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Abstract: In recent years, food recommendation systems have garnered significant attention
from internet users seeking diets that are both appealing and health-promoting. For individuals
managing chronic conditions such as diabetes, personalized food recommendations that consider
both individual preferences and nutritional requirements could potentially yield substantial ben-
efits in maintaining an appropriate dietary regimen. Even though previous research works have
been covered the problem of food recommendation for the diabetes domain, they suffer from an
insufficient use of the corresponding domain knowledge, and from a deficient management of user
preferences in this process. This study then presents a novel preference-based food recommenda-
tion framework specifically adapted for patients with diabetes, and that mitigates such previous
gaps. Experimental findings suggest that within this context, a balance can be achieved between
appealing and health promotion, resulting in nutritionally appropriate menus that simultaneously
align with users’ preferences.

Keywords: food recommendation, diabetes, user preferences, Pareto frontier
Categories: H.3,1.2
DOI: 10.3897/jucs.150833

1 Introduction

Recently, there is an increasing importance of tools in the context of e-health, for per-
sonalized nutrition that recommends foods adapted to the needs and preferences of
individuals. Although conventional diets for different targets (weight loss, increase mus-
cle mass, cardiovascular diseases, diabetes, etc.) are widely spread, personalized diets
have important advantages, considering personal factors which are relevant to have a
balanced nutrition [Bush et al. 2020]. In this way, it has been stated that the users’ food
habits closely depend on their individual tastes and the specific health target. [Franz et al.
2014].

In particular, personalized nutrition becomes a key factor for individuals suffering
from certain types of diseases, such as diabetes. In these cases, the intake of certain
nutrients must be adapted, day by day, according to the particular needs of each person.
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Low-carbohydrate or high-protein diets are recommended to diabetic patients, so that a
lower glycemic load can be maintained [Davis et al. 2004, Ajala et al. 2013]. Moreover, a
personalized and balanced diet in diabetic people could have a global impact. According
to the Global Burden of Disease Study 2019 !, dietary risks, such as low intake of fruits
and excessive consumption of processed meats, were linked to around 26% of type-2
diabetes mortality and 27% of type-2 diabetes disability-adjusted life years.

In recent research, there are some proposals that provide different solutions to person-
alized nutrition in the context of e-health. However, there is a limited effort in creating
such tools in the diabetes domain, even though it has been highlighted that such domain
requires specific and tailored approaches [Gray 2019].

In this way, it can be identified some recent research works on food recommenda-
tion for diabetic patients, which are based on diverse computational techniques such
as semantic information processing [Selvan et al. 2019], optimization [Rehman et al.
2017], supervised classification [Sharawat et al. 2018], rule-based approaches [Ramesh
et al. 2021], or fuzzy inference processes [Omisore et al. 2021]. Other authors focus
on improving the continuous user-system interaction [Teixeira et al. 2022], instead of
working on the recommendation method. As [Yera et al. 2023] pointed out regarding
these works most of them are focused on exploring different computational tools for
generating food recommendations, instead of being centered on managing all the infor-
mation that would be relevant for diabetic patients, to be used as possible input for the
recommender system. Specifically, a more effective utilization of the medical knowledge
is essential, and additionally the paying of special attention to user preferences, which is
a key factor for guaranteeing the user acceptance of the tool.

The present work is focused on proposing a food recommendation model in the
domain of diabetes that considers both the composition of foods, seeking a balanced
nutrition adapted to the patient’s needs, as well as the user’s preference regarding these
foods. Specifically, the contributions of our research are three-fold:

— The presentation of a novel food recommendation framework for diabetic patients,
that actively incorporates guidelines for food recommendations in such cases, taken
from the medical knowledge.

— The development of several experiments for evaluating such framework across the
USDA National Nutrients Database.

— The study of the trade-off between different parameters of the proposed model, such
as sugar and fiber values, as well as the overall user preferences.

