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Abstract

Latterly, food recommendation systems have received high
attention due to their importance to healthy living. On the
recommendation domain, most studies focus on recommendations
that suggest healthy products for each user based on their profiles.
These types of recommender systems offer additional
functionality to persuade users to change their buying behavior
profitably. However, these systems must highlight the health
preferences of the users and their health problems must be
adequately taken into account. In this work, healthy food products
recommender systems (RS) are our interest study and more
specifically using content-based filtering. We represented this
content by the food product composition. Our goal was to provide
a healthy recommendation to consumers or citizens around the
world, especially at this time when disease abounds. Thus, we
developed our new Healthy Recommendation System (HRS). In
this paper, we present a new recommendation process for
individuals in the area of healthy eating. Furthermore, we analyze
the existing state of the art in recommender system techniques and
implement an algorithm that responds to this new process with
very satisfactory results from the beginning, to conclude we
discuss the research challenges related to the development of this
kind of HRS.
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1. Introduction

RS can be define as programs that aim to
recommend the most appropriate items to specific
users by predicting a user's interest in an item while
relying on information related to items, users, and
interactions between items and users [1]-[2]. RS aims
to present in front of a user what is supposed to satisfy
their needs, preferences, and interests while filtering
the information in front of them. This is to facilitate
the search task in front of the user and help him save
time as well. RS are tools used with the aim of
providing appropriate suggestions to users and
meeting their needs. Indeed, the suggestions provided
are aimed at helping the user to make a decision on
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which movie to watch, which product to buy, etc. It is
an ingenious way of filtering data to anticipate the
user's needs and to reduce the noise induced by the
avalanche of information that could eventually cloud
his mind. RS has been widely used on the web for
commercial and academic purposes [3]. Several
examples testify to their success in the commercial
domain, which is still booming, such as Amazon and
Netflix, they try to offer a two-way profit between the
merchant and the user, they offer "tailor-made"
suggestions to the users while maximizing the profit
of the merchants through an increase in the sales of
their products [4]. Tam in his work asserts that
recommendation systems are beneficial to boost sales
and increasing customer loyalty [5]. They positively
contribute to improving their experience and,
consequently, to meeting their needs. As a result,
recommender systems have been the subject of a large
number of academic researchers in various fields and
different areas of interest, such as movies, shopping,
and others, most of which have been solicited for
movies [6].

According to other works, RS are considered a
very effective factor in changing the eating behavior
of users and facilitating the choice of the healthiest
foods. Bad habits, a busy lifestyle, and a lack of
willpower, all these reasons lead to neglecting
appropriate behaviors even though most people are
aware of the importance of healthy eating habits.
These issues prevent users from eating healthily [7 ].
Therefore, diet and nutrition are complex domains that
pose many challenges to recommender technologies.
Saint recommender systems require the collection of a
very large number of food items and their ingredients
[8]. In addition, these HRS have the purpose of not
only recommending food products based on the user's
normal preferences but also recommending healthy
food products based on the user's health profile, this
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will help persuade users to
behavior.

In this paper, we summarize existing research
related to recommender system techniques that give
recommendations based on consideration of users'
preferences as well as their needs. In this context, we
propose a new design of a product recommendation
system in the healthy food domain. A case study of the
implementation of our new healthy recommendation
system by applying our algorithm in the healthy food
domain. The contributions of this paper are the
following: First, we give a brief overview of
recommendation approaches. Second, we propose a
new process for health decision-making that has an
impact on the development of recommendation
technologies in the healthy food domain. Third, based
on this new process of food recommender systems, we
set up an application by highlighting the right answer
to the question of to what extent this new process can
improve recommender systems to help individuals
choose healthy food products that best match their
preferences and health status. Finally, we highlight
some of the challenges of food recommender systems
concerning to user information as a topic for future
work.

