particular, it usually allows for data from different sources 
to be combined for capitalization. Interested readers can refer to Chapter 2 for a full 
description of both tools available for this approach, the TransformON ontology and the 
naRyQ ontology. In this section, this step creates a database that can be automatically 
queried by the solution.
Simulation relies on the availability of one or more deterministic models – that is, 
models capable of producing a same output given specific input parameters. These 
models may take the form of physical equations or data-driven approaches (the training 
of such models is discussed in Section 4.2.2). They form the foundation of the approach 
presented in this section: given access to a deterministic model suitable for simulation, 
how can an expert efficiently search a database of candidate solutions to identify the 
one that best satisfies their wishes and constraints?
The bipolar multicriteria flexible querying approach presented in this section requires 
three inputs: (i) information about potential candidates from a database, (ii) results 
from the deterministic model simulation, and (iii) preferences and constraints from 
the expert. The output is a ranked list of all the possible solutions that should fit the 
expert’s query from the most to the least relevant.
To rank the solutions, the proposed flexible querying system must be able to deal 
with both the expert’s queries and the potential uncertainty in the queried database. 
To  express such imprecision, fuzzy sets are introduced. Defined by Zadeh (Zadeh, 
1965), fuzzy sets express the gradual membership of an element to a set, by general-
izing a crisp set in which membership grades (representing desirability for expert’s 
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contraints or wishes, uncertainty for the information stored in the database) are 
between {0,1}. Figure  4.8 shows three examples of fuzzy sets defining preferences 
(desirability) as optimal values calculated by deterministic models for packaging: two 
constraints, O2 and CO2 permeances, and a wish, the optimal price. The combination 
of the three defines a bipolar query.
More formally, a query Q is defined as Q = (C,W), where C is a set of different 
constraints {C(1), …, C(n)} and W a set of different wishes {W(1), …, W(m)}. Elements 
are organized within sets such that constraints take priority over wishes. This allows 
the fuzzy set theory to be adapted to the expert’s queries.
In the case of the database of solutions, the fuzzy sets are adapted to a semantic for 
imprecise data defined in Dubois and Prade (1997). For example, an unknown value is 
represented with a fuzzy set in which all elements belonging to the set are associated 
with the value 1. This way, both experts’ preferences and the database’s uncertainty 
share a common representation with fuzzy sets, allowing them to be combined using 
two classical measures of possibility theory (Dubois and Prade, 1988):

	– The possibility degree of matching corresponds to the maximum degree to which 
the two fuzzy sets (expert’s preferences and database uncertainty) overlap. It repre-
sents an optimistic evaluation of how well the database’s candidate solution could 
satisfy the expert’s preferences.

	– The necessity degree of matching corresponds to the minimum level to which 
all elements of the database’s fuzzy set are included in the expert’s preference set. 
It reflects a pessimistic evaluation of how strongly we can be certain that the database’s 
candidate solution conforms to the expert’s preferences.
The higher both degrees are, the more confident we can be in the match quality. Based 
on these two measures, a ranking of the different solutions is provided: the top-ranked 
ones best satisfy the expert’s preferences under uncertainty, while the lower-
ranked ones still meet the constraints but with less confidence in the match.
The ranking based on both degrees allows for the handling of missing data: when infor-
mation about a candidate solution is missing, the system assumes by default that the 
candidate could potentially satisfy all the expert’s requirements – resulting in a possi-
bility degree of 1. However, due to the lack of evidence, the system also cannot confirm 
this match, leading to a necessity degree of 0. In other words, this candidate solution 
verifies an open-world assumption: the absence of information is not evidence of failure.
Finally, in the case where every single candidate has a degree of matching of 0 for at 
least one constraint, the system warns the user and switches to candidates that are the 
closest, according to some distance, to satisfy the constraints.

	�4.3 Outcomes

4.3.1 Integrating qualitative expert knowledge for tree-based 
decision support systems
Two protocols were implemented to evaluate the efficiency of the proposed solution: 
one for CAPEX, and one for the Knowledge Book.
The general CAPEX evaluation was assessed in Buche et al. (2023). In a technolog-
ical reasoning task, when faced with a specific situation of interest (whether aiming 
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for a desired quality or addressing a defect), a technician must be able to consider 
all possible explanatory scenarios and the associated analytical parameters to verify 
whether this situation will occur. Additionally, the technician should know the recom-
mended technological action to take. The protocol described by Buche et al. (2023) was 
designed to evaluate how the use of a multicriteria decision support system (MCDSS) 
influences performance in this reasoning task.
Fifteen participants, from three different cheesemaking production chains, took part 
in the test. Without the MCDSS, participants correctly identified 39% of the techno-
logical actions; with its use, this figure rose to 66.5%, representing a 27% improvement.
Only two chains (10 participants) completed the analytical value tests, as the first chain 
concerned generic knowledge typically taught in technical schools and not linked to 
specific analytical values. Since analytical values depend heavily on the particular 
cheesemaking process, it was not possible to assess this generic knowledge in that 
part of the test.
In the analytical value test, the 10 participants achieved 18.33% correct answers 
without the MCDSS, and 76.25% with it – a 60% improvement.
Both tests demonstrated a clear benefit – substantial in the first case, and very signif-
icant in the second – from using the MCDSS in supporting technological reasoning.
The electronic Knowledge Book (eK-Book) was assessed through its knowledge 
transfer capacity evaluation. Transfer is usually considered as the sum of transmission 
and absorption, i.e., its effectiveness is tied to both the support’s ability to transmit the 
information and the user’s ability to integrate the new notions.
To evaluate the knowledge transfer capacity of the cheesemaking eK-Book, three 
measures were computed in the form of a single-selection multiple-choice form:

	– Cognitive load, which rates the mental effort users had to make to understand 
the concepts;

	– Disorientation, which measures the ability to navigate and find the information 
needed;

	– Understanding, which rates the gain in knowledge before and after navigating the 
eK-Book.
Lower cognitive load and disorientation indicate easier transfer, while higher compre-
hension indicates more effective transfer.
Cognitive load and disorientation are measured through a self-rating technique based 
on a seven-point mental effort rating scale (Paas et al., 2003), ranging from 1 (very 
low) to 7 (very high). Meanwhile, understanding is evaluated through the comparison 
between two tests, one taken before navigating the eK-Book (pretest), and another 
taken after (post-test).
The overall evaluation session is divided into different parts (Baudrit et al., 2024). 
Participants are first asked to complete an information sheet about their level of exper-
tise, and then perform an initial test about the subject (pretest). Then, two scenarios 
are tested:

	– Free navigation: Participants can freely navigate the eK-Book for 20 minutes.
	– Scripted navigation: Participants must navigate the eK-Book to find requested 

information in order to illustrate the usability and efficiency of the eK-Book.
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After each scenario participants perform a cognitive load and disorientation test. 
They must also pass a second test (post-test) after the scripted navigation.
Figure  4.9 presents the results obtained for the three tests for the 15 participants: 
correct answers before and after navigation (a), average disorientation and cognitive 
load (b), average difficulty of scenario-based navigation experienced before and after 
navigating the eK-Book (c). Participants came from diverse backgrounds (including 
operators, students, trainers, etc.) across three sectors (dairy school and two PDO 
cheese sectors).
Figure  4.9a shows, on average, a significant gain in knowledge: participants from 
all backgrounds show an increase in post-test scores compared to pretest scores, 
reflecting enhanced knowledge levels. Overall, the average score for knowledge acqui-
sition increased from 11.1 out of 20 before using the eK-Book to 13.9 out of 20 after 
using the eK-Book, an improvement of 2.8 points. This indicates effective knowledge 
identification, understanding, and acquisition while navigating through the eK-Book.
Figure 4.9b shows that participants suffered minimal cognitive load and disorienta-
tion, with mean values of 2.2 and 1.95, respectively, corresponding to low to slightly 
low levels.
Similarly, Figure 4.9c shows a low level of difficulty in accessing requested information 
in the scripted scenario.
While these tests demonstrate the tool’s effectiveness in supporting technological 
reasoning and its capacity for knowledge transfer, the deployment of DOCaMEx was 
shown to increase the skills of those involved in collecting and formalizing knowledge 
and know-how. All, regardless of their level of expertise, have reported an improvement 
in their skills in their field. Moreover, this task force of experts from different cheese 
production chains consolidated a large set of generic decision trees. This robust know
ledge may be specialized and adapted to particular cheese product chains. As  such, 
this knowledge engineering approach contributes to an overall enhancement of the 
knowledge representation in cheese production chains.
Another interesting aspect to note is the platform’s use in educational settings. Today, 
the platform is used by national dairy schools in France and technical centers for initial 
and continuing training. Educational scenarios offering marked paths within the tool 
allow for its application by all types of operators.
Finally, in the case of DOCaMEx, the cheese industry adopted research-based tools as 
business tools that are now integrated into current practices.

4.3.2 Reverse engineering for biocomposite packaging design
The work presented in this section is extracted from Munch et al. (2022c). It shows a 
way of combining expert knowledge (in the form of ontologies) and machine learning 
(as probabilistic models) for the design of biobased product conversion processes. 
A second iteration of this work has been carried out on an expanded version of the 
database in Munch et al. (2022a).
In this context, lignocellulosic fillers (LFs) obtained through dry fractionation of unre-
covered organic residues (agricultural, urban, forestry, and from agrifood industries) are 
mixed at a certain ratio with PHBV biopolymer matrices to constitute biocomposites. 
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The addition of LFs reduces the overall cost and environmental impact of PHBV-based 
composite materials (David et al., 2021), while modulating their functional properties 
(David et al., 2020). However, the introduction of lignocellulosic fibers has a negative 
impact over the biocomposite’s brittleness and processability (Berthet et al., 2015): the 
higher the filler content, the more impacted they are. Therefore, the objective of this 
approach is to optimize the biocomposite’s final functional properties while deter-
mining the most suitable LF and maximizing its quantity.

Following the approach described in Section 4.2.2, this application is carried out in 
four steps.

Knowledge structuring was performed using the TransformON ontology to structure 
datasets obtained in three different research projects (Munch et al., 2022b), presenting 
70 original formulations with different LFs. Expert knowledge was mobilized to identify 
the key parameters to characterize (i) the LFs and (ii) the functional properties of the 
biocomposite. Particular attention was paid to the causality of  the relations between 
the parameters: while there was no known model to express the relationship between the 
LFs and their filler content with the functional properties, experts knew which parame-
ters could have an impact. Figure 4.10 illustrates this approach and the different groups 
of variables involved. After the relevant variables were selected, the resulting dataset 
included 84 itineraries, described by 15 different variables. It  should be noted that 
feature engineering guided by expert knowledge was necessary here: since the 84 itine
raries presented different PHBV bases, the final biocomposites’ characteristics could not 
be compared directly. Instead, they were expressed as a ratio of the characteristics of 
the original matrix. Values below 1 indicate a decrease in the characteristic; the lower 
the value, the more negatively impacted the characteristic is.

Figure  4.10. Categories of variables and their interaction in the model. Compositional 
parameters of the lignocellulosic fillers and filler content are used as model inputs to evaluate 
the deviation of the food packaging composite’s characteristics from those of the matrix. 
Adapted from Munch et al. (2022a).

Once completed, a model could be trained (in this case, a Bayesian network). This 
approach is interesting because of its graphical component, which allows for easy-to-
read results and facilitates the integration of expert knowledge. Bayesian networks are 
defined by two components:

	– A graph structure, which describes the different variables (the nodes) and their 
relations (the edges). This representation is qualitative: it shows which variables have 
an impact over the others. Figure 4.11 shows the model trained in this example.
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	– Probability tables, which describe the interactions existing between the different 
nodes. This representation is quantitative: it indicates the probability of observing 
an event. Table 4.1 shows an example of the probability between two variables, filler 
content and peak temperature.

Figure 4.11. Learned Bayesian network. Variables are represented by rectangles (nodes), and 
relations by the arrows (edges). Expert knowledge constraints are indicated with the dashed 
lines: the six variables at the top can have a causal effect on the eight variables below, but not 
vice versa. Adapted from Munch et al. (2022c).

Table  4.1 Example of a probability conditional table between the two variables filler 
content and peak temperature. Bold probabilities indicate the maximum likelihood: for 
instance, if filler content is within ]2;4], then peak temperature has a probability of 0.82 to 
be within ]0.95;1].

Filler content
Peak temperature

]0.72; 0.95] ]0.95; 1] ]1; 1.16]

]2; 4] 0.09 0.82 0.09

]4; 11] 0.38 0.52 0.1

]11; 21] 0.91 0.09 0

]21; 50] 0.6 0.2 0.2

Reasoning was carried out in two steps. First, simple inductive causal knowledge 
questions were asked to verify the concordance with the state of the art, such as the 
influence of the filler content over the different variables. Table  4.1 shows that, in 
this case, an increase in filler content has a negative impact on peak temperature: the 
higher the filler content, the lower the peak temperature.
Second, inductive reasoning was used to generate possible lignocellulosic composi-
tions that would best preserve the mechanical properties (in particular, stress at break 
and young modulus, since these characteristics only seem to be impacted by compo-
sition). By querying a biomass database, the model evaluated that both pine bark 
and rice husk had high probabilities (0.99 and 0.82, respectively) of preserving their 
mechanical properties.
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4.3.3 Fuzzy set querying to combine multiple expert 
deterministic models
Guillard et al. (2015) describe in this context a decision support system designed to 
recommend modified atmosphere packaging (MAP) for fresh products. The deter-
ministic model used is a virtual MAP module, which simulates the packaged food’s 
shelf life; the expert knowledge is represented by stakeholders’ constraints and wishes 
for the final packaging. This system is also supported by two databases that gather 
information on both (i) potential fresh products and (ii) packaging material.
The main goal of this approach is to be able to deal with the ranking of expert 
queries based on their preferences and the sometimes imprecise values displayed in 
the database.
The interface of the implemented version is divided into three modules: (i) the perme-
ance simulation, (ii) the expert’s indicated preferences, and (iii) the ranked solutions.
Figure 4.12 presents the first module. It is connected to the fresh food database to 
retrieve the characteristics associated with the selected fresh food. In this example, it 
shows the permeances computed for the Bergeron apricot, for a shelf life of 7 days, in 
ambient temperature (18°C), with a food mass of 0.5 kg, a volume of 1 L, and a surface 
of 756 cm2.
Figure 4.13 presents the second module. In this version, the user can only specify their 
preference for the CO2/O2 permeances, the storage temperature, the biodegradability, 
and the transparency of the packaging material. Permeances computed in the first 
module are autopopulated in this section, with a fuzzification on the extreme values 
to enhance the tolerance. The user can change these values later by hand. Wishes can 
also be expressed: in this case, the user wished that the suggested packaging might be 
biodegradable.
Figure  4.14 presents the ranked solutions based on the packaging database. In this 
example, the wish could not be fulfilled, and the highest percentage of known values is 
75% for low-density polyethylene. This module can also display further details stored 
in the database (such as commercial or other packaging, or available references in 
scientific publications).