The paper is organized in the following way. Section 2 provides a concise overview
of dietary suggestions for individuals with diabetes; Section 3 outlines our methodology
for creating customized meal plans for diabetic individuals; Section 4 showcases the per-
formed experiments and evaluations and finally, Section 5 summarizes the key findings
and closes the article.

2 Antecedents of food recommender systems for diabetic patients

In recent times, developing food recommendations for individuals with diabetes has
emerged as a significant area of scientific inquiry. A comprehensive review by [Yera
et al. 2023] categorizes existing research in this field into four distinct clusters:

! https://www.healthdata.org/research-analysis/gbd



Barranco M.J.,, Yera R., Martinez F.J.: A preference-based daily meal ... 241

— Semantic-driven methodologies, incorporating approaches that combine diverse
forms of semantic knowledge management [Selvan et al. 2019].

— Approaches centered around optimization, which seek to implement strategies em-
ploying constraint-driven or optimization-oriented frameworks for generating food
recommendations [Rehman et al. 2017].

— Approaches based on rules and classifications, providing food recommendations
based on different techniques: classification, multicriteria decision-making, fuzzy
inference, or production rules [Omisore et al. 2021].

— Interaction-centered approaches, that work with users through a step-by-step conver-
sation to develop tailored recommendations [Ribeiro et al. 2022].

Herein, semantic-based approaches largely focus on leveraging semantic technologies
to create accurate meal recommendations. However, while some works, such as those by
[Chen et al. 2017], have conducted studies with real participants, many rely on synthetic
data or demonstrative scenarios for evaluation. This limits their practical application.
For instance, studies by [Alian et al. 2018] and [Stefanidis et al. 2022] involve medical
experts for validation, but their evaluation approaches are not fully fleshed out. Real
datasets are scarce, with only a few exceptions like [Chen et al. 2017], [Baek et al.
2019], and [Stefanidis et al. 2022], who use user study data. Overall, the insufficient
development of real-world evaluation protocols hampers the adoption of these systems
in real diabetic patient care.

Optimization-based approaches have played an important role in generating nutri-
tionally appropriate menus for diabetic patients. Methods such as integer programming
models [Sapri et al. 2019] and population-based metaheuristics [Devi et al. 2020] for-
malize constraints to ensure meal appropriateness. [Pawar et al. 2016], for instance,
introduced a constraint satisfaction problem solved through forward checking algorithms
for meal generation. While optimization-based methods have shown potential, much of
the research still relies on simulation scenarios rather than real patient data, with [Yera
et al. 2019] using synthetic datasets. Some recent efforts, such as those by [Jeyalakshmi
et al. 2021], have gathered real diabetic user information, but these datasets still lack
generalizability across broader populations.

Rule-based and classification approaches use techniques like IF-THEN rules for
decision-making and nutritional recommendations. Some systems draw from real clin-
ical datasets [Ramesh et al. 2021], while others rely on expert-provided knowledge
[Tabassum et al. 2021]. More sophisticated models, like the neuro-fuzzy inference model
developed by [Omisore et al. 2021], integrate diabetes diagnosis with dietary recommen-
dations, combining different approaches to create more robust recommendations. While
some works explore novel classification techniques, others, like [Sharawat et al. 2018],
present only preliminary findings with limited details. Additionally, works by [Wang
et al. 2021] and [Nag et al. 2017] use social network data and multimodal health data
streams to provide more personalized recommendations, demonstrating how user-specific
information can be leveraged for improved dietary suggestions.

Interaction-based systems focus on continuous user interaction to refine dietary
recommendations. [Ghosh et al. 2021], for example, created a system that monitors
physical activity and dynamically adjusts diet recommendations based on the patient’s
behavior. [Sowah et al. 2020] developed a chatbot using cognitive science principles to
suggest appropriate meals, demonstrating the growing interest in integrating artificial
intelligence into personalized care for diabetic patients. Although interaction-based
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systems are promising, some, such as those by [Teixeira et al. 2022] and [Ribeiro et al.
2022], are still in early development stages and lack comprehensive evaluation for
diabetic-specific scenarios.

