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Abstract—In this paper, we present results of the
evaluation of a semi-automatic system for classifying
and describing foods according to FoodEx2 using
datasets from three European countries. The
proposed system is an integration of methods from
machine learning, natural language processing and
probability theory. It obtained an accuracy of 91% for
the classification part and 78% for the description
part. The usage of the system can be a link between
food consumption and food composition data as the
transformation from food intake into nutrient intake
can be automatically made.
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1. INTRODUCTION

Nowadays, dietary information may be mentioned in
text in multiple ways, using phrases with a variety of
structures. The alternative ways in which the same
concept may be mentioned in food information
systems creates a problem of the automatic
integration of information [1]. For example, one
problem appears when we are interested in linking
the food intake information to food composition
data. The problem is that the name of the same food
can be different regarding to the language or to
different ways of how people express themselves. For
this reason, European Food Safety Authority (EFSA),
has provided a standardized food classification and
description system called FoodEx2. It uses facets to
describe food properties and aspects from various
perspectives. The usage of the system makes easier
to compare food consumption data from different
sources and perform more detailed types of data
analysis. However, a lot of food composition data and
food consumption data, which need to be linked, are
lacking in FoodEx2 classifiers and descriptors.

This happens because the process of classification
and description needs to be donemanually, which is
a

time-consuming task that also requires a good
knowledge of the system and a good knowledge on
food.

FoodEx2 consists of three types of food categories
representing three different levels in the food
chain, which involve an increasing level of food
processing i.e., moving from raw commodities to
derivatives to composite foods. The food categories
are defined in FoodEx2 technical report [2].

FoodEx2 includes two types of terms: list terms and
facet descriptors. List terms are represented by a
code, for example, the AOC75 is the code for
"salmon". Facet descriptors are elements of
additional information included in or added to the
list terms, each providing different options to
describe a particular aspect of a food category, such
as treatments received, production method, fat
content, and qualitative information.

In this study, we used a recently proposed semi-
automatic system, called StandFood, to standardize
foods according to FoodEx2 [3]. The system consists
of three parts. The first identifies what type of food
is being analyzed. This is the classification part that
involves a machine learning (ML) approach [4]. The
second describes the food using natural language
processing (NLP) [5] combined with probability
theory, which results with the list term or FoodEx2
code for the food. The third combines the result
from the first and the second part by defining post-
processing rules in order to improve the result for
the classification part.

2. EXPERIMENTAL
For the classification part of the system, 5,416
FoodEx2 names were used as the training
instances. They are pre-processed by removing
numbers and punctuations and stemming.
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Then, the document-term matrix is built, so it can
be used for feature selection. Additional features to
the problem are added to the selected features,
which are the number of nouns found in the food
description name, number of adjectives, number of
verbs, and the length of food description name.
Different classifiers and ensemble learning are used
to obtain a model that can be further used to
predict the food category of new unseen food items
[3]. The selected model is an ensemble of four
algorithms: Support Vector Machine (SVM),
Random forest (RF), Maximum entropy (Maxent),
and Boosting, combined using a majority vote
strategy.

After identifying the category of the food item, it is
then necessary to describe it using the FoodEx2
code, the list term. For the description part, for
each food item that needs to be described
according to FoodEx2, its English name is used. The
name is pre-processed by converting it to lowercase
letters. Part-Of-Speech (POS) tagging is used to
extract its nouns, adjectives, and verbs [6]. The
extracted sets are further transformed using
lemmatization [7]. Using the extracted nouns, the
FoodEx2 data is searched for the names that consist
of at least one of the extracted nouns. Then, the
resulting list (subset) is pre-processed by converting
each food item name to lowercase letters, applying
POS tagging to extract the nouns, adjectives, and
verbs, and using lemmatization for the extracted
sets. Then, the food item that needs to be
described according to FoodEx2 is matched with
each food item in the resulting list and a weight
which is the probability obtained to find a similarity
between the extracted sets of nouns, adjectives and
verbs, is assigned on each matching pair. Finally,
the pair with the highest weight is the most
relevant one, so it is returned together with its food
category from FoodEx2.

Results of the description part are used to improve
the performance of the classification part. Because
for each food item the most relevant item from
FoodEx2 is returned, the category of the returned
food item can be used for post-processing rules. To
do this, StandFood applies the following four rules:

In the first rule, processes that change the nature of
a food product are used. Their definitions are in the
technical report of FoodEx2 and include, for
example, canning, smoking, frying, and baking.
Then, for each process in the list of processes,
lemmatization is applied to avoid different word

forms of food items names. So, if a food item is
classified as raw (r) using the StandFood
classification model but its set of adjectives and
verbs (their lemmas) consists of at least one
cooking processthat change its nature, it is
automatically changed to a derivative (d).

In the second rule, if a food item is classified, as
being either raw (r) or a derivative (d) and the
result from the description part of StandFood is
that the most relevant food item is a composite
food (s) or (c), it is automatically changed to a
composite food.

In the third rule, if a food item is classified as a
simple composite food (s) and the result from the
description part of the StandFood system is that
the most relevant food item is an aggregated
composite food (c), it is automatically changed to
an aggregated composite food (c).

The fourth rule works in reverse, by changing an
aggregated composite food (c) to a simple
composite food (s).

The first evaluation of the proposed system was
made using food items from one European country.
In this study, an additional evaluation of the system
was made using datasets from three European
countries, or 682 food items, where foods were
already classified and described using FoodEx2
codes. In the dataset, each food item is
represented by a food name and a FoodEx2 code,
which is manually added by a human expert. For
one country, the manually coding was made by
searching FoodEx2 hierarchy; while for the other
two countries the manual coding was made using
the search browser provided by FoodEx2.
StandFood was then used, first to provide the
food category to which the item belongs, and
second to describe it using FoodEx2 code. This
was then compared with the food category and
the code that was added manually.