	�4.4 Conclusion and resources
In this chapter, three research questions have been addressed to reason about the inte-
gration of experimental data and technological expert how-know for decision support 
in process modeling:

	– Q1. How can technological recommendations to solve a production defect or 
reach a given quality be determined using collective know-how expressed as qualita-
tive knowledge?

	– Q2. How can the absence of a deterministic model be managed from a reverse-
engineering optimization perspective?

	– Q3. How can we extract information from an incomplete data source containing 
candidate solutions using multicriteria queries while taking into account constraints 
and wishes for decision-making purposes?
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These three questions assume different levels of available knowledge, from qualita-
tive (expert knowledge) to quantitative (existing models). Combining them makes 
it possible to consider the available data in different ways and to deal with possible 
imprecision and uncertainty.
Three solutions have been proposed to answer these questions and compared to the 
current state of the art. The software workflow implementation for each solution 
has been presented and illustrated. Available open resources (data, software, video, 
courses) have been listed. Main outcomes obtained using those solutions have also 
been presented. All of them have high technology readiness levels as they are all being 
used in production.
Future avenues for this work will be to develop interoperability between these solu-
tions in order to design digital twins. In fact, while AI solutions are experiencing 
unprecedented development today, fueled by the promise of generative AI, this 
chapter has highlighted the major importance of expert knowledge integration in all 
modeling processes. Although most of the current algorithms allow a good grasp of 
the underlying relations between the different variables, Pearl (2009) highlighted the 
necessity of causal reasoning to address complex modeling issues. To propose actions 
or suggest corrections to a process, one must be able to reason at different levels: asso-
ciations (“What is happening?”), interventions (“What will happen if I take action?”), 
and counterfactuals (“What would have happened if I had acted differently?”).
As such, being able to combine experimental data and technological expert know-how 
is crucial for decision support.
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Chapter 5

Methods for Collective Decision Support  
that Consider both Preferences 
and Contradictory Arguments  

from Agrifood Chain Stakeholders

Pierre Bisquert, Rallou Thomopoulos

	�5.1 Introduction
This chapter aims to explore argumentation-based decision support in the context 
of food chains. Specifically, we present the context and describe two complementary 
methods, DAMN and MyChoice, and their associated use cases related to biowaste 
by-product valorization. By focusing on the outcomes of these approaches for their 
respective use cases, we highlight their relevance and utility. Furthermore, the 
two methods are compared to examine their workflows, applications, and results. 
This comparison itself is a valuable result, offering insights into how such methods 
can be adapted to meet diverse decision-making needs in food chains.
New trends and developments in food chains typically require agreement and cooper-
ation among various stakeholders, resulting in a need for collective decision-making 
methods. In this chapter, we explore argumentation-based decision-making, which 
relies on the provision of explanations to support decisions. This approach was 
developed to help decision-makers analyze, compare, and assess the acceptability of 
different alternatives (e.g., technologies, food processes, variants of a product), based 
on explanatory arguments drawn from various sources and stakeholders with respect 
to different criteria and aims.
Supporting decision-making in food chains is critical to fostering sustainable, efficient, 
and ethical practices. These decisions often involve diverse stakeholders with varied 
preferences, priorities, and justifications. Ensuring alignment and adherence among 
stakeholders requires their perspectives to be adequately represented. This representa-
tion is vital for ensuring the legitimacy and acceptance of decisions, which in turn 
enhances their implementation and impact. Argumentation-based approaches provide 
a robust framework for explicitly modeling and reasoning about these justifications, 
thereby improving both the fairness and transparency of the decision-making process.
Two illustrative use cases exemplify the application of argumentation-based decision 
support in food chains: (i) ArgCW-LCA (Sohn et al., 2020), based on the DAMN 
tool, and (ii) emergent biowaste conversion chain analysis (Vivas, 2022), based on 
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the MyChoice tool. In Sohn et al. (2020), DAMN is used to reason about arguments 
relating to how LCA criteria should be weighted, based on the preferences and justifica-
tions of experts. These criteria and weights are then used to support specific decisions 
about valorization routes, emphasizing a content-driven perspective on sustainability 
indicators. Conversely, MyChoice is used to directly evaluate the valorization routes 
themselves based on the metadata of pro/con arguments, such as aims, criteria, and 
authorship. Together, these examples demonstrate how argumentation frameworks 
can operate at different levels, from general criteria-setting to direct decision eval-
uation, showcasing their versatility and adaptability to diverse decision-making 
challenges in food chains.
This leads to the main research question:

	– Q5: How can stakeholder input, both in the form of preferences and justifications, 
be integrated into complex, argumentation-based decision support systems?
This research question can be refined on more specific points:

	– Q5.1: In what ways can justifications impact the evaluation of alternatives in 
collective decision-making in a real-world setting?

	– Q5.2: How can argumentation-based tools shed light on the positioning of 
different stakeholders regarding possible decisions, based on various criteria?
While argumentation theory has produced a wealth of formal models, ranging from 
abstract frameworks such as Dung’s argumentation framework (Dung, 1995) to more 
expressive structured (Besnard and Hunter, 2001) and bipolar (Cayrol and Lagasquie-
Schiex, 2005) extensions, very few of these have been translated into usable software 
tools with the goal of supporting collective decision-making.

Research question Q5.1
To address real-world decision problems involving diverse and possibly conflicting 
stakeholder perspectives, tools must go beyond logical soundness and incorporate 
features such as:

	– User-friendly interfaces that lower the barrier to participation for nonexpert users
	– Multi-agent contribution support, allowing stakeholders with conflicting views 

to enter justifications in parallel
	– Transparent and navigable justification structures, enabling traceability of decisions
	– Semantic flexibility, allowing for different takes on a discussion

Most existing tools, such as ASPIC+ (Modgil and Prakken, 2014), Carneades 
(Gordon et al., 2007), DEFT (Hecham et al., 2017), DeLP (García and Simari, 2004), 
Flora-2 (Yang et al., 2003), AIPA (Delhomme, 2022), AFORI (Taillandier et al., 2023),  
and ArguMed (Saint-Dizier, 2012), were not built with collaborative or collective deci-
sion-making in mind, such as multi-actor and multicriteria analysis. These systems 
typically focus on individual or dialogical reasoning tasks, often hardcoding specific 
reasoning semantics such as ambiguity propagation or strict defeat. Moreover, 
many lack user-friendly interfaces and open-source access, and do not scale well in 
participatory settings.
To bridge this gap, we introduced Statement Graphs (Hecham et al., 2018), a flex-
ible formalism that unifies various defeasible reasoning variants. Statement Graphs 
allow configurable semantics such as ambiguity blocking/propagating and team 
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defeat, enabling tailored reasoning strategies. This flexibility is especially useful in 
collective decision-making contexts, where different participants may rely on different 
reasoning intuitions.
Building on this foundation, DAMN (Bisquert et al., 2025) was developed not only to 
implement Statement Graphs but also to provide an interface that supports collabora-
tion, justification traceability, and semantic configuration.

Research question Q5.2
Addressing this question requires the explicit representation, in the argumentation 
formalism, of the stakeholders expressing each argument, and of the criterion the 
argument relies on. Similar to the idea of “criteria,” some researchers have introduced 
values (Bench-Capon, 2003) or contexts (Bourguet et al., 2013) that extend Dung’s 
abstract framework, or viewpoints (Thomopoulos et al., 2015) in a logical framework. 
However, explicitly representing “stakeholders” is not typically addressed in formal 
argumentation systems. Going beyond the state-of-the-art on this aspect, DAMN 
collects information about arguments associated with different stakeholders, while 
MyChoice goes even further by providing multistakeholder analysis evaluating differ-
ential positionings of stakeholders regarding the alternatives, and their interests in the 
various criteria in their arguments.

	�5.2 Proposed solutions
Argumentation-based decision support systems are designed to manage complexity 
and conflicts in decision-making scenarios by using formal argumentation frame-
works. These frameworks facilitate the resolution of competing priorities and the 
justification of choices.
Different argumentation frameworks offer varying expressive power and structural 
complexity. Classical abstract argumentation (e.g., Dung’s framework) considers 
arguments as atomic entities in a graph of attacks. In contrast, structured argumen-
tation explicitly models the internal logical structure of arguments, using premises 
and inference rules. Bipolar argumentation frameworks go further and introduce both 
attack and support relations between arguments, allowing a richer representation of 
reasoning dynamics. Both DAMN and MyChoice extend beyond classical models – 
DAMN through structured justifications and semantic labeling, and MyChoice by 
attaching metadata (aim, criterion, author, etc.) to arguments.
In some cases, argumentation-based methods feed directly into multicriteria decision 
analysis (MCDA) processes. For instance, research by Delhomme et al. (2022) or on 
ArgCW-LCA (Sohn et al., 2020), which will be presented later, uses argument assess-
ment to derive the importance of criteria, which are then integrated as weighting into 
a TOPSIS ranking procedure (Hwang and Yoon, 1981). This highlights how argumen-
tation can serve as both a deliberative layer and an input-generation mechanism for 
classical decision support models.
The core components of argumentation-based decision support include:

	– Representation of arguments: identifying, collecting, and structuring arguments 
that support or oppose specific decisions

	– Evaluation frameworks: applying systematic criteria to assess the validity and/or 
strength of arguments

Methods for Collective Decision Support that Consider both 
Preferences and Contradictory Arguments…
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	– Decision workflow: guiding users through complex decision pathways by 
presenting clear justifications
These methods are particularly effective in food chains, where decisions must address 
multifaceted challenges encompassing environmental, economic, and social dimen-
sions. By explicitly incorporating preferences and justifications, argumentation-based 
systems ensure inclusive and transparent decision processes.

5.2.1 DAMN

Presentation of DAMN
DAMN (which stands for Defeasible Argumentation for Multi-agent Negotiation) is 
part of a broader methodology for justified collective decision-making that integrates 
argumentation theory with computational social choice. At its core, DAMN uses 
the Statement Graph formalism, where each node (called a statement) represents a 
reasoning step, and directed edges denote argumentative relations (support or attack). 
The semantics governing these graphs allow nodes to be labeled as accepted, rejected, 
or ambiguous based on their interrelations and a rule-superiority structure. This flex-
ible and defeasible logic-based foundation enables conflict-tolerant reasoning across 
diverse stakeholder justifications.
A simple but classic example is the so-called penguin problem (Figure 5.1), in which 
two agents hold conflicting beliefs about whether a penguin can fly. One agent invokes 
a general rule that all birds fly (a rule that may have exceptions), while the other asserts 
that penguins are birds that do not fly. Knowing that Tweety is an instance of penguin, 
two contradictory reasonings can be developed: (i) since Tweety is a penguin, it is a 
bird, thus it flies; (ii) since Tweety is a penguin, it does not fly. By expressing these 

Figure  5.1. The penguin problem represented in DAMN. Dashed arrows represent support 
between statements, e.g., “Tweety is a penguin” supports “If Tweety is a penguin, then it is a bird.”
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arguments in logical terms,41 the system constructs a Statement Graph and computes 
logical interactions between arguments (attack or support):
One of DAMN’s notable strengths lies in its flexible treatment of ambiguity and defeat 
in argumentation reasoning (see more in Hecham et al., 2018):

	– Ambiguity blocking versus ambiguity propagating: In ambiguity blocking seman-
tics, when two arguments are in unresolved conflict (e.g., both are of equal “strength” or 
lacking superiority), ambiguity is contained, meaning ambiguous conclusions cannot 
be used to attack other arguments. In contrast, ambiguity propagating semantics 
allows ambiguous statements to influence further reasoning, spreading uncertainty 
through the graph through “ambiguous attacks.” DAMN supports both modes, letting 
users choose based on the nature of their decision context.

	– Team defeat: DAMN also allows for “team defeat,” where multiple supporting 
arguments can collectively counter a set of attackers. This contrasts with systems 
requiring that each argument individually withstand all attacks. To a certain extent, 
team defeat reflects real-world collaborative defense of conclusions and enhances the 
expressive power of the reasoning process.
Applying a reasoning semantics allows us to compute argument status (accepted, 
rejected, or ambiguous). Depending on rule priorities, the tool concludes which justi-
fications are accepted, rejected, or remain ambiguous, as shown in Figure 5.2. Indeed, 
without additional information, it is impossible to choose between both ambiguous 
conclusions (left graph). Adding the rule priority (penguins not flying is stronger than 
bird flying) allows the tool to provide a decision (right graph).
Figure 5.3 shows the typical four-step workflow that DAMN follows:

	– Argument identification: collect justifications, arguments, and preferences of the 
stakeholders, typically through interviews

	– Argument representation: formally represent collected arguments and prefer-
ences using an ontology relevant to the domain use case

	– Content analysis: apply a reasoning algorithm to assess argument interactions 
(support and attack interactions)

	– Decision modeling: assess argument status (accepted, rejected, or ambiguous) by 
applying defeasible semantics to inform or justify decision outcomes

Figure 5.3. DAMN’s typical workflow, from users’ knowledge to formal representation.