Overall, while progress has been made in developing recommender systems for
diabetic patients, gaps remain in real-world validation and evaluation methods. Integrat-
ing real patient data and developing standardized evaluation protocols will be key to
advancing these systems for broader adoption in diabetes care.

Expanding on the previous works done by researchers in this area, [Yera et al. 2023]
emphasized various aspects that could be enhanced. They drew attention to the following
gaps in current studies:

— A missing comprehensive model that could guide and inspire upcoming research
efforts in developing nutritional guidance for diabetic patients

— Insufficient utilization of domain-specific knowledge to develop computational
methods addressing this particular challenge

— The requirement of a higher relevance of user preferences in the recommendation
process.

Considering this context, this paper takes the initial steps towards a preference-based
daily meal recommendation framework for patients with diabetes.

3 Preference-based recommendation framework for diabetes

This section is focused on discussing the novel preference-based recommendation frame-
work for diabetes. Initially, Section 3.1 introduces the general food recommendation
model that will be used for accomplishing this task. Subsequently, Section 3.2 synthesizes
some selected guidelines taken from the medical literature on foods for diabetics, that are
contextualized to the current work. Afterwards, Section 3.3 presents the novel preference-
based food recommendation framework for users with diabetes, which will be composed
of three phases: 1) Menu generation, 2) Pareto filtering, and 3) Recommendation.

3.1 Overall food recommendation model

The aim of this work is to develop a recommendation model which is able to generate
dietary plans for diabetic patients, regarding the food composition to provide healthier
menus and, at the same time, regarding the overall user preference to guarantee the
acceptance of patients considering their personal tastes.

The starting point is the model proposed by [Yera et al. 2019]. It is a preference-based
recommendation model that works with user preferences and nutritional information,
which is not directed towards any particular disease.

Mazimize Z Wi [ (D
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being G, the groups in Table 1.

where:

A is the food set

fr is 1 if the item k is included in the menu (0 otherwise)
nty; is the amount of the nutrient j in the item k

As Equation 1 shows, this optimization model works with two groups of restrictions:

— Nutrients requirements (proteins, carbohydrates and lipids). A minimum threshold,
b;, is established for each nutrient j, with an allowable deviation of a.

— Diversity of foods from different groups, that should contain the menu (milk, cereals,
meat, fruits, etc). Table 1 shows different groups of foods, and quantities required
in each meal: ng,, quantity of foods of group G; required in the breakfast, an
quantities required for lunch, and ndGi for dinner.

The goal of the model is to maximize the sum of user preferences wy, of the items k
included in the menu (fx = 1). Here, wy, depends on the frequency of consumption of
the food k, as well as how recent was its last consumption (Equation 2).

NGRS @

Wk

where:

N is the cardinality of the user profile (i.e. the amount of previously consumed foods)
Ny, is the frequency of the item k in the profile

t. is the current timestamp

ty is the timestamp of the last consumption of the item k

0 is a factor to give weight to how recent was its last consumption

3.2 Identified premises on food recommendation for diabetics

The preceding model can be utilized by any user seeking dietary recommendations. Our
purpose is to customize this model specifically for individuals diagnosed with type 2
diabetes mellitus. In this context, as a basis for our study and experimentation, we have
adopted two premises that are grounded in the related literature:

Premise 1: Reducing sugar consumption benefits diabetic patients. Research indi-
cates that individuals with diabetes need to exercise particular vigilance over their intake
of sugars (rapid-absorption carbohydrates). It is recommended that these are substituted
with complex carbohydrates that are absorbed more gradually by the body [Jenkins et al.
1988, Brand et al. 1991, Gray 2019, Franz et al. 2014, Lean et al. 2016].

