FoodViz: Visualization of Food Entities Linked
Across Different Standards

Riste Stojanov', Gorjan Popovski??, Nasi Jofce!, Dimitar Trajanov!, Barbara
Korousié Seljak?, and Tome Eftimov?

! Faculty of Computer Science and Engineering, Ss. Cyril and Methodius, University,
Skopje, North Macedonia
{riste.stojanov,nasi.jofce,dimitar.trajanov}@finki.ukim.mk
2 Computer Systems Department, Jozef Stefan Institute, Ljubljana, Slovenia
{gorjan.popovski,barbara.korousic,tome.eftimov}@ijs.si
3 Jozef Stefan International Postgraduate School, Ljubljana, Slovenia

Abstract. Many research questions from different domains involve com-
bining different data sets in order to explore a research hypothesis. One
of the main problems that arises here is that different data sets are
structured with respect to different domain standards and ensuring their
interoperability is a time-consuming task. In the biomedical domain,
the Unified Medical Language System supports interoperability between
biomedical data sets by providing semantic resources and Natural Lan-
guage Processing tools for automatic annotation. This allows users also
to understand the links between different biomedical standards. While
there are extensive resources available for the biomedical domain, the
food and nutrition domain is relatively low-resourced. To make the links
between different food standards understandable by food subject matter
experts we propose the FoodViz. It is a web-based framework used to
present food annotation results from existing Natural Language Process-
ing and Machine Learning pipelines in combination with different food
semantic data models. Using this framework, users would become more
familiar with the links between different food semantic data models.

Keywords: visualization - food named-entity recognition - big data on
food and nutrition

1 Introduction

Recently published studies have shown that food is one of the most important
environmental factors that is interrelated with human health [I], [2], [T9]. Due to
this, the United Nations have determined “End hunger, achieve food security and
improved nutrition and promote sustainable agriculture” as one of its sustainable
development goals to be achieved by the target date of 2030 [22]. In support of
this goal, many research studies are conducted across the globe, producing big
amounts of heterogeneous data whose analysis may find answers to complex
questions related to agri-food, nutrition/health, and the environment. However,
a synergy between already conducted studies first needs to be achieved. This
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requires a fusion of their data sets that is a challenge due of their diversity and
the diversity of their meta data. Although food is a common every-day concept,
it is described by different concepts and entities in the domains of agri-food,
nutrition/health, and environment.

One of the most challenging issues that should be solved before starting
the modelling process is to make food- and nutrition-related data sets from
the domains of agri-food, nutrition/health, and environment interoperable. This
implicates that each of them uses different, already established, food standards
to describe the food data. However the links between these different standards
are not explored in detail [29].

Conversely, in the past two decades, a huge amount of work and effort have
been done in the biomedical domain. Many standards have already been inter-
linked by developing the Unified Medical Language System (UMLS) [9]. The
UMLS is a collection of several health and biomedical vocabularies and stan-
dards, supported with lexical and semantic similarity tools for data normaliza-
tion of biomedical entities [7], as well as with different visualization tools to make
subject matter experts familiar with the information that is presented in it. All
of this contributes to the rapid developments in predictive healthcare, which
utilize these resources in combination with state-of-the-art artificial intelligence
(AI)-based methods.

Compared to the biomedical domain, the domains of agri-food, nutrition/health,
and environment have several food standards that can be used to describe the
food data depending on the research question that is being addressed. Some of
them are either still being developing or under exploration in order to discover
their utility. However, it is a clear goal that links between them should be estab-
lished in order to combine different data sets (e.g., on food intake and lifestyle,
food composition and bioactivity, food safety, food authenticity and traceabil-
ity, dietary guidelines available as text, electronic health records, agricultural
data, environmental data etc.) and to answer more research questions (e.g. from
foodomics). Additionally, the links between different food standards should be
well-understood by food subject matter experts in order to know how to code
their collected research data, to make it further interoperable with other research
data sets.

To make subject matter experts familiar with the links that exist between dif-
ferent food standards, we present FoodViz, a user-friendly tool for visualization
of automatically annotated text on foods. It helps the process of food data in-
teroperability and additionally offers a possibility of correcting the results given
by automatic extraction and data normalization.