41. While not absolutely necessary to understand the approach, interested readers will find a short primer 
on formal logic in Appendix 1.
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Focus and key strengths: DAMN prioritizes the content and logical structure of 
arguments. It operates by explicitly modeling the relationships between claims and 
their justifications, allowing for detailed and structured evaluation of conflicting 
perspectives. This is especially valuable when decision-making must be grounded 
in substantive reasoning and the coherence of claims, such as in technical or 
sustainability-oriented contexts.

DAMN implementation
The DAMN tool is composed of modular components implemented primarily in Java 
(backend and reasoning module) and JavaScript (interactive web-based visualization). 
The tool is structured around two main modules (Figure 5.4):

	– DAMN42 serves as the user-facing layer, allowing agents to input rules and facts. 
It supports browser-based interaction and visualization of Statement Graphs, making 
it accessible for nonexpert users.

	– ELDR (Existential Logic for Defeasible Reasoning), a module of the Graal43 logic-
based reasoning framework developed by the Boreal team at the French National 
Institute for Research in Digital Science and Technology (INRIA), is the underlying 
reasoning engine. It applies defeasible reasoning semantics to label statements as 
accepted, rejected, or ambiguous, depending on the argumentative structure and rule 
superiority relations.

DAMN also features a REST API that enables external integration, and its modular 
architecture supports semantic parameterization such as toggling between ambiguity 
blocking versus propagating and enabling team defeat. The architecture is designed 
to support collaborative workflows, allowing multiple agents to input preferences 
and justifications in parallel. This makes DAMN especially well-suited for online 
participatory platforms and multistakeholder decision contexts.

DAMN use case: ArgCW-LCA
The growing emphasis on sustainability in both public and private sectors has made 
life cycle assessment (LCA) a widely used tool for evaluating the environmental 
impacts of production and consumption systems. LCA aggregates impacts across 
criteria such as ecosystem damage and human health into either a set of midpoints 
or a single score (endpoint) to support decision-making. However, the process of 
weighting these criteria is inherently subjective and may introduce biases that reduce 
the acceptability of decisions. This can ultimately lead to reduced public trust or 
environmental inequalities.

To address these concerns, the ArgCW-LCA methodology (presented in Sohn 
et al., 2020) was developed as a transparent and inclusive methodology to support 
LCA-based decisions. It enables practitioners to integrate diverse stakeholder 
perspectives in the development of weightings, thereby reducing bias and increasing 
transparency in interpretation. This approach supports more legitimate and well-
supported decisions, particularly valuable in complex sustainability challenges such 
as biowaste valorization.

42. Note that DAMN is both the name of the platform and its visualization module.
43. https://graphik-team.github.io/graal/

https://graphik-team.github.io/graal/


155

Methods for Collective Decision Support that Consider both Preferences and Contradictory Arguments…

Fi
gu

re
 5

.4
. D

A
M

N
 g

en
er

al
 a

rc
hi

te
ct

ur
e.



156

Knowledge Engineering for Decision Support in the Food and Bioproduct Industry

ArgCW-LCA was developed within the context of the European H2020 project No 
Agricultural Waste (NoAW) that was concerned with the lost potential of agricultural 
waste. Indeed, agricultural residues represent a huge pool of untapped biomass (up to 
50% of fresh harvested crops) that may even become an economic and environmental 
burden. Driven by a near zero-waste goal and supported by 32 transdisciplinary 
academic and private partners from Europe and China, NoAW aimed to convert agri-
cultural waste into eco-efficient bioenergy and biobased products. The project adopted 
a holistic life cycle perspective, involving regional and seasonal considerations, and 
promoted the inclusion of all stakeholders in the agricultural chain. In this setting, 
ArgCW-LCA was developed to help assess the sustainability and decision pathways for 
valorizing such waste using structured and inclusive argumentation-based methods.
In order to do so, ArgCW-LCA uses DAMN to represent, and compute interactions 
between, stakeholders’ arguments about the relative importance of LCA criteria. 
For instance, Figure 5.5 presents a small excerpt in which several actors put forward 
arguments concerning the LCA criterion “water consumption.” At the bottom of 
the figure, one actor justifies assigning a very high importance to this criterion 
(rank(waterConsumption,  1)) based on its global impact on water resources. This 
argument is, however, challenged by another actor, who argues that water consump-
tion only has a local impact on water resources, making the conclusion ambiguous 
(in orange). In the central part of the figure, an actor assigns a medium level of impor-
tance to the criterion (rank(waterConsumption,  3)), arguing that solutions exist 
to mitigate the impact of water consumption; this argument is not attacked by any 
counterargument and is therefore accepted (in green). Finally, at the top of the figure, 
an actor puts forward an argument that is deemed logically invalid and is therefore 
automatically rejected by the system (in red). From these collectively justified impor-
tances, the system computes a stakeholder-informed weighting profile that feeds into 
a multicriteria decision analysis tailored for LCA in biowaste valorization.
The ArgCW-LCA methodology refines DAMN’s general workflow as follows:

	– Stakeholder input: collect stakeholder perspectives on the relative importance of 
various LCA criteria

	– Preference conversion: convert these perspectives into quantitative weights
	– Accord assessment: evaluate the level of agreement among stakeholders to iden-

tify controversial criteria
	– Argumentation handling: use argumentation techniques to address and reconcile 

divergent perspectives on these criteria by identifying accepted and rejected arguments
	– Weight calibration: calculate and calibrate final weights based on argumentation 

results
	– Decision application: apply the calibrated weights on the criteria of an LCA 

methodology to assess and compare valorization routes
The impact of the ArgCW-LCA is shown in Section 5.3.

5.2.2 MyChoice
Presentation of MyChoice
MyChoice (Thomopoulos et al., 2020) is a user-friendly web-based application 
supporting collective decision-making developed by the French National Research 
Institute for Agriculture, Food and Environment (INRAE). It is designed to use 
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Figure 5.5. An illustrative example of DAMN in the context of the ArgCW-LCA methodology 
showing statements supporting or rejecting specific rankings for the “water consumption” LCA 
criterion.
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explanatory arguments from multiple stakeholders and sources to analyze, compare, 
and assess the acceptability of various alternatives based on different criteria and 
aims. Because it can be used for such applications as technologies, food processes, or 
product variants, it is well-suited for work dealing with new trends and developments 
in food chains that require various stakeholders to cooperate and reach a consensus. 
That said, the tool’s design is generic and may also be applied to other fields. The design 
concepts of MyChoice come from different disciplines, including multicriteria deci-
sion-making, AI argumentation, database information systems, and social psychology.
The MyChoice tool is based on the analysis of arguments expressing the knowledge 
and opinions of different types of stakeholders concerning the advantages (expressed 
by “pro” arguments) and disadvantages (expressed by “con” arguments) of a number of 
alternatives considered for different criteria. It aims to reflect stakeholders’ attitudes 
regarding these alternatives, to measure the acceptability of the alternatives for stake-
holders, and to support collective decision-making. Alternatives could include choices 
such as animal-based versus plant-based diets, white versus wholegrain bread, high-
speed detection technologies versus classic ones, to name just a few. The combination 
of both “pro” and “con” arguments falls under the category of “bipolar” argumentation.
Some specificities of the MyChoice approach are:

	– The multicriteria as well as multistakeholder approach to structuring arguments. 
The following features are common with the multicriteria decision framework (Belton 
and Stewart, 2010): Alternatives, Criteria, and Aims, which can be considered as 
refinements of criteria, and Attributes (called “Properties” in MyChoice). Arguments 
are also organized according to the stakeholders concerned.

	– In MyChoice, “argument” means the expression of an opinion by a stakeholder, 
in favor of or against an alternative, pursuing a particular aim (e.g., consuming a 
balanced diet) itself linked to a more general criterion (e.g., nutritional, sensory, 
economic, social, ethical). This opinion is justified by a property of the alternative 
that is supported or rejected (e.g., price, protein content), which is declared to take 
on a certain value (e.g., high, balanced). An argument in MyChoice can thereby be 
defined as a tuple composed of an ID, a stakeholder who expressed the argument, an 
alternative considered, type of argument (pro or con), etc. The detailed structure is 
represented through a database schema.

	– The definition of how a “collective attitude” can be computed, with regard to 
each alternative evaluated. In the expectancy-value theory (Fishbein, 1967), which is a 
general model of human decision-making, individuals are assumed to make the choice 
associated with the most desirable outcomes (i.e., the one evaluated most positively). 
This global evaluation, denoted as “attitude,” is derived from the perceived likeli-
hood that the choice is associated with a number of key outcomes, weighted by the 
evaluation of those outcomes. Formally, the attitude is computed as follows:

Attitude = 

where b refers to the outcome belief, e refers to the evaluation of that belief, and n is 
the number of criteria. MyChoice introduces a practical way of computing b and e, in 
collective cases:

	– ei is computed as the proportion of arguments claiming the considered alterna-
tive allows the aim i to be reached within all arguments (pro and con) concerning the 
achievement of aim i for the considered alternative.
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	– bi is computed as the proportion of arguments related with aim i in the whole 
debate, i.e., for all alternatives.
The MyChoice workflow (shown in Figure 5.6) is as follows:

	– Argument collection: gather arguments from diverse stakeholders concerning 
various scenarios (e.g., insect-based biowaste valorization)

	– Contextual analysis based on arguments’ metadata: assess arguments based on 
metadata, such as authorship, purpose, and alignment with project goals

	– Visualization and evaluation: present aggregated insights and calculate stake-
holder attitudes to identify areas of agreement and contention
MyChoice focuses on highlighting the external properties of arguments, such as their 
source and objectives, to provide a holistic view. Its key strengths are:

	– Quantitative assessment of arguments and stakeholder perspectives
	– Strong emphasis on visualizing trends and conflicts among stakeholders

MyChoice implementation
The MyChoice software is a web application based on a client-server architecture. 
The client user interface is developed in JavaScript with Vue.js. It relies on services 
provided by the server, which is implemented in Java. The exchanges between the 
client side and the server side occur through the HTTP protocol, using JSON as an 
exchange format.
The input is a relational database conforming to the MyChoice schema. Alterna-
tively, a spreadsheet format as well as a CSV format are provided for data inputs. 
An example of argument description in spreadsheet format for the use case data is 
shown in Figure 5.7.
The outputs are different ways of synthetically visualizing the arguments and their 
distribution in criteria and stakeholder categories, as illustrated in Figure 5.8; color-
code analysis; collective attitude computation; and different modes to filter and analyze 
the arguments (consensus, expertise, data reliability, etc.).

MyChoice use case: insect-based biowaste conversion
In the use case considered (Vivas, 2022), several scenarios of insect-based biowaste 
conversion – a promising technology for the valorization of biowaste through 
insect breeding – are explored and compared at an early stage based on available 
knowledge. Insect-based conversion consists in raising insects as an ecological way 
of recycling and recovering biowaste (e.g., in the form of protein for animal feed, 
fertilizer, biofuel, etc.). In the urban and peri-urban environment, where waste 
management is a major issue, insect-based conversion offers an attractive solution 
but also raises specific questions, particularly in terms of biowaste heterogeneity, 
management of safety risks, and regulatory and societal constraints. Several studies 
have dealt with evaluating the potential of this solution at an early stage, by antic-
ipating both the benefits and risks of insect-based conversion of different types of 
substrates and especially biowaste, such as the FLY4WASTE project that the Vivas 
(2022) study belongs to, following the creation of the INSECT4CITY consortium of 
17 research units (Engel et al., 2022).

http://Vue.js
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The use case presented focuses on this risk–benefit analysis. It aims to answer the 
following questions in order to assess different insect-based conversion scenarios 
differing in their input and output materials:

	– What is the overall attractiveness of each scenario? Can the scenarios be ranked?
	– What is the representation, in terms of the amount of information available, of 

each criterion considered (health, nutritional, etc.) for the different scenarios? Of each 
stakeholder involved?

	– How attractive is each scenario from the perspective of each criterion? Of each 
stakeholder? Why?

	– Can we compare scenarios by criterion? By stakeholder?
	– Which stakeholders are most satisfied by which criteria, in each scenario?

A prerequisite for the effective and relevant identification of available information is 
to precisely delimit the system studied. Here, we are dealing with scenarios defined 
by the substrate used, the targeted valorization product, and the insect considered. 
The study was limited to one insect, the black soldier fly (Hermetia illucens), and to 
the following three scenarios:

	– Scenario 1: “Animal feed + fertilizer.” Substrate: agrifood by-products (e.g., resi-
dues, noncompliant products). Valorization product: insect larvae for animal feed 
and frass as fertilizer, which can be used to make organic fertilizers. Insect: Hermetia 
illucens.

	– Scenario 2: “Biofuels + fertilizer.” Substrate: compostable urban biowaste (house-
hold and restaurant waste). Valorization product: biofuel from oil extracted from 
insects, and frass as fertilizer. Insect: Hermetia illucens.