The remainder of this article is organized as
follows. In Section 2, we provide an overview of basic
recommender techniques. In Section 3, we present our
novel design of a recommendation system in the
health domain. In Section 4, we present a case study
with the results of the implementation of our proposed
solution. In Section 5, we summarize.

change their eating

2. Recommender systems: recommendation
techniques (RT) for individuals

The history of RS began with Grundy, who took
the first primitive step towards automatic RS in
libraries [9]. RT are traditionnaly divided into
different categories [10]-[11], and are discussed in
several works [12]. To develop effective
recommender systems, we find various approaches.
Typically, we found three categories:

2.1. Content-based approach

Recommendations provided to the user are found
based on the similarity between the attributes of the
candidate items and the user's profile, which is created
based on the attributes of the user's previously

preferred items. The content-based (CB) technique,
also called descriptive profiling, is primarily interested
in content, which is in the form of element
characteristics. It consists of comparing the list of
characteristics of each element, candidate for
recommendation, attributes with items previously
preferred by a particular user. Similar articles are
recommended to users because they liked in the past:
Similar content. Content-based filtering is based on a
basic two-tier function: The first consists of setting up
a user profile built using automatic predictions made
on the interests of the user, while collecting his
opinions vis-a-vis -vis the element in question. Note
that user profiles are represented in terms of interest
lists based on the same attributes of elements. These
features are used to assign the similarity of one
element to another through the similarity equation. In
addition to the user profile, there is also the
establishment of an element catalog, also called
element profiles or attributes, containing the data
(elements) encountered during user navigation. This is
an explicit list of attributes for each element
encountered. For example, for a book, one might use
the genre, author's name, publisher, or other
information about the book, and then store these
characteristics (eg, in a database). The second step
compares the characteristics of each element of the
catalog with the profile of the user and retains only the
elements which present a high degree of similarity to
finally recommend them to the user [13]-[14]. The link
between an item and a user is made based on the
following hypothesis: If the user 'U' likes the items
(elements) presenting the characteristics {c1, ...cn},
then we can recommend him items with these same
characteristics”. Figure 1 below illustrates this process.
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Fig.1 A content-based recommender system
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2.2. Collaborative filtering approach

It is based on reviews of users who have had
similar preferences in the past. The main concept is
that recommendations made by people with similar
tastes to the target user are usually relevant. Given the
variety of social networks that shape our lives,
collaborative filtering (CF) techniques are the most
popular and widely used recommendation techniques.
Collaborative filtering is based on the fact that users
with the same interests tend to give the same
preference to new and future items.

This technique works on two points. First, criteria
are used to select a group of similar people whose
opinions are collected as the basis for
recommendations (nearest neighbors). Second, it also
leverages these opinions to form larger groups with
greater influence on recommendations [15].
Collaborative filtering techniques contain very large
datasets and are used in various application domains
such as finance, weather forecasting, environmental
sensing, and e-commerce. The link between an item
and a user is made based on the following assumption:
"If the users who liked the same items as the user 'U’,
also like other items, then these can be recommended
to 'U™. Figure 2 illustrates this process.
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Fig.2 A collaborative recommender systerﬁ [authors]

2.3. Hybrid approach

This approach is based on two or more
recommendation techniques. The goal is to increase
the accuracy of recommendation systems. However,
this approach is based on the combination of the
above-mentioned techniques [16]-[17]. Hybrid
filtration techniques rely on combining the advantages
of two or more filtration techniques and overcoming
their limitations. These techniques provide more
efficient results and improved recommendations [18]-
[19]. Hybrid Technology Hybrid filtration schemes

can be developed using any of the following strategies:
1) Separate recommendations are created using
content-based and collaboration-based filters, and
then a linear combination of the two recommendations
is used to provide a single recommendation [20]. 2)
Collaborative filtering can be used with content-based
features to calculate the similarity between users and
find neighbors to predict recommendations [21]. 3)
Content-based techniques can be added to
collaborative filtering capabilities, such as B. Content-
based latent factor models [22]. 4) A traditional
probabilistic approach combining collaborative and
content-based recommendation prediction techniques
[23]-[24].