Regarding this premise, existing research indicates that:
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— Adding low-glycemic index (low-GI) foods to the diets of individuals with diabetes
could serve as an extra approach that positively affects carbohydrate metabolism
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Breakfast
ng, from G; (Milk, yogurts)
ng, from Gy (Breakfast cereals)
ng, from Gg (Fruits)
Lunch
anS from G5 (Proteins)
an from G4 (Carbohydrates)
ng, from G5 (Vegetables)
ng, from Ge(Fruits)

Dinner
n,, from G (Proteins)
n,, from G4 (Carbohydrates)
n¢, from G5 (Vegetables)
ng, from Gg(Fruits)

Table 1: The template for the daily meal plan

without elevating insulin requirements [Jenkins et al. 1988].

— A low-GI diet provides a slight enhancement in long-term blood sugar control.

[Brand et al. 1991]

— Fructose consumed as “free fructose” (naturally found in foods like fruit, which also
contain fiber) may lead to improved blood sugar control compared to an equivalent

calorie intake of sucrose or starch. [Gray 2019].

— [Gray 2019] also recommends substituting high-GI foods with low-GI alternatives
and reducing the intake of sugary items such as cookies, cakes, candy, and sodas.

— People with diabetes and those at risk are advised to avoid sugar-sweetened beverages
(including fruit juices) in order to control glycemia and weight [Gray 2019].

— While all carbohydrates can be included in carbohydrate counting, for optimal
health, priority should be given to carbohydrates from vegetables, fruits, whole
grains, legumes, and dairy products over other sources, particularly those high in

added fats, sugars, or sodium [Franz et al. 2014].

— Although the evidence directly connecting sugar to diabetes is inconclusive, exces-
sive intake of sugary foods and beverages is widely recognized to play a modest
yet significant role in contributing to weight gain, which is a risk factor for diabetes
[Lean et al. 2016].

Premise 2: Increasing fiber consumption benefits diabetic patients. Recommenda-
tions for diabetics regarding fiber consumption do not differ from those given to the
general population. However, some studies show that dietary fiber intake is inversely
proportional to the risk of developing diabetes [Gray 2019, Barrea et al. 2023, Evert

et al. 2014, Franz et al. 2014, Anderson et al. 2004]
The literature pertaining to this premise is included below.
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— Patients with DM (diabetes mellitus) should consume 20 to 35 g of fiber from raw
vegetables and unprocessed grains (or about 14 g of fiber per 1,000 kcal ingested)
per day (the same as the general population) [Gray 2019]

— A fiber-rich meal digests more slowly, promoting fullness, tends to be lower in
calories and added sugars, and can help in managing obesity as well as reducing the
risk of heart disease, type 2 diabetes (T2DM), and colon cancer. [Gray 2019]

— Frequent consumption of sufficient dietary fiber was linked to a decrease in over-
all mortality among individuals with T2DM, and longitudinal cohort studies have
demonstrated that fiber intake is negatively correlated with the likelihood of devel-
oping T2DM [Barrea et al. 2023].

— Intake of dietary fiber is associated with lower all-cause mortality in people with di-
abetes, although some reviews found little evidence that fiber significantly improves
glycemic control [Evert et al. 2014].

— Diets with over 50g/day of fiber are said to enhance blood sugar levels in individuals
with diabetes [Franz et al. 2014].

— Increased fiber consumption enhances blood sugar control, reduces serum cholesterol
and LDL cholesterol levels, and modestly lowers serum triglyceride levels [Anderson
et al. 2004].

Based on these statements supporting tailored food recommendations that consider
user preferences and nutritional knowledge in the diabetes domain, we examine the
following questions:

— (Q1) Considering that reducing dietary sugar is beneficial for the diabetic user, how
is the user preference affected when a dietary sugar restriction is applied?

— (Q2) In the same way, given that increasing dietary fiber is beneficial for the diabetic
user, how is the user preference affected when a dietary fiber requirement is applied?

— (Q3) Is it possible to receive meal suggestions where sugar limitations are imple-
mented in the daily menu with minimal impact on user preference?