3. RESULTS AND DISCUSSION

StandFood was used to find the food category and
the list term for 682 food items. The results
obtained when the manual coding was performed
by looking up the relevant categories and list terms
in the hierarchical list are comparable with the
results obtained when the manually coding was
performed using the search option provided in the
FoodEx2 system. For the classification part, the
overall result is
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91%, while for the description part the overall result
is 78%.

To become familiar with the results, Table 1 gives the
results from the StandFood classification part of eight
randomly selected but correctly classified instances,
two per food category.

Table 1. Correctly classified instances by the StandFood
classification part

Food item ategory
Kale, raw r
Salmon, fresh r
Flour, durum wheat d
Cheese, soft, mascarpone d
Wholemeal rye bread s
Shandy (beer +lemonaide) s
Pastry cream puff c
Soup, fish, canned c

After classifying food items, the next step is to
describe them using FoodEx2 list term. Table 2 gives
the list terms for eight randomly selected instances.
Food item represents the name of the food item in
the data set. List term (StandFood) is the FoodEx2
code of the most relevant match found by the
StandFood. List term (manual) is the FoodEx2 code
that was manually assigned to that food item by a
human expert. Table 3 gives the relevant FoodEx2
food items obtained by StandFood for the same eight
instances.

Table 2. List terms for eight randomly selected food items

Food item List term List term
(StandFood) (manual)
Banana dried A01MJ A01MJ
Omlette with mushrooms AO3YR AO3YR
Brown sauce (gravy, A043Z A043Z
lyonnais sauce)
Sugar, white A032) A032H
Juice, apricot AO39N AO03BC
Hard cheese: kefalotyri A02YT AO2YE
Coffee with milk or AO3KG AO3KG
tappuccino, unsweetened AO3KH
Sweets (candy), average A034X A034X
A035L

Table 3. Relevant FoodEx2 food items for eight randomly
selected instances obtained from the StandFood
description part

Food item FoodEx2 food item
(StandFood)
Banana dried Dried bananas
Omlette with mushrooms Ommlete with msuhrooms
Brown sauce (gravy, Continental European
lyonnais sauce) brown cooked sauce gravy
Sugar, white White sugar
Juice, apricot Juice apricot
Hard cheese: kefalotyri Cheese kefalotyri
Coffee with milk or Coffee with milk or cream;
cappuccino, unsweetened Coffee drink cappuccino
Sweets (candy), average Hard candies;
Jelly candies

Using tables 2 and 3, for the first three food items,
the FoodEx2 list term obtained by StandFood is the
same as the Foodex2 list term that is manually
assigned, even in the case when there is variability
in the food item name. For the next three food
items, the FoodEx2 list term obtained by StandFood
and manually assigned list term differ. For two of
them, for “hard cheese: kefalotyri” and “sugar,
white”, the list terms are very close in the FoodEx2
hierarchy. The manually assigned list terms for
both food items, AO32H and AO2YE, are parents
(more broad terms) for the StandFood obtained list
terms, AO39N and AO02YT, respectively. For “juice,
apricot”, the StandFood obtained list term is for
“juice apricot” that has already existed in FoodEx2,
while the manually assigned list term is for “nectar
apricot”. For the last two food items, the manually
assigned Foodex2 list term is one of the list terms
returned by StandFood.

In this case,there is several food items from the
FoodEx2 data that have the same weight, which is
the highest weight obtained, so they are all
returned as relevant matches. The user should
select which of the returned matches is the most
relevant one.

After obtaining the result from the StandFood
description part, the food category of the most
relevant match is further combined with the
obtained food category from the StandFood
classification part. They are combined in post-
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processing rules in order to improve the performance
of the classification part.

As an example, post-processing of four randomly
selected foods was carried out in Table 4.

Table 4. Food categories for four food items after post-
processing rules

Food category food category
Food item (classificaiton) (post-
processing)
Coffee beans roasted r d
Potato boiled r d
Croissant r c
Croissant with jam s c

The main benefit of using StandFood is that it can be
a link between food consumption and food
composition data. If both datasets consist of FoodEx2
code the transformation from food intake into
nutrient intake can be automatically made. Using the
trained classification model on the FoodEx2 data,
there are some weaknesses when it is applied on new
instances. Despite the weaknesses, it can still be used
because the StandFood classification part includes
post-processing rules in order to improve its
performance. Also, it is seen that there are some
cases when the StandFood gives more a relevant
FoodEx2 code than a human expert. This happens
because human experts manually code food items
with facet descriptors or use more broad terms from
FoodEx2 hierarchy.

According to the time needed to code the new 682
food items, in the case of StandFood minutes (five
minutes) are required because the current version is
programmed in a sequential way. Parallel
programming would allow the same task to be
carried out in seconds. A human expert takes on
average ten minutes per item, or 6820 min for 682
food items, or 14 days if a humane expert works eight
hours per day.

However, the result from standfood needs to be
checked and in the case of several options to choose
the correct one. For 682 food items, through
checking and choosing the correct result when
several options were given took one working day.

4. CONCLUSIONS
This study presents a semi-automatic system for
classifying and describing food items according to the
Foodex2 standard. In practice, the

system can be used to find missing FoodEx2 codes
for food composition data and food consumption
data that are basic resources that need to be linked
and combined for dietary assessment methods.
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