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How Food and Nutrition can help to fight 
against COVID-19 Pandemic?
• EVIDENCE-BASED KNOWLEDGE: An 

optimal intake of food and nutrients 
strengthens our immune system.

• OPEN RESEARCH QUESTIONS: 
1. What is an optimal nutritional status 

under specific (personal and 
external) conditions?

2. How to achieve an optimal nutrition? 



How to find answers to such open research 
questions?
• We require knowledge based on scientific evidence (and not 

intuition)!

• Steps to acquire such knowledge:
1. Conduct research
2. Collect reliable data and corresponding metadata
3. Extract information from data
4. Assemble knowledge from multiple pieces of information



How to find answers to open research 
questions?
• We require knowledge based on scientific evidence (and not 

intuition)!

• Steps to acquire such knowledge:
1. Conduct research
2. Collect reliable data and corresponding metadata
3. Extract information from data
4. Assemble knowledge from multiple pieces of information

Our focus



The Data – Information – Knowledge 
hierarchy
• Data are the individual facts that 

have no meaning and are 
difficult to be understood.

• For example: 30.85 mg



The Data – Information – Knowledge 
hierarchy
• Data are the individual facts that 

have no meaning and are 
difficult to be understood.

• For example: 30.85 mg

• Once data are considered in 
specific context, they get a 
meaning and can be understood.

• Context: content of Cy-3-GE per 
mL of elderberry juice

• Data in this context: 30.85 mg of 
Cy-3-GE per mL of elderberry juice



The Data – Information – Knowledge 
hierarchy
• Information is a set of data in context with relevance (to one or more 

people at a point of time or for a period of time):
• 1 ml of the elderberry (Sambucus nigra L.) juice contains 30.85 mg of Cy-3-GE



The Data – Information – Knowledge 
hierarchy
• Knowledge is information that has been 

retained with an understanding about the 
significance of that information.

• Considering the pieces of information:
• 1 ml of the elderberry (Sambucus nigra L.) juice 

contains 30.85 mg of Cy-3-GE.
• Cy-3-GE is a term for the compound 

cyanidin-3-O-glucoside.
• Anthocyanins have shown antimicrobial, 

antioxidative, anti-inflammatory, and 
anti-mutagenic properties.

• The intake of even moderate amounts of 
anthocyanins (<50 mg) daily is associated with 
risk reduction for cardiovascular disease, type 2 
diabetes mellitus, and neurological decline. 

• we could conclude that drinking the 
elderberry juice is recommended in the 
prevention and treatment of the SARS-CoV-2 
infections. 

• However, there is an additional important 
piece of information:

• The elderberry increases the release of 
a cytokine (interleukin 1 beta), which is 
part of the inflammatory reaction to 
COVID-19 that can result in acute 
respiratory distress.

• Therefore, elderberry shouldn’t be taken by 
anyone who tests positive for the virus! 



The Data – Information – Knowledge 
hierarchy
• We are focusing on formal 

knowledge that is codified and 
stored, and is capable of being 
shared with domain experts and 
information systems.

Knowledge

Information

Data

given context

understanding relevance



How Food and Nutrition can help to fight 
against COVID-19 Pandemic?
• EVIDENCE-BASED KNOWLEDGE: An 

optimal intake of food and nutrients 
strengthens our immune system.

• OPEN RESEARCH QUESTIONS: 
1. What is an optimal nutritional status 

under specific (personal and 
external) conditions?

2. How to achieve an optimal nutrition? 



Which factors influence the nutritional 
status?
• The nutritional status of an individual is affected by several factors, 

such as 
• age and sex, 
• health status, 
• life style (including dietary habits) and 
• medications.

• In order to find an answer to the first question (“What is an optimal 
nutritional status under specific conditions?”), knowledge based on 
information extracted from food, nutrition and biomedical data is 
required. 



Food data

• Examples:
• Food classification
• Food composition (generic and branded food items)

• Sources:
• Databases (e.g., EuroFIR) and catalogues (e.g., LanguaL, EFSA FoodEx2)
• Repositories (e.g., FooDB) and food semantic resources (to be explained by 

Tome)
• Peer-reviewed and gray literature (PubMed)
• Web stores (branded food items)

• Who collects food data: Food scientists applying chemistry, biology, 
and other sciences to study the basic elements of food.



Nutrition data

• Examples:
• Food consumption
• Dietary reference values
• Dietary recommendations and guidelines

• Sources:
• Peer-reviewed and grey literature
• Databases and knowledge bases (e.g., EFSA) - to be explained in the following 

presentations

• Who collects nutrition data: Nutrition scientists, in order to find 
information regarding the types and quantities of foods people eat 
and should eat.