— (Q4) Can we receive meal suggestions where fiber requirements are incorporated
into the daily menu with minimal impact on user preference?

— (Q5) Finally, can we recommend healthier menus with a minimal and acceptable
reduction in user preference? Furthermore, can we provide a list of healthy menus,
so that the user can choose according to their desires at that moment?

The optimization model, proposed in Equation 1, provides the preferred menu, ac-
cording to the restriction context, but, is this a healthy menu? In short, the problem we
face is to make recommendations that maximize user preference and at the same time,
minimize the amount of sugar and maximize the amount of fiber in the menu, giving
healthier options to the diabetic patient. The next subsection will cover these issues.
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Figure I1: The preference-based meal recommendation framework for diabetics

3.3 Food recommendation model for diabetics

To address the issues pointed out across previous sections, it is introduced a novel model
containing three phases, as can be observed in Figure 1:

1. Menu generation. An initial set of menus is generated, attempting to optimize one or
more of the three criteria: maximize user preference, minimize sugar amount and
maximize fiber amount in menu.

2. Pareto filtering. A flexible Pareto dominance relation will allow to remove out of
the set of menus, those which are dominated by others.
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3. Recommendation. Non-dominated menus are compared with the preferred menu,
to supply the user with a list of optimal menus, giving explanations to aid them in
selecting the one most aligned with their current tastes.

The following subsections present these model phases in detail.

3.3.1 Menu generation phase

For providing healthier menus, we will consider two new objective functions, focused on
(1) reducing the amount of sugar and (ii) increasing the amount of fiber in the generated
menu, both of them without reducing the user preference, or with a minimal reduction.

These objective functions (Equation 3 and 4) are represented through a convex
combination of the user preference over the item k, wy, and the amount of sugar or fiber
that this item has. In these equations, quantities are normalized by taking as reference the
maximum amounts of sugar or fiber that an item could contain. As can be observed, the
preferred menu, which maximizes the user preference and is obtained by the Equation 1,
can also be achieved with 5 = 0 in Equations 3 or 4.

compost9e” — compoy 9"
MG,ZL‘Z((I _ﬁ)wk—’_ﬂ sugar )fk? (3)
= COMPOmay
Compofiber
Maz Z((l — Bwy, —l—ﬁil;iber)fk 4)
ey COMPOag

Using these objective functions in the same restriction context of the original model
(Equation 1), different values of the parameter 3 provide different menus, which could
be recommended to users. In this way we will have a set of solutions to our problem, i.e.
a set of menus {m; }, each of which will be better than others for one of the three criteria
or goals, g1, g2 and g3, where g1 (m;) is the user preference for the menu m;, go(m;) is
the amount of sugar and g3(m;) is the amount of fiber contained in this menu.

3.3.2 Pareto filtering phase

However, this set may not be an optimal set. Based on the concept of Pareto non-
dominance [Nayak et al. 2020], we can obtain a set of optimal solutions, also known as
Pareto frontier. See Equation 5 where dominance, D, is defined regarding two menus
m; and m;. In Equation 6, the set of non-dominated solutions, N D is defined, which
constitutes the optimal set.

miij — Vk e {1,2,3}7gk(mi) > gk(mj) (5)
AFk € {1,2,3} /gr(mi) > gr(my)

m; € ND < —EU/WLJDml (6)

We propose a flexible variety of the Pareto frontier, in which we consider certain
tolerance parameters associated with each criterion, g1, g2 and gs. These parameters
indicate the level of granularity at which individuals perceive each criterion: user pref-
erence, sugar amount and fiber amount. Considering user preference, g1, the tolerance
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parameter 7, expresses the granularity or margin of acceptance established by the user.
For example, given two menus m; and m;, where preference value are g1 (m;) = 0.7
and g1 (m;) = 0.8, for a tolerance value 7 = 0.1, both menus would be equally accepted
by the user. In the same way, 75 and 75 are the tolerance parameters, determined in this
case by the expert nutritionist, corresponding to criteria g» (sugar amount in menu) and
g3 (fiber amount in menu). Considering this approach, equation 5 will be replaced by 7.

miDm; < Vk € {1,2,3}, gr(mi) = gr(m;) — 7

(M
ATk € {1,2,3} /gr(m;) > gr(m;) + 7%

The result of this recommendation model will be a set of menus that satisfy the
restrictions and optimize one of the three criteria: maximize user preference, minimize
sugar or maximize fiber.