A hybrid recommender system uses components
of different types of recommendation approaches or
relies on their logic [25]. For example, such a system
could use both external knowledge and article
attributes, thus combining collaborative and content-
based approaches. Figure 3 illustrates this process.
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3. Modeling and Design of a New Healthy Food
Decision-Making System

In this section, we present our contribution
which is based on the realization of a healthy
recommender system for food products, while using
the content-based filtering method. It is a question of
recommending similar food products in terms of their
food values while considering the profile of the user,
to whom we wish to present recommendations, and
who will be determined by their health constraint
diabetes, high blood sugar level, etc.). ), so that this
recommendation is sound. This system is based on two
important axes: The first concerns the construction of
the grid of product profiles where a profile is defined
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by the name of the product and its food characteristics
with their numerical food values. In our case, we
defined the grid beforehand. The second axis concerns
the implementation of a recommendation process that
we have proposed. This process consists of five stages
in the form of layers:

e Input Healthy Verification Layer;

e The quantitative verification layer
(Quantitive verification Layer);

e The healthy verification layer of the output
flow (list of products) (Output healthy
verification layer);

e The qualitative verification layer;

e The layer of the ordering of the list of
healthy products recommended (Healthy
product list recommended Layer).

In the rest of this article, we will detail this new
healthy product recommendation system.

3.1. Our element evaluation grid

In our approach, the construction of our grid is
based on food products sold in supermarkets (yogurt,
cheese, compote, etc.). It includes a prototype of food
products with their profiles. In this section, we present
our meta-model of the descriptive profile of a food,
and our general view of our elements grid data.

3.1.1. Product Profiling (PP)

We define the food PP by its name, and its food
composition, which we present by the name of each
component and its constitutional value in the product.
This procedure is based on the descriptive profile of
the product on the packaging. We present our meta-
model of the descriptive profile of a food product as
follows (Figure 4):

EProduct
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- — =Value : EDouble = 0.0
= name : EString
[0..*] features
H Features

Fig.4 Our meta-model of the descriptive profile of a food
product

As an example, we present the profile of the food
product “apricot compote” by its name and its food
characteristics with their values, for example, “Energy
(122 Kcal), Proteins (0.7 g), Lipids (0 ,2g), Saturated
Fatty Acid (0.1g),...,etc. The supply by the PPs of our
grid is dynamic and initially, it is based on existing
databases.

3.1.2. View of our elements grid

The set of product profiles will form our grid of
elements (products). In columns, we put the names of
the food characteristics of the products, and in rows,
we put the names of the products. See the table below
(Table 1).

Table 1. General view of our elements grid data [authors]

F1 (unit of Fn’ (unit of
Features
Products measurement measurement
X1) Xn’)
P1 Value of F1 Value of Fn’
in P1 in P1
Value of F1 Value of Fn’
Pn . .
in Pn in Pn

In the table 2, we present an example of our
elements grid. We have a dataset of 40 elements with
32 items (features). See the table below (table 2).

3.2. Our proposal for the New Recommender
System Process

We propose a new recommendation system
based on a new recommendation process. This
"Healthy recommendation system (HRS)", we present
it in the figure below (figure 5):
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Fig.5 Our new recommender system process
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categories



IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.3, March 2025

97

C £ $ ) e ®
= = 2 ©n 2| » Bluoem|une =) %] £ g
= v @ - ] < . | 7 4 s o & 1%2] Z
SlSl 2|82 |22|2x8|25|25| o2 |22 5 | 25| 2| 8
S|l 2| & 5|93 9e|%9a Z3 o9 2 22 | 9| =
Bl 8| 2|0 2 |Q|uaguS|lus g 38 c 2
gla| = g |254|= 2|=%5|=5 z |27 = °E | 2| <
i g = - o E
Choude Bruxelle, cuit | ;| 173 | 3 1 o3| 01 | o | 02 | o1 | o 0 0 0 34 |31 03
classique
Chou de Bruxelle, cuit | 5, | 56 | 47 | 03] 01 | o 02 0.1 0 0 0 0 4.8 46 | 03
micro-onde
Chou rouge 16| 68 | 08 ] 0 0 0 0 0 0 0 0 0 2 1.8 | 02
Chou rouge aux| ¢, | o5y | 1y |01 | 01 | 0 0 0 0 0 0 0 13 13 0
pommes en bocal
Chou rouge aux| 56 | ho4 | 13 16| 01 | 01 | 06 | 04 | 02 02 0 0 17 | 11| o7
pommes, congelé
Chou rouge enbocal | 33 | 137 | 0.7 | 0.1 0 0 0 0 0 0 0 0 54 5.4 0
Chou rouge, cuit| 3| 5 | 7 | g 0 0 0 0 0 0 0 0 1.9 1.7 | 02
classique
chou rougecurt | 1 gg | 09 | 0 0 0 0 0 0 0 0 0 33 3.1 | 02
micro-onde
Coktail de fruits au| o7 | 579 | 04 | 01| o 0 0 0 0 0 0 0 156 |155] 0
S1Irop €n conserve
Compote d'abricots | 122 512 | 0.7 02| 01 | © 0 0 0 0 0 0 283 |283] 0
Compote de Cerises 143 599 | 0.7 | 0.2 0 0 0 0 0 0 0 0 34 34 0
Compote de myrtilles | 179 | 754 | 04 | 05| 0.1 | © 0 0 0 0 0 0 28 |48 0
Compote de péches | 105| 442 | 0.6 |04 | 01 | © 0 0 0 0 0 0 24 | 2331 08
Compote de pommes | 82 | 339 | 04 | 03| 0.1 0 0 0 0 0 0 0 19 185 | 0.5
Compote de pommes, | 4 | 6o | 02 | 02| o 0 0 0 0 0 0 0 9 8 | 01
sucre réduit
Compote de prunes 116 | 504 | 05 | 04 | 0.1 0 0 0 0 0 0 0 27 263 | 03
Lait chocolaté, demi-| | »o7 | 35 | 15| 11 | 05 | o1 0 0 0 0 14 15 |[113] o
ccreme
Lait chocolaté, entier | 90 | 380 | 3.5 [ 25| 1.1 | 07 | 0.1 0 | 01 0.1 0 8 13 11.8| 12
Lait chocolaté, maigre | 62 | 258 | 3.3 | 04 | 0.3 0.1 0 0 0 0 0 1 11 11 0
Lait  concentré a
I'huile végétal, demi- | 110| 460 | 6.8 |43 | 05 | 13 | 25 | 02 | 23 23 0 5 109 [109] 0
écrémé
Lait concentré, demi-| 131 47 | 74 | 43| 290 | 09 | o1 0 | 01 01 |02 14 114 |114] o
ecreme
Lait concentré,entier | 141 | 589 7 8 49 2.8 0.2 0.1 0.1 0.1 0.2 26 10.1 10.1 0
SLfé;é“’“ceme’e““er’ 2881209 7 |75 47 | 3 02 0 | 02 0.2 0 34 483 | 483 o0
Lait concentre, | »eo 1 1123 10 |02 | 01 | 0.1 0 0 0 0 0 1 567 567 0
maigre,sucre

Table 2. Overview of an example of our element grid




98IJCSNS International Journal of Computer Science and Network Security, VOL.25 No.3, March 2025

E MeasureUnit

=name : EString

[1..1] measureunit

[0..*] features

| 5Product ype
name : EString [0..*] product [1..1] type
= Composed_by ‘
= Value : EDouble = 0.0 ‘
H Features [ E Healthy ‘ ‘ NoHealthy ‘