Biomedical data

• Examples:
• Routine medical data , e.g., height, mass, blood pressure, cholesterol levels, medications used, etc.
• Specialized laboratory data , e.g., proteins, lipids, metabolites, imaging
• Genetic data , e.g., genotype or sequencing
• Gene expressions and epigenetic data

• Possible sources: 
• Medical records
• Biological measurements
• Diagnostic procedures
• Questionnaires or interviews
• Biomedical semantic resources (to be presented in the next presentations)

• Who collects biomedical data: Biomedical scientists, in order to support the diagnosis and 
treatment of disease. 



The Data – Information – Knowledge 
hierarchy 
• Knowledge is information that has been 

retained with an understanding about the 
significance of that information.

• Considering the pieces of information:
• 1 ml of the elderberry (Sambucus nigra L.) juice 

contains 30.85 mg of Cy-3-GE.
• Cy-3-GE is a term for the compound 

cyanidin-3-O-glucoside.
• Anthocyanins have shown antimicrobial, 

antioxidative, anti-inflammatory, and 
anti-mutagenic properties.

• The intake of even moderate amounts of 
anthocyanins (<50 mg) daily is associated with 
risk reduction for cardiovascular disease, type 2 
diabetes mellitus, and neurological decline. 

• we could conclude that drinking the 
elderberry juice is recommended in the 
prevention and treatment of the 
SARS-CoV-2. 

• However, there is an additional important 
piece of information:

• The elderberry increases the release of 
a cytokine (interleukin 1 beta), which is 
part of the inflammatory reaction to 
COVID-19 that can result in acute 
respiratory distress.

• Therefore, elderberry shouldn’t be taken by 
anyone who tests positive for the virus! 

Info from 
food data

Info from 
nutrition 
data

Info from biomedical 
data

Complete (linked & integrated) information needs to be considered!!!



Information from non-scientific literature



Challenges with data from heterogeneous 
sources
• Data is ‘dirty’ (different units, codings, standards, unreliable)

• Data can be of different types:
• Structured (fixed format)
• Unstructured (unfixed format, e.g. textual data, images, videos etc.)
• Semi-structured (structured in form but without definition in relational DBMS, 

e.g. XML file)

• Data are missing (solution: discarding or imputation)

• Data are becoming ‘big’



Why Big Data are so relevant?

• BASIC DEFINITION: Big Data 
means data that are huge in size 
and yet growing exponentially 
with time.

• They are collected by apps, 
gadgets, social media, IoT etc.

• WHY NEEDED: Big data is 
necessary to isolate hidden 
patterns and to find answers 
without overfitting the data. 
(Wayne Thompson)

INTERESTING: A yottabyte is the largest unit approved as a 
standard size by the International System of Units. 1 YB is 
approx. a million trillion megabytes. 



Relevant ongoing bigger projects

• H2020 FNS-Cloud (https://www.fns-cloud.eu) – Food, nutrition, 
security cloud as part of EOSC 

• EFSA CAFETERIA – semantic resources to support EFSA in automated 
extraction of information on food safety from literature

• H2020 COMFOCUS (https://comfocus.eu) – project trying to find an 
answer to our second question (“How to achieve an optimal nutrition 
and what are current obstacles?”)

• Tome’s Postdoc project MrBEC (http://cs.ijs.si/project/mrbec/) - 
ambitious project on advanced approaches for benchmarking in 
evolutionary computation 

https://www.fns-cloud.eu/
https://comfocus.eu/
http://cs.ijs.si/project/mrbec/


Organisation of international events

• AI & Food track at the Applied Machine Learning Days, EPFL 
(https://appliedmldays.org)

• BIOMA 2022 - The 10th International Conference on Bioinspired 
Optimization Methods and Their Applications, Maribor, 17-18 
November 2022 (https://bioma2022.um.si/Committees/) 



Food and biomedical 
semantic resources

Tome Eftimov

Computer Systems Department

Jožef Stefan Institute, Ljubljana



Biomedical semantic resources



Biomedical semantic resources



International Classification of Diseases (ICD)



Food semantic resources



Selecting the appropriate UMLS concepts about 
our study

● Selecting the appropriate semantic 
groups/semantic types

● Identify all concepts (identifiers) from the selected 
groups/types (MRSTY.RFF table)

● Identify all concepts’ names and synonyms for the 
selected identifiers (MRCONSO.RFF)



Example: MRSTY table



Example: MRCONSO table



Example: MRCONSO table



FoodOntoMap

Popovski, G., Seljak, B. 
K., & Eftimov, T. (2020). 
A survey of 
named-entity 
recognition methods for 
food information 
extraction. IEEE Access, 
8, 31586-31594.