3.3.3 Recommendation phase

Finally, these menus will be provide to the users in an suitable format, including some
explanations so that they can choose healthy menus according to their desires at that
moment.

The information accompanying each menu is derived from the comparison with
the preferred menu (mg, for 8 = 0). This explanation will be provided for each menu
m;, consisting of a three-tuple (91, 2, d3) calculated as Equation 8, which displays the
deviations from the preferred menu considering the granularity of the three criteria, i.e.,
expressing data as multiples of the tolerance parameters.

61 = int ((g1(ms) — g1(mg)) /1)
9o = —int ((g2(mi) — g2(mo)) /72) (®)
03 = int ((g3(mi) — g3(mo)) /73)

4 Experiments

The evaluation of the presented framework uses the USDA National Nutrient Database
2, which characterizes each food according to their macro-nutrients and micro-nutrients.
This dataset has been used by several previous authors in the development of experiments
on general purpose food recommendation [Bodike et al. 2020, Shandilya et al. 2022].
Moreover, it contains relevant information related to the diabetes domain, such as the
amount of sugar and fiber for each food. Herein, each food is associated with some group
of those presented at Table 1.

For testing the proposed model, two user categories are established according to
sugar and fiber consumption. In this way, there will be two types of user profiles: profile
LH (less healthy) with more sugar (40 gr/day) and less fiber consumption (15 gr/day)
and profile MH (more healthy) with less sugar (30 gr/day) and more fiber consumption
(25 gr/day) in their daily menus (MH values are close to those recommended by WHO,

2 https://data.nal.usda.gov/dataset/composition-foods-raw-processed-prepared-usda-national-
nutrient-database-standard-referen-10



Barranco M.J.,, Yera R., Martinez F.J.: A preference-based daily meal ... 249

Profile LH (sugar =40 gr/day)  Profile MH (sugar = 30 gr/day)

x  Sugar in menu Preference  Sugar in menu Preference
0 36.69 0.73 27.23 0.74
5 33.89 0.73 23.63 0.73
10 28.51 0.72 18.97 0.72
15 24.35 0.70 14.37 0.69
20 19.37 0.68 9.79 0.63
25 14.77 0.65 4.96 0.40

(The x-axis shows the reduction (in percent) of sugar relative to the profile)

Table 2: Modifying sugar in the menu generation
Profile LH (fiber = 15 gr/day)  Profile MH (fiber = 25 gr/day)

x  Fiber in menu Preference  Fiber in menu Preference

0 23.33 0.72 34.88 0.73
25 47.67 0.69 53.00 0.70
50 76.02 0.67 86.06 0.68
75 94.03 0.64 102.16 0.65
100 117.14 0.60 126.25 0.58
125 140.63 0.52 150.80 0.48

(The x-axis shows the increase (in percent) of fiber relative to the profile)

Table 3: Modifying fiber in the menu generation

the World Health Organization ). For each category, 50 user profiles are created, each
one with 20 associated menus generated in a random way, satisfying the sugar and fiber
constraints.

4.1 Effects of modifying sugar and fiber values in the menu generation

Firstly, research questions Q1 and Q2 are addressed. In other words, how does a reduction
in sugar or an increase in fiber lead to a decrease in user preference, when the user is
accustomed to certain amounts of sugar or fiber in their menu?