	– Scenario 3: “Business-as-usual.” This scenario considers the case where no inno-
vative solutions are implemented. It serves as a “control” in the scenario analysis.
Limiting the study to these three scenarios considerably reduces the sources of infor-
mation available to analyze this emerging sector and brings us close to exhaustiveness. 
The types of sources used include (i) peer-reviewed scientific articles, (ii) technical 
reports and information published on websites, and (iii) scientific and industrial 
conferences and research project meetings.
Part of this information comes from the 14 webinars organized through the INSECT-
4CITY consortium, in which 18 researchers and 4 industry stakeholders participated, 
and which covered various topics: insect biology, conversion processes, biowaste recy-
cling, animal and human nutrition, chemical and microbiological safety, consumer 
acceptability, multicriteria evaluation, and environmental, economic and social sustain-
ability. These webinars and the information shared within the network made it possible 
to constitute an initial multidisciplinary bibliography. Subsequently, using the online 
scientific documentation tool “Connected Papers,” an expanded bibliography was 
created, supplemented by queries of databases of scientific resources with contractual 
access (Web of Science, Scopus, EconLit, Food Science Source, TAIR, among others) or 
open access (HAL, ORBi, etc.), as well as Google Scholar, using the descriptive keywords 
of the scenarios. Finally, the “New Stakes and Challenges of the Industrial Insect Rearing 
Industry” conference, held in April 2022 in the Paris region (Adebiotech44), made it 
possible to supplement the project data with industrial sources.

44. New stakes and challenges of the industrial insect rearing industry. Retrieved from https://asso.adebiotech.
org/new-stakes-and-challenges-of-the-industrial-insect-rearing-industry/

https://asso.adebiotech.org/new-stakes-and-challenges-of-the-industrial-%20insect-rearing-industry/
https://asso.adebiotech.org/new-stakes-and-challenges-of-the-industrial-%20insect-rearing-industry/
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	�5.3 Outcomes

5.3.1 DAMN
Using the ArgCW-LCA methodology, DAMN was applied within the Horizon 
2020 NoAW project on a dataset composed of preferences and justifications from 
31 experts (both public and private stakeholders). The resulting argument-based 
criteria weighting was then fed into a multicriteria analysis method (TOPSIS). 
In addition to the practical application within the NoAW project, the ArgCW-LCA 
methodology demonstrated its capacity to generate meaningful stakeholder engage-
ment and differentiated decision outcomes. In terms of LCA practice, ArgCW-LCA 
enables specialists to:

	– Account for the full range of environmental impacts evaluated in LCAs
	– Include nonenvironmental dimensions such as economic and societal impacts
	– Derive transparent weightings from stakeholder preferences
	– Incorporate stakeholder viewpoints through justification analysis

The method was applied to a real-world decision in the NoAW project, where stake-
holders had to select a polyphenol extraction technology for upscaling. By integrating 
structured argumentation, ArgCW-LCA helped clarify the rationale behind weighting 
decisions and exposed implicit trade-offs. Notably, the results demonstrated that 
applying stakeholder-informed weightings, especially when filtered through justifica-
tion analysis, could significantly affect final rankings, emphasizing the role of inclusive 
reasoning in sustainability assessments.
ArgCW-LCA was applied to derive stakeholder-informed weights for LCA criteria, 
used to rank four biowaste valorization technologies (polyphenol extraction methods). 
The innovation lies in using argumentation (via DAMN) to assess and calibrate these 
weights, rather than relying on simple preference aggregation. The stakeholders 
provided rankings and justifications for a set of LCA impact categories from the 
ReCiPe 2016 methodology (Huijbregts et al., 2017), including, for instance, global 
warming potential, water consumption, land use, and human toxicity.
The analysis of stakeholder preferences and their associated justifications revealed 
significant disagreement. For instance, some stakeholders prioritized global warming 
due to long-term global consequences, others emphasized water use based on regional 
scarcity concerns, and a few preferred land use due to its perceived socioeconomic 
relevance. Some criteria, such as fossil resource scarcity, were perceived as less 
important and there was less disagreement about them.
By applying DAMN’s reasoning to analyze the validity and clarity of justifications, 
ArgCW-LCA filtered out unjustified rankings (arguments that are either not supported 
by facts or by another accepted argument) or weakly argued rankings (those that are 
“beaten” by stronger arguments). This had two major consequences. First, the final 
weighting profile, after applying argumentation, significantly diverged from the original 
(unfiltered) profile, as can be seen in Table 5.1. In particular, criteria with many unsup-
ported or weakly justified rankings (e.g., abiotic depletion) received lower weights, 
and criteria with consistently strong justifications across agents (e.g., global warming 
and water use, for which there was relative consensus) were upweighted. Second, as 
a consequence, the TOPSIS ranking of the four polyphenol extraction technologies 
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changed depending on whether original or argumentation-corrected weights were 
used, illustrating the importance of how justifications about criteria importance can 
alter decision support results (for more details, see Sohn et al., 2020). A major contri-
bution of this work is to provide a justification, and traceability, for the criteria weights.

Table 5.1 Example of modifying the LCA criteria relative importance after applying the 
ArgCW-LCA methodology. The greater the weight, the greater the importance. Adapted 
from Sohn et al. (2020).
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5.3.2 MyChoice
From the information collected, arguments were extracted and modeled according 
to the MyChoice structure (Vivas, 2022). In all, 337 arguments were obtained and 
stored: 178 concerned Scenario 1, 111 Scenario 2, and 48 Scenario 3. Analyzing these 
arguments through the MyChoice approach:

	– Provided quantitative measures of stakeholder attitudes toward insect-based 
biowaste conversion scenarios

	– Enhanced understanding of social acceptability and economic feasibility through 
detailed visualization of argument trends

	– Delivered insights by balancing diverse perspectives

Specific use-case results
Overall attractiveness and ranking of the scenarios. The collective attitude was computed 
for each scenario, according to the arguments collected. The results reflected a positive 
attitude for both insect-based conversion scenarios (although it was more marked for 
Scenario 1 – Animal feed), and a negative attitude for Scenario 3 – Business-as-usual.
Number of arguments identified by criterion or by stakeholder. The number of argu-
ments reflects the amount of information available in documents and debates regarding 
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the criterion/stakeholder considered, and thus the focus it has at a given moment in 
time. The quantitative distribution of arguments according to the different criteria 
reflected different concerns between Scenarios 1 and 2. For Scenario 1, the majority of 
the arguments concerned chemical safety (23% of arguments), economic profitability 
(17%), microbiological safety (15%), environmental impact (12%), nutritional interest 
(11%), and social acceptability (10%), with the other criteria representing less than 10% 
of the arguments. For Scenario 2 – Biofuel, economic profitability was the top concern 
(21% of arguments) while nutritional aspects were limited by nonfood use (biofuels). 
The stakeholders involved were more varied in Scenario 1 (insect breeders, but also 
citizens, other breeders, biowaste suppliers, etc.).
Attractiveness of scenarios by criterion or by stakeholder. In Scenario 1, the criteria 
linked to regulation, nutritional interest, and environmental impact received a 
very positive assessment. At a finer level, examination of aims provided reasons 
for this outcome. For example, the chemical safety criterion covers three types of 
concerns: avoiding chemical risks in frass used as fertilizers (very favorable opinion), 
avoiding chemical contamination that impacts insect health (mixed opinion), and 
avoiding  chemical contamination in finished products (mixed opinion). The same 
analysis can also be performed by stakeholders.
Figure 5.9 shows an example of visual representation illustrating MyChoice analysis 
per criterion, in the case of Scenario 1. Green circles represent positive arguments, 
whereas red circles represent negative ones.

5.3.3 Comparison

DAMN in the argumentation landscape
Beyond the two main case studies, it is helpful to understand how DAMN compares 
to other argumentation tools found in the literature. Tools such as ASPIC+, DeLP, 
Carneades, and ArguMed offer powerful capabilities for formal reasoning, but often lack 
some features that make DAMN particularly suited for collaborative decision-making:

	– Web-based interface: Unlike many desktop-only or script-driven systems, DAMN 
provides an accessible online platform, allowing diverse stakeholders to contribute 
arguments asynchronously.

	– Agent collaboration: DAMN supports multi-agent reasoning, letting different 
users (agents) input conflicting preferences and justifications. These are resolved 
through defeasible logic, enabling debate-like collective decision.

	– Visualization: The Statement Graph model is presented as an interactive graph, 
where support/attack relations are visibly rendered. This enhances comprehension 
and traceability.

	– Customizable semantics: Unlike other tools, DAMN allows users to select 
between ambiguity blocking or propagating, and enables team defeat reasoning. These 
options provide greater flexibility in the modeling of real-world uncertainty, compro-
mise, and collaboration.
In contrast, tools like ASPIC+ focus on formal proof structures and logical rigor but 
typically require more technical input formats and lack web-based usability or real-
time feedback. Carneades and ArguMed offer user-friendly interfaces, but feature 
limited support for distributed reasoning or detailed justification analysis.



166

Knowledge Engineering for Decision Support in the Food and Bioproduct Industry

Fi
gu

re
 5

.9
. E

xa
m

pl
e 

of
 M

yC
ho

ic
e 

vi
su

al
 a

na
ly

si
s p

er
 c

rit
er

io
n,

 in
 th

e 
ca

se
 o

f S
ce

na
rio

 1
.



167

Methods for Collective Decision Support that Consider both Preferences and Contradictory Arguments…

MyChoice in the argumentation landscape
The MyChoice model originally stems from the seminal theoretical works on argu-
mentation-based decision support (Amgoud and Prade, 2009). Yet it took several 
liberties compared to its predecessors, going so far as to provide an implementation. 
The major differences are a detailed description of argument metadata allowed by a 
database representation of arguments, which to our knowledge is unique; the intro-
duction of various analysis modalities and visualizations; and a concrete aggregation 
method based on the definition of collective attitude.
Regarding MyChoice, the main features characterizing its specific positioning are:

	– its user-friendly design and interface, aimed at nonspecialists;
	– its focus on the context of arguments through detailed metadata (who speaks, 

with what objective, in what source, etc.) to provide a holistic view;
	– its “collective attitude” concept and computation, inspired by social psychology.

Key similarities and differences between DAMN and MyChoice
Table  5.2 summarizes the key similarities and differences between DAMN and 
MyChoice.

Table 5.2 Similarities and differences between the DAMN and MyChoice tools

Feature DAMN MyChoice

Focus Argument content 
and logical structure

Argument metadata (e.g., author, aim, criterion) 
and bipolar status of arguments (pro or con)

Argumentation 
approach

Structured argumentation 
via Statement Graphs

Decision-oriented argumentation framework

Semantic 
customization

Ambiguity blocking/
propagating semantics, 
and team defeat semantics

Various analysis modes (consensus, expert, 
data reliability, stakeholder/criterion, etc.) based 
on specific selections in the argument database

Collaboration Multi-agent, supports 
conflicting justifications 
and collaborative use

Multistakeholder, supports conflicting viewpoints, 
possible collaborative online data input

Visualization Statement Graphs Tabular/global argument-attack graphs/charts 

Evaluation output Argument status Collective attitude score

Both approaches begin by gathering and structuring arguments, which forms the founda-
tion for their respective analyses. In each case, arguments are collected from stakeholders, 
organized according to the method’s framework, and prepared for evaluation.

They each employ systematic frameworks to assess and use these arguments in deci-
sion support, but their focus diverges notably. DAMN concentrates on the qualitative 
content and logical structure of arguments, modeling their internal reasoning and the 
relationships between claims. This makes it especially suitable for contexts where the 
depth, validity, and interconnections of arguments are crucial to the decision-making 
process. MyChoice, on the other hand, emphasizes evaluating arguments through their 
metadata – such as the source, intended purpose, associated criteria, and even the 
number of times they occur – allowing it to detect patterns, trends, and stakeholder 
dynamics without requiring full formalization of content.
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As a result, DAMN is particularly well aligned with technical and content-rich anal-
yses where the quality of reasoning is central, while MyChoice excels in participatory 
scenarios where capturing the breadth of perspectives, visualizing consensus and 
dissent, and facilitating stakeholder engagement are primary goals.

	�5.4 Conclusion and resources
5.4.1 Future directions for DAMN
DAMN has shown a solid ability in deep, structured argumentation, especially where 
justifications are crucial to unpack preference complexity. Future enhancements could 
focus on lowering the barrier to entry by developing natural language interfaces or 
structured templates to guide users in expressing justifications. Currently, input-
ting formalized statements requires some technical fluency. Bridging this gap would 
allow nonexpert stakeholders to contribute meaningfully, further democratizing 
decision-making.
Additionally, DAMN could be integrated into participatory digital platforms, such as 
stakeholder deliberation spaces or policy co-design workshops. These platforms could 
support asynchronous input, live discussion around contested justifications, and visu-
alization of evolving consensus or disagreement. As food systems grow increasingly 
complex, such integrations could extend DAMN’s utility beyond expert panels into 
broader societal contexts.

5.4.2 Future directions for MyChoice
By using metadata to frame argument relevance and stakeholder attitudes, MyChoice 
is already relevant to participatory contexts. One direction for future development is 
to enrich the evaluation layer, potentially combining metadata-based evaluation with 
simple semantic parsing to check coherence or alignment with goals. Improvements 
could also include filtering of argument quality and enhanced feedback mechanisms 
to guide participants in formulating stronger, more targeted arguments.
Another promising avenue lies in scenario replay and participatory forecasting: using 
MyChoice to compare evolving positions across time or simulate the effects of new 
stakeholder inputs.