Popovski, G., 
Korousic-Seljak, B., & 
Eftimov, T. (2019). 
FoodOntoMap: Linking 
Food Concepts across 
Different Food 
Ontologies. In KEOD (pp. 
195-202).

https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://ieeexplore.ieee.org/document/8995569
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf
https://www.scitepress.org/Papers/2019/83532/83532.pdf


Food and biomedical rule-based information 
extraction (IE) from textual data

Gordana Ispirova, Matevž Ogrinc
Computer Systems Department
Jožef Stefan Institute, Ljubljana



Information Extraction (IE)  

Named-Entity Recognition (NER)

Excessive  salt  intake has been associated with a higher incidence of   heart disease.

Named-Entity Linking (NEL)

Excessive  salt  [00002 (FOODB)] intake has been associated with a higher incidence of   heart disease [0001 (UMLS)].



Rule-based NERs

1. Creating dictionaries
2. NER with Spacy
3. NER with NCBO



Creating dictionaries

1. FoodEx2 based dictionary 



Creating dictionaries
1. FoodEx2 based dictionary 

2. FooDB based dictionary
a. NCBI taxonomy id
b. FooDB id



Creating dictionaries
1. A
2. B

3. UMLS Metathesaurus Data dictionary (MRSTY and 
MRCONSO tables)



NER with Spacy



Evaluation results
Preheat skillet over medium heat. Generously butter one side of a slice of bread. 
Place bread butter-side-down onto skillet bottom and add 1 slice of cheese. Butter a 
second slice of bread on one side and place butter-side-up on top of sandwich. Grill 
until lightly browned and flip over; continue grilling until cheese is melted. Repeat with 
remaining 2 slices of bread, butter and slice of cheese.



NER WITH NCBO

- Ontologies 
- NCBO annotator demo
- Results



Ontologies



Ontologies
What are we looking for?

Baking banana bread is one of my favorites, and I love nothing more than enjoying a slice with a nice cup of coffee.

This was the inspiration for my recipe, which features a coffee infused loaf and a rich caramel glaze.

SNOMEDCT FOODON



Ontologies

Is the annotator program limited to one domain?



NCBO annotator demo



Results

Where is the problem?

Baking banana bread is one of my favorites, and I love nothing more than enjoying a slice with a nice cup of coffee.

This was the inspiration for my recipe, which features a coffee infused loaf and a rich caramel glaze.



Results

Ontology 
population

Ontology 
Database

Better results



Domain experts’ information extraction 
evaluation using a Human-Computer 

Interaction tool

Eva Valenčič
Computer Systems Department

Jožef Stefan Institute, Ljubljana



Human-computer interaction tool

FoodViz
- computer methods do not always give perfect results   

- domain experts can manually make corrections 

- tool for visualization of automatically annotated text on foods 

- allows to explore the existing link between food standards (SNOMED CT, 
FoodOn, etc.) 



FoodViz



FoodViz



Human-computer interaction tool

http://foodviz.env4health.finki.ukim.mk/#/recipes 

http://foodviz.env4health.finki.ukim.mk/#/recipes


Food, chemical, and disease 
relation extraction

Gjorgjina Cenikj

Computer Systems Department

Jožef Stefan Institute, Ljubljana



foodcompound

nutrient

disease
patient 
record

drug

treatment

anatomy

BIOMEDICAL DOMAIN

recipe

FOOD DOMAIN

Knowledge Graphs



NAMED ENTITY 
RECOGNITION:
FOOD ENTITY

NAMED ENTITY 
LINKING:

00002 (FOODB)

NAMED ENTITY 
RECOGNITION:
DISEASE ENTITY

NAMED ENTITY 
LINKING:

0001 (UMLS)

RELATION 
EXTRACTION:

SALT - CAUSE - HEART 
DISEASE

Excessive  salt  intake has been associated with a higher incidence of   heart disease.