The rest of the paper is organized as follows. Section 2] provides an overview
of food named-entity recognition methods, followed by Section [3]in which food
semantic resources along with food data normalization methods are presented.
Section [ presents the FoodViz tool. Finally, the conclusions of the paper are
presented in Section
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2 Food Named-entity Recognition

To extract information related to a specific domain from raw textual data, in-
formation extraction (IE) should be applied. IE is a task from natural language
processing (NLP) [3], where the main goal is to automatically extract domain
entities from text, which are specified by subject matter experts. This further
helps the process of extracting relations between different entities and addition-
ally eases the process of extracting events associated with the extracted entities.

Named-entity recognition (NER) is a task from IE, which deals with auto-
matically detecting and identifying phrases from the text that represent domain
entities. With regard to the pipeline according to which they are developed,
there exist several types:

— Terminological- or dictionary-based [39] - where the extraction is related
with a domain specific dictionary. This means that only the entities that
are mentioned in the dictionary can be extracted. Additionally, different
search heuristics are also applied in order to solve problems that appear
with synonyms and different lexical forms of the same entity.

— Rule-based [18)26] - where apart from the dictionary, additional rules in form
of regular expressions are developed. These rules define the characteristics
of the entitites, which are also domain specific (e.g., in the chemical domain
many of the entities names have known prefixes and suffixes).

— Corpus- or Machine Learning (ML)-based [5I23] - where the extraction is
done using a trained machine learning model. It requires an annotated cor-
pus, whose creation can be a time-consuming task where subject matter
experts need to manually annotated the entities of interest in the textual
data. Once the corpus is prepared, supervised ML methods are used to train
a model.

— Active Learning (AL)-based [34] - where semi-supervised learning is applied.
It starts with a small annotated corpus to train a NER model. Then, an un-
annotated corpus is used as input and the NER model is retrained. In these
cases, the training process iteratively interacts with subject matter experts,
who annotate sentences queried from the corpus.

— Deep Learning (DL)-based [24] - where deep neural networks are used to
train a model. They typically require large amounts of annotated data.

Despite the existence of several types of NER methods, their application in
different domains depends on the available resources (e.g., dictionaries, semantic
data models, annotated corpus) in that specific domain. If we look at the biomed-
ical domain, there is a huge amount of work done in this direction [8JT636]. This
would not be possible without the existence of diverse biomedical vocabularies
and standards [9], which play a crucial role in understanding biomedical infor-
mation, coupled with the collection of a large amount of biomedical data (e.g.,
drug, diseases and other treatments) from numerous sources and shared NLP
workshops [6I21I32137I38].

However, if we look at food and nutrition from the perspectives of agricul-
ture, health and environment, it seems to be low-resourced. There are only a few
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food semantic data models (i.e. ontologies) that are developed only as a solution
to a specific application problem [I0]. Additionally, the links between them are
not well explored, which causes interoperability difficulties in combining different
food-related data sets that are described using them. As a consequence of the
resource limitation, there are only a few NERs that can be used for food informa-
tion extraction. A rule-based NER, known as drNER [I4], is developed to extract
information from evidence-based dietary recommendations. Within the entities
of interest, drNER additionally extracts phrases that consist of food entities. It
was further extended and improved by developing FoodIE [27], where the focus
is only on food entities. FoodIE is also a rule-based NER, where the rules are
combination of computational linguists properties with food semantic informa-
tion from Hansard corpus [4]. Another way to extract food entities is to use the
NCBO Annotator, which is a web service that annotates text by using relevant
ontology concepts [20]. It is a part of the BioPortal software services [25], which
means that in the food domain it can be combined with food-related ontologies
such as FoodOn [I7], OntoFood, and SNOMED-CT [I1]. More details about a
comprehensive comparison of four food NERs (i.e. FoodIE, NCBO (SNOMED
CT), NCBO (OntoFood), and NCBO (FoodON)) are available in [30].

3 Food Data Normalization

Data normalization is a crucial task that allows interoperability between data
sets that are described using different standards. By applying data normaliza-
tion, we are mapping entities between different vocabularies, standards, or se-
mantic resources.

In the food domain, there are several resources that can be used for food
data normalization. Some of them are:

— FoodEx2 - a description and classification system, proposed by the European
Food Safety Agency (EFSA) [12].