5.4.3 Synergies and hybrid approaches
The comparative analysis of DAMN and MyChoice highlights the diverse capabilities 
of argumentation-based decision support systems. While DAMN provides detailed 
insights by focusing on the content of arguments, MyChoice offers a higher-level 
approach by emphasizing aspects based on arguments’ metadata and visualizing 
trends. However, while both tools operate on different facets of argumentation, they 
are not mutually exclusive but complementary. DAMN provides depth and content-
based reasoning, while MyChoice brings accessibility, visualization, and stakeholder 
engagement. Hybrid approaches could leverage DAMN’s rigorous reasoning to assess 
internally consistent arguments, while MyChoice highlights trends and facilitates 
broad deliberation, as well as easier access and use.
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Combining them could yield systems capable of scaling from local expert input to 
large-scale participatory processes, an essential capability for decisions in complex 
food systems. Future research could explore such hybrid models, advancing the field 
of inclusive and intelligible decision support.
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Chapter 6

Designing Prospective Scenarios  
at the Scale of a Value Chain

Romy-Lynn Chaib, Catherine Macombe, Rallou Thomopoulos, Erwan Engel

	�6.1 Introduction
Agrifood chains are complex dynamic systems involving several stakeholders 
with divergent opinions and objectives. Guaranteeing the food system’s long-term 
sustainability is thus a complicated task. To be able to transition to a better, more 
stable state that is compatible with the current and future planetary boundaries and 
to overcome structural barriers in the food system, all stakeholders must be aware of 
the potential consequences their actions (or inaction) may have on the value chain 
itself and on its environment.
Innovations are envisioned at both the research and the industrial scales to move 
toward safer and more sustainable systems while ensuring economic viability. This 
chapter considers whether such innovations would profit society, which part(s) of it, 
in what ways, and under what conditions. To answer this question, a scenario-design 
approach is introduced and used as a preliminary step to collective decision support 
presented in Chapter 5. This approach is based on three principles:

	– Designing diverse possible scenarios of the considered value chain evolution, with 
and without innovation. This step belongs to scenario-building prospective methods. 
To facilitate awareness-raising and decision support, we are developing a method-
ology to anticipate the important potential impacts of changes in the value chain in 
the future by identifying key concepts and designing possible scenarios depending on 
the states of these key concepts in the future.

	– Ensuring the practical feasibility of the study from a human point of view, in 
terms of the availability of stakeholders to be involved in a participatory process. To 
address this aspect, we suggest innovations to the scenario-design method.

	– Ensuring the practical feasibility of the study from a technical point of view. This 
covers two considerations: first, providing the community with relevant vocabu-
laries to facilitate the structuring of the information gathered, and second, providing 
timesaving heuristics to the scenario method to make such studies realistic in terms 
of time cost.
Two projects are taken as examples in this chapter: the EU-China H2020 SAFFI 
project (2020–2024), and the French National Research Agency SENTINEL project 
(2020–2025).
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The SAFFI project (“Safe Foods for Infants in the EU and China”) sought to enhance 
food safety in the infant food chain through the development and implementation of 
novel detection tools, hazard control and mitigation strategies, and advanced models 
for hazard identification and risk ranking. Within this project, a knowledge engineering 
component specifically addressed the cost–benefit analysis of various scenarios that 
incorporated these innovations. The goal was to evaluate the feasibility, efficiency, and 
overall impact of these new tools on the food chain, considering multiple stakeholders’ 
perspectives, including technology developers, food industry operators, regulatory 
bodies, and consumers.
The primary impact assessment question of this study was: What are the global 
impacts of implementing SAFFI’s innovative tools and strategies in the food chain? 
The study aimed to identify the benefits and drawbacks of these implementations and 
provide a ranking of the scenarios based on their overall effectiveness and sustain-
ability. In this chapter, we examine how scenarios were designed in that study: the 
approach adopted was similar to the classic Godet scenario method (Godet, 2008; 
Godet and Durance, 2011).
The SENTINEL project (“High-throughput screening tools for a reinforced chemical 
safety surveillance of food”) aims to improve and strengthen the current chemical 
safety monitoring system along the food value chain by introducing new screening 
tools. Indeed, both self-monitoring in the industry and safety control by health author-
ities are demanding high-throughput, sensitive, and inexpensive screening methods to 
strengthen the monitoring of priority food hazards. The adopted model is for poly-
chlorinated biphenyls (PCBs) in meat. The screening tools are being developed based 
on the coupling between latest-generation detectors (mass spectrometry, biosensors, 
electronic noses) and innovative methods in marker search (omics), sample processing 
(mixing, extraction), and data processing (chemometrics, bioinformatics).
Part of the project is dedicated to exploring the possible inclusion of the tools envi-
sioned in SENTINEL in the future development of the value chain. Therefore, our 
objective is to model the likely states of the value chain in the future, first as reference 
states, without the new tools being implemented (Pesonen et al., 2000), then with the 
inclusion of the new tools, which impacts the value chain (Hachem et al., 2025).
This chapter is concerned with innovations in the classic scenario method, which was 
required in this study due to both organizational limitations during the COVID-19 
pandemic and time considerations (Chaib et al., 2021, 2022). As such, we use prospec-
tive methods (Chaib et al., 2021). This goes beyond the scope of participatory modeling: 
indeed, it requires not only consulting and discussing with the stakeholders (Barré, 2000; 
Godet and Durance, 2011; Mermet, 2004), but collaborating with them to co-design a 
plausible future in order to co-decide what would be best for the value chain. We are thus 
in a context of collaborative modeling as described in Basco-Carrera et al. (2017).

	�6.2 Proposed solution
6.2.1 Workflows
Figure 6.1 shows the workflows used for the classic (a), adapted (b), and optimized (c) 
scenario methods, from stakeholders’ inputs to scenarios.
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6.2.2 The classic scenario method
The initial method chosen was the prospective collaborative “scenario method” as 
described in Godet (2008) and Godet and Durance (2011). By considering possible 
combinations of variable values, it has the particularity of creating original scenarios 
that stakeholders may not necessarily think of, which pushes the discussion and 
results “outside the box.” In this method, the problem of homogenizing ontologies is 
inexistent since stakeholders themselves meet and establish a consensus on the main 
ideas to keep in mind.
In the classic scenario method, collective sessions serve to identify the variables and 
to build consensus about relationships between variables, first in small groups and 
then by bringing all prospects together. From these group discussions about the rela-
tionships between each pair of variables, first cognitive maps followed by matrices of 
relationships are built for each group. From the consensus built between the different 
groups, all the relationships (direct and indirect) are summarized in a single matrix, 
which is then discussed by all prospects, who have the final decision concerning the 
determination of the meaningful relationships. This whole process is called “struc-
tural analysis.” It is the input for determining the system’s key variables, whose value 
combinations determine the scenarios.
This method was used in the SAFFI project. As an example, in the SAFFI case, one 
of the key variables collectively identified was “Technological progress.” However, 
in SENTINEL, a more challenging option was developed out of necessity due to the 
COVID-19 pandemic. The classic Godet method had to be adapted as it was impos-
sible to have all value-chain stakeholders meet together. The question was thus: How 
do we conduct a remote foresight study while ensuring correct results and consensus 
among stakeholders? And how do we do so in a reasonable timeframe? To answer the 
first question, the classic Godet method was adapted, and to answer the second one, 
the use of multicriteria argumentation for the purpose of foresight studies is explored.

6.2.3 The “adapted” scenario method: adaptation to the remote context
Since this part of the classic method is based essentially on social interactions, going 
from collective to individual sessions had methodological repercussions. In the 
adapted method, structural analysis is based on individual semi-directive interviews 
conducted with experts who presumably have different views on the sector (political, 
social, economic, technological, environmental, etc.). It is therefore expected that the 
variables cited as the main determinants of the system evolution will differ from one 
actor to another. The adapted method is a combination of linguistic and mathematical 
approaches. This method was used in the SENTINEL project. It consists in analyzing 
each interview individually and then analyzing all the interviews as a whole. For instance, 
as in the SAFFI case, one of the key variables identified was “Technological progress,” 
but it was obtained as a result of merging several heterogeneous variations of this notion 
among the different experts (e.g., “increased technicity,” “development of new tools,” 
etc.). This method is described in detail in Chaib (2023) and Chaib et al. (2023a).

6.2.4 The “optimized” scenario method: heuristic approach
In a context where applying the classic Godet method is not possible, and considering 
the time and effort needed, the prospective approach of the adapted Godet method has 
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a lot to gain by being complemented with formal approaches from other disciplines 
such as knowledge engineering. Indeed, the outputs obtained by applying the adapted 
scenario method can be obtained through multicriteria/multi-actor argument anal-
ysis, using the MyChoice method (Thomopoulos et al., 2020), which concomitantly 
saves time (Chaib et al., 2022).
Two steps are introduced:

1.	Creating an ontology to structure the vocabulary used in the prospective approach
Ontologies represent the concepts used as well as the relationships between them. 
They allow us to structure knowledge by formalizing information and vocabularies 
(Maedche and Staab, 2000; Nebot and Berlanga, 2009). Using the same words to refer 
to one concept is essential when dealing with large and complex knowledge resources, 
such as agrifood value chains. This is why the process of merging verbatims into 
concepts and concepts into variables is crucial in both the adapted Godet method 
and the optimized approach using MyChoice. However, with MyChoice, this process 
is optimized by building an ontology specific to changes occurring in agrifood value 
chains as the study goes on (Chaib et al., 2023b).
When doing a foresight study, whether using the adapted Godet method or MyChoice, 
information comes from different value-chain stakeholders. The question asked is, 
“According to you, what are the main variables that influence the future of the agri-
food value chain and those that depend on it?” The answers are mainly in text form 
since semi-directive interviews are conducted and then transcribed to ensure proper 
analysis later on. In addition to the interviews, we added documents since remote 
work was a necessity during the study period given the ongoing health pandemic. 
Each document read was considered as a completed interview done (Chaib et al., 
2021). When it comes to taking a decision about the value chain, it is important to 
have divergent opinions (i.e., as many different viewpoints as possible), so it is best 
to include as many types of stakeholders as possible (Mitchell et al., 1997). The stake-
holders involved in the study included raw material producers, breeders, processors, 
distributors, and consumers as well as public and private institutions, researchers, 
technical centers, etc. It goes without saying that all of them had different opinions as 
well as divergent priorities (Handayati et al., 2015), whether because of their position 
and involvement in the value chain, political commitments, affiliations, or life experi-
ences. They also had various different possible ways of saying the same thing: they use 
different ontologies to refer to the same concepts. Standardizing the vocabulary used 
(Chaib et al., 2023d) is a first step toward opinion analysis.

2.	Using multicriteria/multi-actor argument analysis for prospective purposes
Multicriteria argumentation is a combination of multicriteria approaches and argu-
mentation (Amgoud et al., 2005; Thomopoulos, 2018). This method makes it possible 
to deal with qualitative or qualitative criteria. It also helps when dealing with uncer-
tain contexts when making a decision. One of its strengths is that it attributes values 
to consequences of decisions taken. MyChoice is a tool for multicriteria/multi-actor 
argument analysis. We chose to use it for prospective purposes for several reasons 
(Thomopoulos, 2018; Thomopoulos et al., 2020), and especially because we can analyze 
interviews in a rigorous way to extract relevant and precise information concerning 
the influence relations between concepts. The MyChoice approach is useful in two 
different ways when doing a foresight study:
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1.	In the adapted scenario method, the multiple graphs of influences (one per 
interviewee) are replaced with a single argument table with homogeneous vocab-
ulary in order to simplify the process. This is achieved by representing each 
influence relation as an argument as follows:
Given an influence relation from concept A (taking value v_A) to concept B 
(taking value v_B), beneficial to the scenario of evolution of the value chain, a 
positive argument (“+,” i.e., favorable) is created, expressing
A=v_A → B=v_B → support to the scenario.
If the expected effect is unfavorable, a negative argument (“−,” i.e., against) is 
created. The information is entered in the MyChoice as shown in Table 6.2.
One of the advantages of using this method is that it helps to fix the vocabulary 
used and to identify nuances in interviewees’ words. Most importantly, from the 
data entered, the matrix of direct and indirect influence and dependence relations 
between all sets of variables for all interviews (used as an abscissa in the scenario 
method) can be easily derived.
2.	This multicriteria argumentation tool can be used to confirm the key variables 
obtained using the scenario method. This option is discussed in Chaib (2023).

For both options, time is saved by integrating all interviews (while homogenizing their 
vocabularies) as a whole. For instance, the key variable “Technological progress” iden-
tified in both previous methods also appears in the optimized method as a criterion 
in the MyChoice tool, grouping several more specific ones, such as “Bettering food 
traceability” and “Controlling safety risks,” among others.
Table 6.1 and Figure 6.1 summarize the process and steps of creating scenarios using 
the classic scenario method, the adapted scenario method, and finally the optimized 
scenario method that makes use of MyChoice.

	�6.3 Outcomes
6.3.1 Scenario design
For the SENTINEL project, 21 texts were analyzed (12 transcribed interviews and 
9 documents). From those interviews, using the adapted Godet method, 12 variables 
were identified, with 4 as key variables. Two modalities were distinguished for each 
of those key variables. This resulted in the obtention of 24 scenarios. After removing 
the incompatible modalities and merging similar scenarios together, six reference 
scenarios remained. They were submitted to the project partners to choose two of 
those – contrasted and of interest regarding chemical safety monitoring – to study 
meticulously. The results and description of the scenarios are presented thoroughly in 
Chaib et al. (2023a, 2023c).
In addition to creating the scenarios, the concept merging process undertaken to 
obtain the variables resulted in the creation of an ontology (Chaib et al., 2023b, 2023d). 
Again, the aim was to simplify the time-consuming task of identifying concepts and 
merging similar ones into variables.
The comparison of the outputs obtained using the adapted Godet method and the 
MyChoice tool are presented in Chaib (2023).
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Designing Prospective Scenarios at the Scale of a Value Chain

In the SAFFI project, five reference scenarios were designed (Thomopoulos et al., 
2025), each showing varying degrees of impact across the selected criteria:

1.	Technological Advances: New detection and mitigation tools improved 
food processing efficiency and safety. However, uncertainties remained regarding 
organoleptic properties and the high cost of new technologies.