IE pipelines for Knowledge Graph Construction
Example



● RE method for detecting cause and treat relations

● Main challenge: lack of annotated data with relations between food and 

disease entities

● Proposed solution: use transfer learning to repurpose existing resources 

in the biomedical domain for the food domain

Gjorgjina Cenikj, Tome Eftimov, Barbara Koroušić Seljak. “SAFFRON: tranSfer leArning For Food-Disease RelatiOn 
extractioN”, Annual Conference of the North American Chapter of the Association for Computational Linguistics 2021

SAFFRON
TranSfer leArning For Food-Disease RelatiOn extractioN

http://dx.doi.org/10.18653/v1/2021.bionlp-1.4
http://dx.doi.org/10.18653/v1/2021.bionlp-1.4


food disease

drug adverse effect

adverse effect

cause
treat

Transfer Learning Data

biomedical 
entity

cause
treat

biomedical 
entity

The CrowdTruth dataset - source

~4000 sentences

The FoodDisease dataset - source and target

~600 sentences

SAFFRON

Adverse Drug Events (ADE) dataset - source

~6800 sentences



ORIGINAL SENTENCE:
Several epidemiological and preclinical studies supported the protective effect of coffee on Alzheimer's 

disease.

ENTITY MASKING:
Several epidemiological and preclinical studies supported the protective effect of XXX on YYY

CONTEXT EXTRACTION:
supported the protective effect of XXX on YYY

SAFFRON
Preprocessing



● Performs fine-tuning of BERT, RoBERTa and BioBERT models on data 

annotated for relations between different biomedical entities 

● Relation extraction treated as binary classification, with each model 

producing a 0/1 indicator of the existence of a single relation

● Best models achieve macro averaged F1 scores of 0.847 and 0.900 for the 

cause and treat relations, respectively.

SAFFRON
Models



● Information extraction pipeline for semi-automatic relation mining

● Extracts cause or treat relations between food and disease entities from 

biomedical scientific literature

● Links entities to different knowledge bases in the biomedical and food 

domains

Gjorgjina Cenikj, Tome Eftimov, Barbara Koroušić Seljak. “FooDis: A food-disease relation mining pipeline”, Journal of 
Medical Internet Research, 2021, In second round review

FooDis
A food-disease relation mining pipeline



Type Extractor

Entity 1 Food Voting 
scheme

Entity 2 Disease SABER-DISO

Relation Cause/Treat SAFFRON

FooDis
Pipeline overview



SABER for biomedical NER&NEL

● Sequence Annotator for Biomedical Entities and Relations

● Biomedical NER&NEL tool, based on a BiLSTM-CRF neural architecture

● Pretrained NER models are provided for identifying diseases, genes, 

organisms and chemicals

● Disease entities are linked to concepts in the Disease Ontology, chemical 

entities are linked to PubChem



Limitations of food NER methods

Corpus-based methods:

● Excessive  salt  intake has been shown to cause  heart disease, while 

avocado oil  consumption has been linked to lower risks of heart disease.

Dictionary-based methods:

● Excessive salt intake has been shown to cause heart disease, while

 avocado oil  consumption has been linked to lower risks of heart disease.



FooDis
Food voting scheme



We hypothesize that excessive salt intake increases the risk of heart disease.

Our results indicate that excessive salt intake increases the risk of heart 
disease.

It has been shown that excessive salt intake increases the risk of heart disease.

We perform clinical trials and observe the reactions of 50 patients to test if 
excessive salt intake increases the risk of heart disease.

Hypothesis

Analysis

Fact

Method

Sentence relevance filtering
FooDis

Excessive salt intake increases the risk of heart disease.



FooDis
Sentence relevance filtering



A voting scheme 
implemented by 
combining 8 of the 
SAFFRON models, 4 per 
each of the 2 relations, 
cause and treat

FooDis
Relation extraction



FooDis
Number of extracted, linked relations



Type Extractor

Entity 1 Food Voting 
scheme

Entity 2 Chemical SABER-CHED

Relation Contains FoodChem

FoodChem
Pipeline overview



● Extracts contains relations between food and chemical entities 

● RE task is treated as a binary classification problem

● fine-tuning BERT, BioBERT and RoBERTa transformer models

● The BioBERT model achieves the best results, with a macro averaged F1 

score of 0.902

Gjorgjina Cenikj, Tome Eftimov, Barbara Koroušić Seljak. “FoodChem: A food-chemical relation extraction model”, IEEE 
Symposium Series on Computational Intelligence, 2021,  IEEE Symposium Series on Computational Intelligence (IEEE SSCI 
2021) 

FoodChem
A food-chemical relation extraction model



Food, Chemical, and Disease KG



Patient diagnosis prediction 
using EHRs

Tome Eftimov

Computer Systems Department

Jožef Stefan Institute, Ljubljana



SNOMED2vec representations (embeddings)



SNOMED2vec representations (embeddings)



Diagnosis prediction



Diagnosis prediction
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