FoodOn - provides semantics for food safety, food security, agricultural and
animal husbandry practices linked to food production, culinary, nutritional
and chemical ingredients and processes [17].

— OntoFood - a nutrition ontology for diabetes.

— SNOMED CT - a standardized, multilingual vocabulary of clinical termi-
nology that is used by physicians and other health care providers for the
electronic health records [I1]. It also consists of a Food concept.

The Hansard corpus - a collection of text and concepts created as a part of
the SAMUELS project [4J33]. It consists of 37 higher level semantic groups;
one of them is Food and Drink.

There are also different food data normalization methods that are developed
in a combination with some of the above-mentioned resources.

StandFood [I3] is a semi-automatic system for classifying and describing
foods according to FoodEx2. It is combination of machine learning and Natu-
ral Language Processing methods in order to address the lexical similarity in
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the food domain. Further, it was also extend in the context of semantic simi-
larity, by applying graph-based embedding methods in order to find a unique
representation for each food entity available in the FoodEx2 hierarchy [15].

The information extraction done with FoodIE is also related to the Hansard
corpus, since FoodIE uses rules that include the Hasnard food semantic infor-
mation. Using this information, the FoodBase corpus [31] was recently created,
which is one of the first annotated corpora with food entities. It consists of 1000
recipes (curated version), and for each one all food entities that are mentioned
are extracted and annotated using the Hansard food semantic tags. The recipe
categories that are included are: Appetizers and snacks, Breakfast and Lunch,
Dessert, Dinner, and Drinks. This version was manually checked by subject mat-
ter experts, so the false positive food entities were removed, while the false neg-
ative entities were manually added in the corpus. It additionally provides an
uncurated version that consists of annotations for around 22,000 recipes, which
were not manually checked by subject matter experts.

Additionally, the results presented in [30] show that the NCBO annotator in
combination with food ontology can also be used for food data normalization
process. For example, using it with FoodOn, the extracted food entities can also
be annotated with the FoodOn semantic tags.

Beside different method that are developed and can be used for food data nor-
malization to a specific food standard, the interoperability still remains an open
question. To support an initiative similar to the UMLS in the food domain, a
recently published study proposed FoodOntoMap [28]. The FoodOntoMap data
set comnsists of food entites extracted from recipes and normalized to different
food standards (i.e. Hansard corpus, FoodOn, OntoFood, and SNOMED CT).
It also provides a link between the food ontologies, where to each food entity
the semantic information from each resource is available. The FoodOntoMap is
available in machine readable format, which supports and enables interoperabil-
ity between computer systems.

4 FoodViz

To make the links between different food standards understandable by food sub-
ject matter experts and to make them familiar with the interoperability process
using different standards, we develop FoodViz, which is a web-based framework
used to present food annotation results from existing Natural Language Process-
ing and machine learning pipelines in conjunction with different food semantic
data resources. Currently, a lot of work can already be done in an automatic way,
but it is very important that the results are presented to experts in a concise
way so that they can check and approve (or disapprove) the results. To show
the utility of FoodViz, we visualize the results that are already published in the
FoodOntoMap resource. The results consist of recipes that are coming from the
curated and uncurated version of FoodBase, which was constructed by using the
food NER method FoodIE.
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NER tager Documenis Test custom document

Recipes

Currated?

Filter recipes

v All categories
Appetizers and snacks
Breakfast and Lunch
Desserts
Drinks
Dinners

Orecipe106
Orecipe1078
Orecipe1080
Orecipe1102
Orecipe1110
Orecipeli22
Orecipe1134
Orecipe1142
Orecipe1166

Fig. 1: FoodViz. A new visualization tool for presenting the results published in
the FoodOntoMap resource to food subject matter experts.

The FoodVizE| is a single page application developed with Reactﬂ served by
a back-end application programming interface (API) developed in Flaskﬂ The
back-end API serves pre-processed recipes annotated in our previous work [31]
and the annotation mappings from [28§].

The home page of FoodViz is presented in Figure[I] There exist three different
parts that can be explored: “NER tagger”, “Documents”, and “Test custom
document”.

The “Documents” part displays the curated and uncurated recipes of the
FoodBase corpus. There are 1000 curated recipes, 200 per each recipe category,
and more than 22.000 uncurated recipes available in FoodViz. The curated ver-
sion is a ground truth data set, because in the process of developing it, the
missing food entities were manually included, while the false positive entities
were manually excluded from the corpus [31].