2.	Social Impact: Scenarios generally indicated positive social outcomes, such as the 
development of new skills and employment opportunities, though economic access 
remained a challenge for smaller companies.

3.	Informational Benefits: Data acquisition and model development showed 
progress, but data accessibility issues persisted, especially for smaller stakeholders.

4.	Regulatory Impact: Scenarios highlighted a need for adapted legislation to fully 
leverage new technologies, with current regulations lagging behind innovations.

5.	Safety and Economic Considerations: While global food safety improved, 
economic risks were significant due to the high costs associated with new tools and 
technologies. The economic burden was particularly high for smaller companies.

6.3.2. Scenario analysis
In SAFFI, the scenarios were then analyzed according to the methodology covered in 
Chapter 5, and ranked based on their collective attitudes ranging from very favorable 
to unfavorable. The impacts on different stakeholders, including technology devel-
opers, food industry operators, regulatory bodies, and consumers, were qualitatively 
assessed (Thomopoulos et al., 2025). Comparing the attitudes of stakeholders toward 
the various impacts allowed us to identify possible hotspots on which value-chain 
stakeholders could act to limit the unwanted consequences of implementing the 
change while respecting certain limits and preserving the social fabric woven by 
the value chain.

One of the key findings was that the “Incentives to technical, digital, and regulatory 
advances” scenario, which grouped together favorable values of key variables with a 
focus on targeted tools, was ranked first, followed by the equivalent scenario with 
untargeted tools (“Democratization of untargeted tools”). The “Small structure-
inclusive” and “Untargeted tools for research” scenarios came next, with equivalent 
attitudes, since their impact concerned part of the stakeholders and was gener-
ally more restricted. The “Two-speed economy” scenario that led to heterogeneous 
economic impacts due to expensive tools was ranked last.

In SENTINEL, two contrasted scenarios were selected by the project partners and 
meticulously detailed using geographic, economic, and technical data, leading to real-
istic descriptions of possible future scenarios. This allowed for further specialized 
studies, such as risk assessment – the project’s core topic – in the prospective scenario.

	�6.4 Conclusion and resources
By combining prospective participatory scenario design and multicriteria/multi-actor 
argument analysis, the approach presented in this chapter marks a significant advance 
in the application of scenario design to the agrifood value chain, particularly in its 
ability to formalize the anticipation of diverse future states of the system. By incor-
porating participatory, remote, and optimized methods, this framework adapts to 
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practical constraints such as time limitations and stakeholder availability while also 
ensuring the inclusion of a wide range of perspectives, ensuring the robustness and 
relevance of the scenarios.
The combination of traditional scenario-building techniques with modern tools like 
ontologies and multicriteria/multi-actor argumentation provides a methodology that 
is both nuanced and scalable for identifying and evaluating the potential impacts of 
innovations within the food value chain. Importantly, this approach lays the ground-
work for a new branch of social life cycle assessment (S-LCA) by considering the 
broader social, economic, and environmental consequences of innovations in the 
value chain. It is extensively developed in Chaib (2023). This new branch is exper-
tise-based through the collection of stakeholders’ arguments. It shifts focus from the 
impacts on individual products or processes to the collective and dynamic systemwide 
effects, offering insights to assess future transitions.
This method can be further refined and applied across other sectors, contributing to 
more informed and collaborative decision-making processes for sustainable develop-
ment. Ultimately, this work paves the way for a more integrated and participatory 
approach to evaluating sustainability at the systems level, ensuring that all stake-
holders are equipped to make decisions that contribute to a more resilient, equitable, 
and sustainable future.

Available resources

Main scientific papers Datasets Videos PhD thesis

Thomopoulos et al., 2025
Chaib et al., 2021, 2022
Chaib et al., 2023a, 
2023c, 2023d

Dataset resource 
(ontology):  
https://doi.org/ 
10.57745/YHSDWA

Webinar (in French):  
https://youtu.be/ 
3wWYxaumC50

Chaib, 2023

https://doi.org/10.57745/YHSDWA
https://doi.org/10.57745/YHSDWA
https://youtu.be/3wWYxaumC50
https://youtu.be/3wWYxaumC50
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Chapter 7

Assessing the Impact of Participatory 
Interventions at the Individual Level

Reine Barbar, Rallou Thomopoulos

	�7.1 Introduction
Culinary habits play an essential role in all societies, since they are deeply intertwined 
with social cultural features. Food habits reflect traditions and are present both in 
towns and in rural areas, at the domestic level, on the street, and in restaurants, in 
their traditional forms or with modern trends (Zurayk and Ghyda, 2009). The term 
“tradition” comes from the Latin tradere, which essentially means “to transmit” or “to 
send.” Tradition thus represents a form of transmission or a flow through time of ideas, 
praxes, habits, methods, etc. Through such continuity, traditions not only maintain a 
link to the past but also push us toward the future (Cannarella and Piccioni, 2011). The 
food engineering/science curriculum has several objectives, and is mainly designed to 
train graduates to be capable of supporting the needs of society and the food transition, 
developing short and sustainable circuits, and innovating based on these constraints.
There is currently a gap between the existing food engineering/science curriculum and 
market needs for graduates with skills in culinary sciences for new product develop-
ment. The educational challenges are thus adapting the teaching and learning schemes 
to innovate in a sustainable way based on food heritage, culture, societal needs, and 
territory. A previous educational project tackled the study of culinary precisions in 
traditional recipes in Lebanon and in the Middle East, but the innovation lever did not 
integrate participative societal demands (Barbar et al., 2021). With recent advances in 
the field of food science, new interdisciplinary concepts have evolved from gastronomy. 
Food is now also viewed from the perspective of personalized nutrition and includes 
considerations about swallowing and findings from “soft matter” approaches. Scien-
tists and chefs are seeking new ways to customize nutrition as health and wellness 
gain prominence across the globe (Subhasri et al., 2022). Food has been shown to be 
a lever to deal with various social issues, such as integrating people at risk of exclu-
sion (Navarro-Dols and González-Pernía, 2020), contributing to more sustainable 
consumption habits, educating on health, and supporting the development of local 
communities (Navarro-Dols et al., 2022).
A framework for valorizing local food heritage in different countries while adapting 
it to the specific needs of vulnerable publics has been set up for the Erasmus+ project 
TRADINNOVATIONS.45 Figure 7.1 shows some examples of such specific needs.

45. https://erasmus-plus.ec.europa.eu/projects/search/details/2023-1-FR01-KA220-HED-000166321

https://erasmus-plus.ec.europa.eu/projects/search/details/2023-1-FR01-KA220-HED-000166321
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Figure  7.1. Proposition of categories for food constraints for inclusive food innovations in 
students’ TRADINNOVATIONS projects.

The framework first aims to develop an inclusive approach of food toward vulnerable 
populations, while also proposing an original set of hybrid teaching and learning tools 
to broaden students’ food culture and skills and foster their intercultural and inter-
generational interactions. The consortium consists of six academic partners from six 
European countries. Nine associate partners from four different countries have also 
joined the consortium. All partners share similar challenges related to education and 
new food design (at culinary and industrial scales), energy and food transitions as well 
as cultural and societal diet needs.
In this context, a project-based module entitled “Culinary sciences and societies” 
in the agricultural engineering curriculum at the Institut Agro-Montpellier offers 
the opportunity to work each year with a socioeconomic stakeholder with a specific 
need for inclusive food personalization. This year, we collaborated with the Valentin 
Haüy association,46 which helps people with visual impairments live independently 

46. https://www.avh.asso.fr/fr

https://www.avh.asso.fr/fr
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and be fully integrated into society. Indeed, a study by Jones et al. (2019) found that 
65% of 101 visually impaired people surveyed found that their visual impairment 
made cooking difficult. This difficulty often leads to a preference for eating out or 
consuming ready-made meals, which can have a negative impact on healthy eating 
behaviors, as Bilyk et al. (2009) discovered. These data highlight the crucial impor-
tance of developing recipes to support the culinary autonomy of visually impaired 
people, enabling them to cook in a safer and more enjoyable way. A multidiscipli-
nary study of ratatouille (a traditional dish from France’s Provence region made 
from fresh vegetables and seasoned with garlic and aromatic herbs) was conducted 
by students and updated to address target population specifications (Rayaleh and 
Ang, 2024). Among the limitations of this population, a questionnaire helped to 
identify the following: food recognition, especially sliced vegetables in sauce (such 
as those found in traditional ratatouille recipes), difficulties in meal preparation and 
managing nutritional balance, and accessibility of kitchen tools. A culinary work-
shop was organized at the Valentin Haüy association’s facilities to test the new recipe 
under real-world conditions. The new recipe, “Three-bite ratatouille,” consists of a 
large savory cake made with layers of sweet bell peppers and zucchini, with a heart 
of eggplant caviar. This structure creates a unique sensory experience and was 
chosen to create a balance of textures, with the eggplant caviar acting as a creamier 
interlude, contrasting with the crunchiness of the vegetables.
The workshop also encouraged personal expression through cooking, linking the act 
of cooking with memories and emotions, while striking a balance between innova-
tion and tradition to cater for the preferences of all participants, including the oldest 
among them (Figure 7.2).

Figure  7.2. Preparation steps during the culinary workshop with participants experiencing 
visual impairments.
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The question dealt with in this chapter is: “How can the impact of an intervention on 
participants with visual impairments be evaluated?” The study investigates a generic 
methodology to assess the overall impact of the culinary workshop on a population 
with specific needs, examining both expected and unexpected outcomes. This includes 
short-term effects observed during the workshop and potential long-term impacts.

	�7.2 Proposed solution
Figure  7.3 shows the workflow used to assess the impact of an intervention at the 
individual level.

Figure 7.3. Workflow to assess the impact of an intervention at the individual level.

7.2.1 Participants and setting
The workshop was conducted with visually impaired participants and engineering 
students specializing in food science. The workshop included cooking sessions with 
adapted material, and a communal meal to foster interaction and learning.

7.2.2 Data collection
Data were collected using pre- and post-workshop questionnaires administered to 
visually impaired participants, focusing on the behavioral (habits), cognitive (know
ledge), and emotional states of the participants. The pre-workshop questionnaire 
included six questions about participants’ prior cooking experience and expectations. 
The post-workshop questionnaire had eight questions about their experience during 
the workshop, new skills acquired, emotional responses, and future cooking intentions.

7.2.3 Analysis framework
The analysis framework is based on the introduction, within a “bipolar” argumen-
tation approach (i.e., considering both “pro” and “con” arguments, see Chapter  5), 
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of the psychological theory of self-efficacy by Bandura (1997). Four key factors were 
considered as analysis criteria:

	– Performance accomplishments: Successful experience during the workshop.
	– Vicarious experience: Learning by observing peers or instructors.
	– Verbal persuasion: Encouragement and feedback received.
	– Physiological feedback: Emotional and sensory engagement during the workshop.

Based on participants’ responses to the questionnaires, all arguments expressing 
facilitations or limits to the success of the intervention in relation to the considered 
objective – gain in self-confidence for autonomous cooking – were classified according 
to two distinct dimensions.
First, they were organized based on Bandura’s four psychological criteria: performance 
accomplishments, vicarious experience, verbal persuasion, and physiological feedback.
Second, these arguments were categorized by their temporality, considering whether 
they occurred before, during, or after the workshop. Counterbalance between pro and 
con arguments, according to both dimensions, was examined to provide analysis.

	�7.3 Outcomes
Two main participant profiles emerged based on their objectives and responses.
Participant A: “High potential for improvement” profile (Table 7.1)

	– Pre-workshop: This participant had not cooked for five years due to an accident, 
indicating a low level of current cooking activity but a strong emotional motivation to 
cook for his daughter.

	– During the workshop: Reported positive experiences with cooking techniques, 
organization and sensory aspects, despite a minor difficulty with using a mandoline.

	– Post-workshop: Expressed a strong intention to continue cooking and planned 
specific future cooking activities.

Participant B: “Already experienced” profile (Table 7.2)
	– Pre-workshop: This participant frequently cooked and enjoyed it, indicating a 

high level of existing cooking activity.
	– During the workshop: Reported positive experiences similar to Participant A, 

including learning new techniques and enjoying the sensory aspects.
	– Post-workshop: Indicated no significant change in future cooking activities, 

reflecting a consolidation rather than a transformation.

	�7.4 Conclusion and resources
The video of the webinar presenting this work is provided as an openly available 
resource on: https://nextcloud.inrae.fr/s/jsPg9x6fAGaTbew (June 19, 2024, in French).

https://nextcloud.inrae.fr/s/jsPg9x6fAGaTbew
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Table 7.1 Profile of Participant A, showing pro (+) and con (−) arguments for self-efficacy 
in autonomous cooking, according to the analysis criteria

Pre-workshop During the workshop Post-workshop

+ − + − + −

Performance 
accomplish
ments

I used to 
enjoy cooking

I haven’t 
cooked at all 
for 5 years, 
since my 
accident

Organization/
accessibility:  
very well  
adapted

Mandoline:  
a bit  
difficult

Vicarious  
experience

Shown/
learned: use of a 
mandoline slicer, 
whisk, cooking 
techniques

Verbal  
persuasion

I would like to 
cook for my 
daughter

I’m going 
to make 
a tagine for 
my daughter 
next week.  
I will also buy 
a mandoline 
slicer.