'name : EString

-

1.4 _

Fig.6 Our meta-model of the type of a food product

In the case that you would like to paragraph your
manuscript, please make use of the specified style
“paragraph” from the drop-down menu of style
categories

Our system is based on five layers:

Input Healthy Verification Layer: This layer
consists of verifying the health of the input
product, on  whose content  the
recommendation will be based. We verify
this health by taking into account the health
constraints expressed in the user profile
defined beforehand and by verifying that the
value of each food characteristic of the
product in question belongs to the
appropriate healthy interval in accordance
with the constraints. of the user. The healthy
interval is also defined beforehand by
medicinal research according to each case.
For example, a person with diabetes should
not consume products where sugar is present
or exceeds a certain threshold. In this case,
the appropriate healthy interval for the
“sugar” characteristic will be, for example,
[0, 0.001] where the limits are expressed in
grams. Thus, the membership of the value of
the “sugar” characteristic of the input
product must be checked in the appropriate
healthy interval. If the membership is well
verified then the product gets along with the
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health constraints of the user, we inform him
that it is a good choice, and we give the hand
to the next step to begin the procedure of
recommendation of new healthy products
similar to the starter in terms of content
(food characteristics). If the membership is
not verified, then the product is considered a
bad choice for the user and we inform him
of this result and we stop our process. We
are primarily interested in recommending
products from a healthy start in order to
arrive at equally healthy recommendations
(type of product; bad or good). See Figure 6.

The Quantitative Verification Layer: This
layer consists of searching the product grid
for those that have only the same dietary
characteristics as the input product. We
focus here on the presence of characteristics
and not their values.

The healthy verification layer of the flow
(list of products) at output (Output healthy
verification layer): This consists of verifying
the health of the products obtained at the
level of the previous layer based on the
principle followed in the first layer. We
verify that the wvalue of each food
characteristic falls within the appropriate
healthy range for each product. We only
keep the products that respect their
belonging to the healthy intervals.



e The Qualitative Verification Layer: In this
layer, we measure the similarity between the
input product with each product obtained
from the previous layer using the Euclidean
distance. We thus obtain as a result the
products with their similarities with the
input product.

e The Healthy product list recommended
Layer: Here we sort in descending order the
result of the previous layer. We thus obtain
a list of recommended healthy products
ordered with the degrees of similarity next to
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them showing how similar each product is to
the one given as input.

This is how we implement our HRS healthy
recommendation system, which consists of first
checking the healthiness of the input product on which
the recommendation will be based and in agreement
with the user profile which includes his health
constraints. Once the product is healthy, we start the
process and make sure to recommend similar healthy
products in terms of content. Below, in Figure 7, we
present our flowchart summarizing the whole process
of our recommendation system.
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Fig.7 Our flowchart summarizing the entire process of our HRS recommendation system
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4. Implementation and results

In this section, we describe the implementation
details of our recommendation process algorithm
realized during this work, starting with the language
and libraries used.

4.1. The language and libraries

We implement our algorithm using the
programming language Python which is an absolute
reference language in artificial intelligence: all Al
tools are available in Python! It is easy to install,
uncompiled, fast, and light. The syntaxes developed
by Python are simple and easy to learn, especially in
machine learning, and development times are shorter.
We used the Panda library, a software library for data
manipulation and analysis written for the Python
programming language. In particular, it provides data
structures and operations to manipulate numeric
arrays and time series. We also used the Scipy library
which is a project to unify and federate a set of Python
libraries for scientific use. Scipy uses the arrays and
matrices of the NumPy module (extensions to the
Python programming language designed to
manipulate matrices or multidimensional arrays and
mathematical functions that operate on those arrays).