FoodViz allows users to filter the recipes by name, by the recipe category and
between the curated and uncurated recipes. Next, the user can select a recipe,
for which the semantic annotations are shown. Figure [2| presents an example for
a selected curated recipe. The recipe belongs to Appetizers and snacks. Up in
the top, the recipe description is presented, where all food entities (nine entities)

4 |http:/ /foodviz.dsdfood.ijs.si/fow /# /recipes
% lhttps:/ /reactjs.org/
S https://flask.palletsprojects.com/en/1.1.x/
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NER tager Test custom document

Recipes Recognized Entities for recipe Orecipe1006
Gurated? v
Mix the I, (0. XD, (G250, and CETZITIIE E ogether in a bowlunii evenly blended. Keeping the mixture in the bowl, scrape it nto a semi-bell shape. Cover, and refrigerate uni firm, at least 2
Filler recipes hours. Place a large sheet of waxed paper on a flat surface. Sprinie with (. Roll the EXZTTIn the EXIXMuntil completely covered. Transfer the EEXITINO a serving plate, or rewrap with waxed paper and
refrigerate unil neded

Appetizers and snacks ¢

Orecipe1006 Entity tags
Orecipe1013
Orecipe1046
Orecipe1058
Orecipe106
Orecipe1078
Orecipe1080
Orecipeti02
Orecipett10

Entity Synonyms. Hansard Tags Foodon SnomedCT oF

croam cheese cf o /AG.01.0.02 [Cheesel:AG.01.n [Dishes and propared 0b0FOODON 03301889 smct:226849005
100d:AG.01.0.18 [Preservel; Smet:102264005
Smet:255621008

beef BEEF AG.01.4.03 [Beef]; Smct:226916002

Orecipe1122
orecipet 134 olives OLIVES AG.01.h.01. [Fruit containing stonel; Smet:227436000

Orecipe1taz
Orecipe1166
Orecipe1174

Orecipe1186
o Worcestershire WORCESTERSHIRE AG.01.h [Fruit and vegetables}AG.01.1.04 [Sauceldressing]; 0b0:FOODON_03305003  smet:443701000124100

Orecipe1197
sauce SAUCE 0bo:FOODON_03311146  smct:227519005
Orecipe1218

Orecipet231
Orecipet251
Orecipe1263
orecipet271
Orecipe1283

walnuts WALNUTS AG.01.0.01.1 [Nut; 0bo:NCBITaxon_16718
choese ball AG.01.6.02 [CheeseliAG.01.n.18 [Preservel;

walnuts WALNUTS AG.01.0.01.1 [Nut; 0bo:NCBITaxon_16718
Orecipe1295
Orecipe1303
Orecipe1327
Orecipe1335

choese ball AG.01.6.02 [CheeseliAG.01.n.18 [Preservel;

Fig. 2: FoodViz annotation for a recipe from curated corpus.

that are mentioned in it are highlighted. FoodViz allows a selection of an entity,
which is displayed in the table below. In our case, we selected “onion”. Further,
for each extracted food entity the synonyms are presented, which are the food
names available in different food semantic resources, followed by the semantic
tags from Hansard corpus, FoodOn, SNOMED CT, and OntoFood. Additionally,
users can further explore the semantic tags from the FoodOn, SNOMED CT and
OntoFood, which are linked to their original semantic definitions.

Figure [3] presents an example for a selected uncurated recipe. The uncurated
version of FoodBase does not include the false negatives entities and does not
exclude the false positive food entities, since it is created from a collection of
around 22,000 recipes. With this, subject matter experts can help the process of
annotations, by removing the false positives, and including the false negatives,
or the FoodViz tool can be also used as annotation tool. By applying this, we
will be able to create a much bigger annotated corpus that will allow training
on more robust NER based on deep neural networks. Therefore, FoodViz allows
manual removal of the false positives, and adding of the false negatives. In this
process, as shown in Figure [3] the removed entities are highlighted in red in the
text, and are removed from the table. The only difference in the interface for the
curated recipes is that this interaction is not available, since they are already
validated.