Physiological 
feedback

Interested Mandoline: 
greatly 
appreciated
I really enjoyed it
Delighted
Had a lot of fun
Perception: 
touch

Table 7.2 Profile of Participant B, showing pro (+) and con (−) arguments for self-efficacy 
in autonomous cooking, according to the analysis criteria

Pre-workshop During the workshop Post-workshop

+ − + − + −

Performance 
accomplish-
ments

I cook often Workshop 
experience:  
very good
Practical, very 
well organized
Cutting zucchini, 
doing it myself

Vicarious 
experience

Mandoline:  
very new
Accessibility 
thanks to 
volunteers, 
sighted 
assistance
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Based on the proposed methodology, we can conclude that the workshop had a 
significant positive impact on participants, particularly those with less prior cooking 
experience. For Profile A, the workshop was transformative, potentially leading to 
long-term changes in cooking habits and increased self-efficacy. For Profile B, the 
workshop reinforced existing skills and confidence.
Further research should consider a more systematic approach to evaluating all 
stakeholders, including students, volunteers, and organization leaders, to gain a 
comprehensive understanding of the workshop’s broader impacts. Additionally, incor-
porating feedback from informal exchanges and addressing the diverse preferences 
in questionnaire design could enhance the evaluation process. Overall, the study 
highlights the value of tailored, interactive workshops in improving self-efficacy and 
practical skills among visually impaired individuals.
This generic methodology will be used in other food-related projects undertaken as 
part of the TRADINNOVATIONS project (Alzheimer and dysphagia patients) and 
other research projects carried out by the IATE Joint Research Unit, or even in scien-
tific mediation. The collaboration with the Valentin Haüy association is expected to 
be renewed as part of students’ projects and to help consolidate, improve, and vali-
date the methodology. The Erasmus+ TRADINNOVATIONS project consortium will 
make it possible to test the methodology in six different European countries (France, 
Slovenia, Ireland, Spain, Portugal, Finland) as well as in Tunisia and Lebanon so as to 
integrate and compare cross-cultural specificities for the same studied target popu-
lation. More broadly, the methodology used is part of a systemic study centered on 
the “eater” as an active actor in the conception of adapted food, linking it upstream 
to agricultural production and processing (on a gastronomic and industrial scale) 
and taking into account the constraints related to environment, climate change, and 
specific physiological and nutritional needs.

Pre-workshop During the workshop Post-workshop

+ − + − + −

Verbal 
persuasion

Not much 
change 
expected in 
the future,  
I already 
cook a lot

Physiological 
feedback

I like cooking Discovery, 
curiosity, 
delighted by the 
atmosphere
Touch, taste, 
presentation: 
charming, varied
Satisfaction, 
feeling of pride
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The first part of this book proposes ontology-guided methods and tools designed to 
integrate heterogeneous data sources and meant to be coupled with decision support 
systems. The second part deals with methods and tools for collective decision support.
The domain ontologies put forward in Chapter  1 for food and biobased products 
provide a standardized vocabulary to incorporate the multiple dimensions of the agri-
food system to support the design of sustainable, healthy, and affordable food and 
biobased products. The TransformON domain ontology is the only resource, to our 
knowledge, that covers both food and biobased products. Chapter 2 is dedicated to task 
ontologies for product processing and characterization processes, and more precisely 
details how the PO2 ontology can be used to describe the different steps raw mate-
rials go through to become final products. It also captures the observations made on 
both the process steps and the materials/products themselves. Moreover, the CAPEX 
ontology represents expert knowledge and practical know-how. It helps suggest 
recommendations on what actions should be made to keep product quality high or to 
fix problems when defects appear during food or biobased product processing. The 
naRyQ ontology, an ontological and terminological resource (OTR), organizes data 
from heterogeneous external sources in the same way, so they can be compared and 
consistently linked. Finally, the @Web platform, which is built on naRyQ, also includes 
a model that assesses how reliable external data sources are before being reused in 
decision support systems. In Chapter 3, we presented an approach to use table and 
text mining techniques to semi-automatically feed a knowledge base with informa-
tion extracted from a corpus of scientific articles. To this end, we rely on naRyQ and 
associated domain ontologies presented in Chapter  2 to guide the extraction. Two 
data structures, namely SciPuRe and STaRe, were designed to reconstitute instances 
of n-ary relations from text and tables. Chapter 4 addressed several decision-making 
problems by reusing data and knowledge bases presented in Chapter 2. Using collec-
tive know-how expressed as qualitative knowledge, the CAPEX platform proposes 
(by relying on the CAPEX ontology) technological recommendations to solve a 
production defect or achieve a given quality. The absence of a deterministic model 
can be managed from a reverse-engineering optimization perspective using machine 
learning models trained on data and knowledge available in the knowledge bases 
presented in Chapter 2. For decision-making purposes when using an incomplete data 
source containing candidate solutions also selected from knowledge bases presented 
in Chapter 2, it is possible to extract relevant information by using criteria considered 
as constraints or wishes thanks to fuzzy bipolar queries.
With regard to methods and tools for collective decision support, Chapter 5 covers 
methods that explicitly integrate arguments and justifications provided by stake-
holders. Two complementary approaches are presented and compared: the DAMN 
tool, based on the statement graph formalism, and the MyChoice tool, which evaluates 
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arguments through their metadata. The first use case, ArgCW-LCA, illustrates how 
DAMN can be used to build transparent weighting profiles for life cycle assessment 
criteria, ensuring that stakeholder disagreements and justifications are taken into 
account before applying multicriteria analysis. MyChoice, in turn, is exemplified on 
the assessment of biowaste valorization scenarios, highlighting how visualization 
and analysis of argument metadata can reveal areas of consensus and conflict across 
diverse stakeholder groups. The chapter provides a comparative discussion of the two 
approaches, emphasizing their strengths, limitations, and complementarities. While 
DAMN prioritizes the content and logical structure of arguments, MyChoice facil-
itates broad participatory engagement and trend analysis. Together, they illustrate 
how argumentation-based methods can improve the inclusiveness, transparency, and 
legitimacy of decision-making processes in food chains. In Chapter 6, collective deci-
sion support is combined with scenario design to address whether innovations toward 
more sustainable systems would benefit society, which parts of it, in what manner, and 
under what conditions. This combination of scenario-building techniques with both 
ontologies and multicriteria/multistakeholder argumentation lays the groundwork 
for a new branch of social life cycle assessment (S-LCA) by considering the broader 
social, economic, and environmental consequences of innovations in the value chain, 
thus offering insights to assess future transitions. Shifting to the individual scale, 
Chapter 7 investigates how to evaluate the impact of an intervention on a population 
of participants with specific needs, through a generic methodology based on bipolar 
argumentation. It examines both expected and unexpected outcomes and includes 
short-term effects observed during the workshop and potential long-term impacts.
The main avenues for future research are also discussed in this book. Several know
ledge bases were covered in Chapter 2, while Chapter 4 looked at various decision 
support models. Ongoing research is now focused on the interoperability between 
knowledge bases to build a federation that will bring new global added-value and 
services, such as allowing the enhancement of FAIR-by-Design implementation 
for experimental data management. Interoperability between knowledge bases that 
combine experimental data and technological expert know-how coupled with deci-
sion support models will also be developed in order to design digital twin models 
associated with bioresource processing.
Recent developments in AI and natural language processing have seen the rise of 
large language models (LLMs). Based on a transformer architecture, these models 
are trained on larger than ever text corpora in order to answer textual instructions 
(Toro et al.,  2024). LLMs are clearly essential resources that will permit the enrich-
ment of TransformON with concept textual definitions and facilitate the alignment 
of TransformON with other ontologies like FoodOn. LLMs will also help enhance 
the performance of table and text mining approaches presented in Chapter 3 to semi-
automatically feed knowledge bases with information extracted from scientific articles.
Regarding Chapter 5, future developments could take several directions. For DAMN, 
one important challenge is to lower the barrier to entry for nonexpert users by hiding 
the use of formal logic behind natural language interfaces, which could be accom-
plished by using recent LLM technologies. It would also be worthwhile to build 
complete participatory platforms around DAMN, where functionalities are integrated 
into the tool to allow for live debate and the visualization of evolving consensus, 
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enabling broader stakeholder deliberation. For MyChoice, future work could focus on 
enriching the evaluation layer to check the consistency between arguments and aims, 
and extend its use in participatory forecasting, i.e., simulating how stakeholder atti-
tudes and arguments might evolve over time or under new scenarios, thereby helping 
anticipate potential shifts in consensus. Together, these avenues point toward hybrid 
systems that combine rigorous reasoning with accessibility and inclusiveness. The 
methods in Chapters 6 and 7 can now be applied across other sectors and stabilized, 
thus contributing to more informed and collaborative decision-making processes 
for sustainable development. Ultimately, they pave the way for a more systematic 
approach to evaluating sustainability at all stakeholder levels, to gain a comprehensive 
understanding of the broader impacts of both innovations and interventions.
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Appendix 1
Knowledge Engineering Models  

Used in the Book

Jérôme Fortin, Patrice Buche, Pierre Bisquert

	�1 Introduction
In the field of artificial intelligence, the ability to represent, structure, and reason about 
knowledge is essential for developing expert systems, intelligent agents, and deci-
sion support platforms. This appendix presents the description logics and Semantic 
Web standards that enable the formalization of knowledge in an interoperable and 
machine-readable way.
These models and associated tools are particularly useful in contexts where data is 
heterogeneous, distributed, and originates from diverse sources: technical docu-
ments, regulatory databases, observations, or expert input. For example, modeling the 
relationships between preservation methods, types of packaging, and microbiological 
risks requires a fine-grained structuring of concepts and their interactions.
Description logics address this need by relying on solid logical foundations, while 
offering languages adapted to publishing and exchanging knowledge on the Web.
In this appendix, we first introduce the logical foundations necessary to understand 
knowledge representation models, then present the main standards used in the 
Semantic Web (Antoniou and van Harmelen, 2004):

	– RDF (Resource Description Framework), for structuring data as graphs.
	– RDFS (RDF Schema), for enriching these graphs with vocabularies and hierarchies.
	– OWL (Web Ontology Language), for modeling complex ontologies and enabling 

reasoning.
	– SKOS (Simple Knowledge Organization System), for representing controlled 

vocabularies and thesauri.
Each section is illustrated with simple examples to show how these models and associ-
ated tools can be applied to concrete use cases such as traceability, expert knowledge 
structuring, or interoperability between systems.

	�2 Logical foundations
Formal knowledge representation relies on logical tools that allow information to be 
structured in a rigorous and machine-processable way. Before introducing Semantic 
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Web languages, it is useful to briefly recall the two main types of logic on which they 
are based: propositional logic and first-order logic.

2.1 Propositional logic
Propositional logic is the simplest logical system. It manipulates atomic propositions 
(e.g., P, Q, R) that can be true or false, and combines them using logical operators:

	– ¬P (not P)
	– P ∧ Q (P and Q)
	– P ∨ Q (P or Q)
	– P → Q (if P then Q)

This system is used to reason about simple facts but is limited: it cannot represent 
complex objects, relationships between objects, or properties.
Example: 
Given the following propositions:

	– P: “The product is perishable”
	– Q: “The product is stored in a cold environment”
	– R: “The product complies with storage requirements”

we could express a simple rule meaning that if a product is perishable, then it must be 
stored cold; and if it is stored cold, then it complies with storage requirements:

(P → Q) ∧ (Q → R)

2.2 First-order logic
First-order logic introduces quantifiers and relations between objects, called predi-
cates. It allows the formulation of statements such as:

	– ∀x (Fruit(x) → Edible(x)) 
All fruits are edible

	– ∃x, ∃y (Product(x) ∧ Plastic (y), PackagedIn(x, y)) 
There exists a product packaged in plastic.
This system enables the modeling of object classes, properties, binary or n-ary rela-
tions, and general rules. It is a powerful foundation for knowledge representation, but 
its expressiveness introduces important limitations for automated reasoning. First-
order logic is semi-decidable: there exist statements for which a reasoning algorithm 
may never terminate, or may fail to prove all logical truths (issues of completeness). 
This means that a system based on this logic may be unable to answer certain queries, 
or to guarantee that all valid inferences will be produced.

2.3 Datalog and existential rules
First-order logic provides a very expressive framework for representing knowledge, 
but this expressiveness comes at the cost of quickly losing decidability. Indeed, 
reasoning in full first-order logic can lead to nonterminating processes, making it 
impractical for automated reasoning in knowledge-based systems. To address this, 
several restricted yet computationally controllable fragments of first-order logic 
have been proposed. Among them, Datalog and its existential rules extension play 
a central role.
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Datalog is a rule-based language derived from first-order logic but without function 
symbols or existential quantifiers in rule heads. It is widely used in deductive data-
bases and knowledge graph reasoning.
A Datalog rule has the general form of:

∀X∀Y B[X,Y] → H[X]
where B and H are conjunctions of atoms, X is the set of variables shared by B and H,Y 
is the set of variables that occur only in B.
This means that if all the body atoms Bi ∈ B hold, then the head atom H also holds. 
All variables appearing in the head must appear in the body, which ensures finite 
and safe inference. Existential rules extend this language by allowing existential 
quantifiers in rule heads, enabling the introduction of new, unnamed individuals 
when a rule is applied.
An existential rule has the form:

∀X∀Y B[X,Y] → ∃Z.H[X,Z]
where B and H are conjunctions of atoms, X is the set of variables shared by B and H,Y 
is the set of variables that occur only in B and Z is the set of variables that occur only 
in H (and are, thus, existentially quantified).
For example:

∀x person(x) → ∃y.parent(x,y)
states that every person has some parent, without specifying who that parent is.
The semantics of existential rules are defined through a constructive process 
known as the chase, which repeatedly applies rules to a database and introduces, 
if needed, fresh values for existential variables. Note that in general, this process 
may not terminate, so syntactic restrictions on existential rules (such as linear, 
guarded, or sticky, to name only a few) have been proposed to ensure decidability 
and tractable reasoning.
It is also interesting to note that existential rules generalize several description 
logic fragments (including DL-Lite and EL); the next section presents the notion of 
description logic.