Experiments, using the original optimization model (Equation 1), show in Table 2
and Figure 2 how the overall user preference decreases when requiring less sugar in the
menu generation. In the same way, Table 3 and Figure 3 show the same effect when
requiring more fiber in the menu. Data are calculated for both types of user profiles (LH
and MH). The graphs show average data of the 50 users considered in the experiment,
for each category, presenting the overall user preference in the Y-axis. The X-axis in
figure 2 represents decreasing quantities with respect to the sugar average in the user
profile (LH: 40 gr/day, MH: 30 gr/day), while in figure 3 are increasing quantities with
respect to the fiber average in the user profile (LH: 15 gr/day, MH: 25 gr/day). A notable
reduction in user preference is evident in both cases when requiring menus with lower
sugar or higher fiber content.

Then, experiments demonstrate that user preference decreases when we want healthier
menus (less sugar and more fiber), but, is such a reduction in user preference really

3 https://www.who.int/
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Figure 2: Evolving overall user preference in relation to sugar restrictions: X-axis is
the reduction in the sugar restriction value, and Y-axis is the user preference.
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Figure 3: Evolving overall user preference in relation to fiber restrictions: X-axis is the
increase in the fiber restriction value, and Y-axis is the user preference.

significant? This question will be addressed in the next experiment.

4.2 Effects of the proposed approach for menu generation on overall user prefer-
ences

Now, let us focus on research questions Q3 and Q4: Can healthier menus (less sugar and
more fiber) be generated with a minimal reduction in user preference? The proposed
approach aims to reduce the loss of user preference when we try to obtain healthier
menus.

In this case, new objective functions (Equation 3 and 4) replace the function in
the formerly optimization model (Equation 1). For values of S greater than zero, the
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B=0 B=0.2 B=0.4
SR SIM X Y SIM X Y SIM X Y
0 36.69 3.310.73 27.59 12.41 0.72 17.59 22.41 0.68
5 33.89 6.110.73 26.63 13.37 0.72 17.59 22.41 0.68
10 28.51 11.49 0.72 25.23 14.78 0.71 17.59 22.41 0.68
15 24.35 15.65 0.70 22.49 17.51 0.70 17.59 22.41 0.68

(SR = sugar reduction; SIM = sugar in menu; X =40 - SIM; Y = user prefer.)

Table 4: Modifying sugar, for different values of beta in the menu generation (profile LH,
sugar average = 40)

B=0 B=0.2 B=0.4
SR SIM X Y SIM X Y SIM X Y
0 2723 2.770.74 2146 8.540.73 15.40 14.60 0.70
5 23.63 6.370.73 20.85 9.150.73 15.40 14.60 0.70
10 18.97 11.03 0.72 18.48 11.52 0.72 14.95 15.05 0.70
15 14.37 15.63 0.69 13.92 16.09 0.69 13.13 16.87 0.68
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(SR = sugar reduction; SIM = sugar in menu; X = 30 - SIM; Y = user prefer.)

Table 5: Modifying sugar, for different values of beta in the menu generation (profile
MH, sugar average = 30)

optimization model tries to minimize sugar (Equation 3) or maximize fiber (Equation 4)
while maximizing the user preference.

Figures 4 and 5 show evolution of the overall user preference with respect to the
amount of sugar or fiber, respectively, in the generated menus for three values of the
B parameter: 0, 0.2 and 0.4. Detailed data are presented in Tables 4 to 7. We see a
significant improvement when /[ is greater than zero. For example, in the table 4 (user
profile LH, 40 gr/day of sugar), very close values of user preference (0.716 for § = 0 and
0.710 for S = 0.2) are obtained with a relevant reduction of sugar when 3 = 0.2 (sugar
in generated menus, SIM: 28.506 for S = 0 and 25.225 for 8 = 0.2). In the same way,
increments on fiber, for a given user preference value, are greater for menus generated
with 5 > 0, as Tables 6 and 7 show.