4.2. Implementation

We load the element (product) evaluation grid
containing the profiles of the food products, and we
display the header. We load the grid of healthy
intervals populated at an Excel table. We consider that
our input product is "red cabbage". We check its
existence in our grid and display its descriptive profile.
This product is the one chosen by a user for example.
Once he has made this choice (by scanning it for
example), we recommend other products similar to it
based on its content (food composition).

Layer 1: The Input Healthy Verification Layer

We want to verify the healthiness of the product. If it

is healthy, we continue the process otherwise we stop.
Source code :

Layer 2: The Quantitative verification Layer

We keep the products that have only the same
characteristics as the input product (red cabbage).
There are 6 of them.

Output :

Nb of the products>= same component of the wanted product = 6

Layer 3: The output healthy verification layer
The output stream of layer 2 will be subject to the
same principle as layer 1. The number of products thus
becomes:

Output :

Nb of the healthy products >= Same component of the wanted
product =3
==== End of the Output Healthy Verification Layer ===

result input HVL = input HVL(wp_index)
if result input HVL == -1 :
print ("Bad product")
else :
print ("Good product, \n ========== End of the
Input Healthy verification Layer ==========")

Output:

Good product,
=== End of the Input Healthy verification Layer =====
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Layer 4: The Qualitative verification Layer

We measure the similarity between the red cabbage
and the remaining products using the Euclidean
distance similarity:

Function name :

def qualitatiVerification (wp_index):

Where HPLR is the function to determine the Healthy
product list recommended.

Layer 5: The Healthy product list recommended
Layer.
Source code :

list healthyProdRecomm = HPLR (wp index)

print ("========= Before Sort =========")

print (list healthyProdRecomm)

list healthyProdRecomm.sort (key=lambda x: x[1])

print ("========= After Sort =========")

print (1list healthyProdRecomm)

print ("Product recommended : ")

for i in range(len(list healthyProdRecomm)) :
print ("\n ",i+1," ", products["Product name

"] [list healthyProdRecomm[i] [0]]," --> ",list h

ealthyProdRecomm[i] [1]

Output:

Product recommended :
1 chou rouge en bocal --> 100.0 % of similarity with the scanned product
2 Choun rouge aux pommes en bhocal --> 06.15 % of similarity with the scanned product

3 Chou de Bruxelle, cuit classigue --> 0.58 % of similarity with the scanned product
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5. Conclusion

We have developed a healthy recommendation
system HRS (Healthy Recommendation System).
First of all, it is a system that uses the content-based
filtering method. It allows to recommend products
similar to the input product, based on the content. A
content concerns the food characteristics with their
numerical values. We have seen in the above section
that in content-based recommendation systems it is
necessary to determine the user profile with the profile
of the features by means of some techniques. However,
in our case, we are working on product profiles
between them and without resorting to profile
determination techniques, since we are based on
dynamic databases of food products, in which the
products are located with their descriptive profiles of
the food composition that constitutes them. We talk
about the user profile when we thought of being
interested in the health of the product, getting along
with the profile of the user who has chosen it and from
its content we will propose other products. In our case,
the input information is not only textual but also
numerical expressing how much the food
characteristic participates in the constitution of the
product in question. The information in our case is
structured, we have characteristics with values. We do
not have to resort to techniques of construction of
product profiles. We build our grid of elements from
the descriptive profiles of the products while relying
on certain characteristics found in most of the products
whose excess or deficiency could form health
problems. It is possible to add other characteristics as
needed. The healthiness of the product is verified
through healthy intervals appropriate to the
characteristics in question and in agreement with the
user's profile (health constraints). We are currently
working with healthy ranges for a given person.
Considering the cases of possible constraints requires
extensive research in collaboration with scientists and
physicians.

The work presented in this manuscript suggests many
perspectives. We present those which seem to us to be
the most important:

e Determining the user's profile including his

health constraints in an automatic way.

e To determine automatically the healthy
intervals corresponding to each user profile in
collaboration with doctors and scientists.

e Adapt our HRS system to specific diseases
(diabetes, blood pressure...).
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