2.4 Toward description logics
Description logics (DL) are a well-defined subset of first-order logic. They are designed 
to balance expressiveness and decidability, enabling efficient automated reasoning.
They constitute the formal foundation of languages such as OWL, and allow:

	– the definition of concepts (classes), roles (properties), and individuals (basic enti-
ties of the domain that instantiate classes and can be connected to other individuals 
through roles)

	– the expression of hierarchies, cardinality constraints, equivalences, etc.
	– the execution of automated inferences (e.g., classification, inconsistency detection)

For example, one can express that a processed product is a product that has undergone 
at least one technological operation, or that a recyclable package is a package made of 
a recyclable material.



195

Knowledge Engineering Models Used in the Book

	�3 RDF – Resource Description Framework
The Resource Description Framework (RDF) is a data model standardized by the 
W3C47 to represent structured and interoperable information on the Web. It is the 
foundational layer of the Semantic Web, enabling the description of resources and 
their relationships in the form of graphs.

The core principle of RDF is the triple: (subject, predicate, object). Each triple expresses 
a basic assertion: The subject is the resource being described. The predicate is the prop-
erty or relation. The object is the value of that property (a literal or another resource).

Example 1:

(Product123, hasPackaging, Packaging456)

(Packaging456, isMadeOf, "plastic")

(Product123, hasName, "Plain yogurt")

These triples can be visualized as a directed graph, where nodes represent resources 
and edges represent relationships. In RDF, each resource is identified by a uniform 
resource identifier (URI), ensuring uniqueness and facilitating data interlinking at 
Web scale.

Figure A1.1. Graphical representation of the RDF graph associated with Example 1.

The object of a triple can be a resource (identified by a URI) or a literal (text, number, 
date, etc.).

Example 2: 

In Figure A1.1, Product123 and Packaging456 are two resources, while "plastic" and 
"plain yogurt" are textual literal values.

RDF can be expressed in several syntaxes: Turtle (human-readable), RDF/XML, 
JSON-LD, N-Triples, etc. Although RDF does not support complex reasoning on 

47. RDF (2014, February 25; https://www.w3.org/RDF/).

https://www.w3.org/RDF/
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its own, it provides a normalized data structure upon which more expressive layers 
(such as RDFS and OWL) can be built. It also supports SPARQL, the standard query 
language for RDF graphs.48

	�4 RDFS – RDF Schema
The RDF model allows facts to be represented as triples, but it does not provide mech-
anisms to semantically structure or organize these facts. This is the role of RDFS (RDF 
Schema), which extends RDF by introducing vocabulary, typing, and hierarchy mech-
anisms.49 RDFS allows the definition of classes (types), properties, and relationships 
between these elements, making it a simple but limited semantic structuring language.
In RDFS, two main kinds of relations (or properties) can be distinguished. First are 
structural relations, such as subClassOf and subPropertyOf, which define hierarchies 
between classes and between properties to allow for the construction of taxonomies 
and inheritance of characteristics. The second type of relations are semantic relations 
used as predicates in RDF triples (e.g., hasPackaging), which specify the meaning of 
directed links between a subject and an object. Such predicates connect instances of 
classes – for example, a Product and a Packaging – and thereby provide the semantic 
content of the graph.
For example, one can declare that:

	– Product is a class
	– Packaging is a class
	– hasPackaging is a property

This property links a Product to a Packaging.
RDFS also allows the construction of class and property hierarchies through the prop-
erty rdfs:subClassOf. For example, this means that every DairyProduct is a Product, and 
that hasFoodPackaging is a specialization of hasPackaging. Thanks to these mechanisms, 
RDFS enables the structuring of a vocabulary and the inference of implicit facts. For 
instance, if an individual is declared as a DairyProduct, an RDF engine can infer that it 
is also a Product. However, RDFS remains limited in expressiveness: it cannot express 
complex constraints (such as cardinalities, disjunctions, or class equivalences). For that, 
more powerful languages like OWL are used, which we will explore in the next section.

	�5 OWL – Web Ontology Language
The Web Ontology Language (OWL) is a W3C standard designed to model rich and 
formally defined ontologies.50 It is based on description logics, which provide formal 
semantics and enable automated reasoning over the represented knowledge. Unlike 
RDF and RDFS, which allow the structuring of data graphs, OWL supports the 
expression of logical constraints, complex definitions, and inference rules.
OWL introduces several key notions:

	– Classes: sets of individuals (e.g., Product, Packaging)
	– Individuals: concrete instances (e.g., Yogurt123, Bottle456)

48. SPARQL 1.1 Query Language (2013, March 21; https://www.w3.org/TR/sparql11-query/).
49. RDF Schema 1.1 (2014, February 25; https://www.w3.org/TR/rdf-schema/).
50. OWL (2012, December 11; https://www.w3.org/OWL/).

https://www.w3.org/TR/sparql11-query/
https://www.w3.org/TR/rdf-schema/
https://www.w3.org/OWL/
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	– Properties: relationships between individuals or between an individual and a value 
(e.g., hasPackaging, isMadeOf)

	– Axioms: logical statements about classes, properties, or individuals
OWL requires that properties are either ObjectProperties or DatatypeProperties: 
DatatypeProperties are relations between instances of classes and literals, while 
ObjectProperties are relations between instances of two classes.
OWL allows also the definition of class equivalences, restrictions (e.g., cardinality, 
value types), defined classes with necessary and sufficient conditions, and property 
characteristics (e.g., transitive, symmetric, functional).
Let’s consider a simple example:

ex:Product a owl:Class . 
ex:Packaging a owl:Class . 
ex:hasPackaging a owl:ObjectProperty ; 
         rdfs:domain ex:Product ; 
         rdfs:range ex:Packaging .

We can define a class by restriction that states that a ProductWithPlasticPackaging is 
a product that has at least one packaging made of plastic:

ex:ProductWithPlasticPackaging a owl:Class ; 
  owl:equivalentClass [ 
    a owl:Class ; 
    owl:intersectionOf ( 
      ex:Product 
      [ a owl:Restriction ; 
        owl:onProperty ex:hasPackaging ; 
        owl:someValuesFrom [ 
          a owl:Class ; 
          owl:hasValue "plastic" ; 
          owl:onProperty ex:isMadeOf 
        ] 
      ] 
    ) 
  ] .

Thanks to OWL’s formal semantics, a reasoner can infer class membership for indi-
viduals, check ontology consistency, and deduce implicit relationships (e.g., hierarchy, 
equivalence).
For example, if we declare:

ex:Yogurt123 a ex:Product .
ex:Yogurt123 ex:hasPackaging ex:Bottle456 .
ex:Bottle456 ex:isMadeOf "plastic" .

a reasoner can automatically infer that Yogurt123 is an instance of 
ProductWithPlasticPackaging.
OWL is available in several profiles, offering different trade-offs between expressive-
ness and computational performance:

	– OWL Lite: a simplified version, rarely used today
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	– OWL DL: based on Description Logics, with complete and decidable reasoning
	– OWL Full: highly expressive, but without guarantees of decidability

In practice, OWL DL (and its new version, OWL 2) is the most commonly used in 
systems requiring reliable reasoning.

	�6 SKOS – Simple Knowledge Organization System
SKOS is an RDF-based model designed to represent knowledge organization systems 
such as thesauri, taxonomies, subject headings, or controlled vocabularies. It is stand-
ardized by the W3C and fits within the Semantic Web framework, while remaining 
simpler and more flexible than OWL.51

Unlike OWL, which supports complex logical modeling, SKOS focuses on structuring 
vocabularies in a way that is interoperable and human-readable. The central element 
in SKOS is the concept (skos:Concept), representing a unit of meaning (e.g., Dairy 
Product, Recyclable Packaging, Storage Temperature). Each concept can be described 
using:

	– a preferred label (skos:prefLabel): the main name of the concept
	– alternative labels (skos:altLabel): synonyms or lexical variants
	– a definition (skos:definition): textual description
	– hierarchical relations (skos:broader, skos:narrower): generalization/specialization
	– associative relations (skos:related): non-hierarchical links

Example:
ex:Yogurt123 rdf:type skos:Concept .
ex:Yogurt123 skos:prefLabel "yogurt"@en .
ex:Yogurt123 skos:altLabel "yoghurt"@en .
ex:Yogurt123 skos:prefLabel "yaourt"@fr .
ex:Yogurt123 skos:altLabel "yoghourt"@fr .
ex:Yogurt123 skos:definition “a creamy, slightly sour food made by fermenting milk 

with specific bacteria, usually eaten plain or flavored, and often considered a source 
of probiotics.” @en .

ex:Yogurt123 skos:definition “aliment lacté obtenu par fermentation du lait grâce 
à des bactéries spécifiques, de texture crémeuse et de goût légèrement acidulé, 
consommé nature ou aromatisé.” @fr .
SKOS is particularly suited for publishing or sharing domain-specific vocabularies, 
structuring data categories in information systems, aligning multiple vocabularies 
(via  skos:exactMatch, skos:closeMatch, etc.), or enabling semantic navigation in data 
portals or digital libraries. It is widely used in digital libraries, archives, museums, open 
data platforms, and scientific repositories (e.g., AGROVOC, EuroVoc, MeSH). SKOS 
does not support complex logical reasoning. It does not define classes, properties, or 
formal constraints. It is therefore complementary to OWL: SKOS can be used to struc-
ture a vocabulary, while OWL can model logical relationships between concepts.

51. Simple Knowledge Organization System Reference (2009, August 18; https://www.w3.org/TR/skos- 
reference/).

https://www.w3.org/TR/skos-reference/
https://www.w3.org/TR/skos-reference/
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	�7 Fuzzy sets
Fuzzy sets, introduced by Zadeh in 1965 (Zadeh, 1965), provide a mathematical 
framework for representing imprecision, preferences, and similarities by way of 
gradual membership. Unlike classical sets, where an element either does or does not 
belong to a set, fuzzy sets allow intermediate degrees of membership between 0 and 1. 
This makes them well suited for modeling vague concepts or expressing user prefer-
ences in information systems.
A fuzzy set μ defined on a space A is a function μ: A → [0,1] where μ(x) represents the 
membership degree of element x.
The support S(μ) is the set of x ∈ A for which μ(x) > 0, and the kernel K(μ) is the set of 
x for which μ(x) = 1.
Examples from @Web
In the @Web data warehouse, fuzzy sets on discrete domains are used to enrich 
queries expressing preferences as filtering criteria. Consider the discrete domain of 
microorganism types {Gram+, Gram−}. A user can express preferences as a fuzzy set:

μMicroPref={(Gram+,1.0),(Gram−,0.5)}.
where support(μMicroPref )={(Gram+,1.0)} and kernel(μMicroPref )={}.
Thus, in a query aimed at retrieving growth parameters, a result concerning a Gram+ 
microorganism will be considered fully satisfactory (μ=1), whereas a result concerning 
a Gram− microorganism will still be accepted, but with reduced satisfaction (μ=0.5)
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Legend for the Workflow Diagrams

Patrice Buche

Workflow diagrams are used in all the chapters to describe the software workflows 
used to implement the proposed solutions to the research questions. The legend used 
in those diagrams (based on the example of Figure 2.2 replicated below) is presented 
here.

Figure A2.1. Workflows associated with the PO² knowledge base.
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In this figure, the blue triangles represent ontologies. In Figure A2.1, they represent 
the PO2 task ontology presented in Chapter 2 specialized by the TransformON domain 
ontology presented in Chapter 1.
The green parts of the triangles represent RDF graphs that correspond to instances of 
classes and properties belonging to the ontologies. In Figure A2.1, they correspond to 
the RDF graph instances of the TransformON ontology.
The rectangular arrows with a cog represent semi-automatic processing. In Figure A2.1, 
the first rectangular arrow (a) represents the semi-automatic processing performed by 
the PO2 Manager software to generate RDF graphs, instances of the TransformON 
ontology. The second rectangular arrow (b) represents the data querying step 
performed using SPO2Q software, which generates a SPARQL query and the data 
table in CSV format corresponding to the query execution on the PO2 triple store.
Cylinders represent databases and data warehouses excluding RDF databases repre-
sented as parts of triangles as already explained above. In Figure A2.1, the cylinder 
represents the Research Data Gouv dataverse.
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This book presents workflows – combinations of digital processing steps based 
on knowledge engineering – to address complex problems in the agrifood and 
bioproduct industries. These workflows enable the collection, organization, 
sharing, linking, and updating of various sources: expert opinions, experimen‑
tal data, and stakeholder preferences. The main methodological challenge is 
the extraction, representation, and integration of imperfect data for reusing in 
tasks such as learning, prediction, and decision support.

Knowledge engineering, a branch of AI, provides the methods and tools 
needed for expertise formalization, automated reasoning, and supported 
decision‑making. The book builds on the work of the INRAE ICO team at the 
IATE research unit (Montpellier, France) and the INRAE CATI DIISCICO network, 
which were awarded the Open Science Research Data Award 2023 by the French 
Ministry of Research. This research results from a long‑term collaboration with 
experts from the INRAE TRANSFORM division and their partners.

The workflows are implemented in innovative tools for capitalizing and 
processing data/knowledge; applied to specific agrifood sector issues; 
and intended to support collective decision‑making. They are illustrated with 
concrete cases, such as the design of biodegradable packaging composites, 
the selection of food product packaging, and technological recommendations 
for cheese quality.

The book details the methodologies and tools based on the generic nature of 
the approaches to ensure their durability, independent of technology, while 
also providing open resources (software, datasets, ontologies, thesauri) so 
they can be reused or adapted to other contexts.
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