Using FoodViz, subject matter experts can understand the links between
different food standards. It can easily be seen which semantic tag from one food
semantic resource is equivalent with a semantic tag from another resource. With
this, we also perform food ontology alignment. Additionally, let us assume that
information about dietary intake is collected by some dietary assessment tool.
This information is normalized using some food semantic data model. Further,
if we want this data to be explored and exploited in combination with some
health data, its transformation to SNOMED CT semantic tags will be required,
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NER tager Test custom document

Recipes Recognized Entities for recipe 2recipe1000
Currated?
Preheat the oven to 350 degrees F ( 175 degrees C ). In a large bowl, mix together the (gand EXEuntil smooth. Beat in the [¥gone at a time, stiring uniil light and fluffy. Combine
1000 the (3. EXZEEand EIIINEDD: stir into the EFEEEREYuSt until blended. Separate the [FYinto 6 G, and roll each EXinto a rope about as big around as your finger on a lightly
floured surface. Cut into 1/2-inch pieces, and place them on an ungreased baking sheet. Bake for 10 minutes in the preheated oven, or until lightly browned. Cool on baking sheets for a few
minutes, then transfer to wire racks to cool completely.
Desserts
2recipe1000
2recipe10000 Entity tags
2recipe10001 "
2recipe10002 Entity Synonyms Hansard Tags FoodOn SnomedCT OF
2recipe10003
2recipe10004 butter £ BUTTER AG.01..01 [Butter;AG.01.n [Dishes and prepared food]; ©0bo:FOODON_03310351 smct:226888007 of:Butter
2recipe10005
2recipe10006 sugar [E3 SUGAR AG.01.1.02 [Sweetener (syrup/honey/chocolate)]; ©0bo:FOODON_03420108
2recipe10007
2recipe10008
2recipe10009
2recipe11000 flour €3 FLOUR AG.01] [Meall;AG 0Lk [Flour]; 0b0:FOODON_03301116  smet:63766005
cardamom [E3 CARDAMOM AG.01 [Food]; smct:227382009
cinnamon [E8 CINNAMON AG.01.1.03 [Spice]; ©0bo:FOODON_03301175 smct:227388008
©0bo:NCBITaxon_128608
sugar mixture AG.01.af [Tea manufacture]:AG.01.1.02 [Sweetener (syrup/honey/chocolate)]:

Fig. 3: FoodViz annotation for a recipe from uncurated corpus.

since SNOMED CT is one of the most commonly used semantic resources in the
biomedical domain.

For future work, the existence of FoodViz opens different directions for future
work in order to make the ML results more closer to subject matter experts. In
this direction, we are planning to allow users to select which food NER method
they want to use for their data in order to extract the food information. Addi-
tionally, the part “Test custom document” will allow users to provide their own
text and based on the selection of the NER, the extracted results will be shown.

All in all, we are able to aid and understand the process of food data inter-
operability, which is a crucial task that should be done as a pre-processing step
before involving the data in more advanced data analyses.

5 Conclusion

Information coming from raw textual data is very important albeit difficult to
be understand by both humans and machines. There have been debates who
beats whom and it seems that machines are becoming better and better in un-
derstanding the written word [35]. Several steps need to be performed to support
such a complex task, and one of them is a presentation of entities automatically
identified in selected texts by ML and NLP. In this paper, we presented the
user-friendly tool, named FoodViz, whose goal is visualization of automatically
annotated text in the domain of food. Additionally, it can be used as annotation
tool where subject matter experts can check the results from automatic entity
extraction and data normalization methods.

To illustrate this with an example, let us present the health-related problem
that is creating dietary menus in hospitals. For instance, in a menu suitable for
patients with an egg allergy, eggs and egg products need to excluded, which
is not so difficult to follow because of the regulation relating to the provision
of information on substances or products causing allergies or intolerances (e.g.
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the Regulation (EU) No 1169/2011 on the provision of food information to con-
sumers). However, people suffering the egg allergy, especially children, frequently
need to avoid other foods as well (e.g. honey, stock cube etc.), which are not spec-
ified in the list of allergens but can be found on the list of ingredients which are
usually be written in an unstructured way. Composing a dietary menu requires
knowledge of all ingredients of all food items that are to be included in a menu,
which can be challenge for a dietitian and could be facilitated by the FoodViz
tool.
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