Then, we see that healthier menus can be generated with a minimal reduction of the
user preference, using the model proposed in equations 3 and 4 with different values of

3.
B=0 B=0.2 B =04
FI FIM X Y FIM X Y FIM X Y
0 2333 8.330.72 2457 9.570.72 80.49 65.49 0.67
25 47.67 32.67 0.69 65.10 50.10 0.68 82.19 67.19 0.67
50 76.02 61.02 0.67 79.79 64.79 0.67 85.59 70.59 0.66
75 94.03 79.03 0.64 96.25 81.25 0.64 100.52 85.52 0.63

(FI = fiber increase; FIM = fiber in menu; X = FIM - 15; Y = user prefer.)

Table 6: Modifying fiber, for different values of beta in the menu generation (profile LH,
fiber average = 15)
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B=0 B=0.2 B=0.4
FI FIM X Y FIM X Y FIM X Y
0 34.88 19.880.73 36.80 21.80 0.73 93.04 78.04 0.67
25 53.00 38.00 0.70 69.92 54.92 0.70 93.04 78.04 0.67
50 86.06 71.06 0.68 89.30 74.30 0.68 93.04 78.04 0.67
75 102.16 87.16 0.65 103.48 88.48 0.65 103.85 88.85 0.65

(FI = fiber increase; FIM = fiber in menu; X = FIM - 25; Y = user prefer.)

Table 7: Modifying fiber, for different values of beta in the menu generation (profile MH,
fiber average = 25)

068
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Figure 4: Evolving overall user preference in relation to sugar amount in menu: X-axis
is the decrease of sugar relative to the profile, and Y-axis is the user preference
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Figure 5: Evolving overall user preference in relation to fiber amount in menu: X-axis
is the increase of fiber relative to the profile, and Y-axis is the user preference
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Menu Criterion  Beta Preference Sugar Fiber

mo Max Prefer. 0 0.80 22.79 53.75
mi1  Min Sugar 0.2 0.79 16.33 52.41
mo  Min Sugar 0.4 0.78 13.64 54.06
m3  Min Sugar 0.6 0.75 10.43 35.73
myg  Min Sugar 0.8 0.72 8.80 35.84
ms  Max Fiber 0.2 0.80 23.44 53.76
mg Max Fiber 0.4 0.73 16.94 108.63
my; Max Fiber 0.6 0.66 24.33 134.33
mg  Max Fiber 0.8 0.57 22.89 150.84

Table 8: Composition of generated menus before Pareto filtering

Menu Criterion Beta Preference Sugar Fiber 01 02 O3
my  Min Sugar 0.2 0.79 16.33 52.41 010
mo  Min Sugar 0.4 0.78 13.64 54.06 -1 20
meg Max Fiber 0.4 0.73 16.94 108.63 415
my  Max Fiber 0.6 0.66 24.33 134.33 -7 0 8
mg Max Fiber 0.8 0.57 22.89 150.84 -12 010

Table 9: Composition of recommended menus after Pareto filtering (0.02, 5, 10)

4.3 Results of flexible Pareto filtering providing explained recommendations

Finally, we work with the research question Q5: Can we recommend healthier menus with
aminimal and acceptable reduction in user preference? Furthermore, can we provide a list
of healthy menus, so that the user can choose according to their desires at that moment?
We will demonstrate that by considering specific acceptance margins (granularity) for
the three criteria (user preference, amount of sugar and amount of fiber), we can generate
a list of optimal menus from which users can select.

Equations 3 and 4, using different values of 3, provide an initial set of menus, which
could be recommended to the user. However, the proposal is to provide menus which
optimize some of the three criteria: maximize user preferences (g; ), minimize sugar (g-)
and maximize fiber (g3).

The flexible Pareto frontier obtained from Equation 7, is the set of optimal menus,
considering the three criteria with tolerance parameters 7, 7o, 73, established by the user
and the nutritionist expert.

Figures 6 to 8 show composition of the set of menus to be recommended, for a given
user of profile MH, before and after applying the Pareto filter, presenting fiber in X-axis,
sugar in Y-axis and the dot color represents the user preference. Table 8 and Figure 6
displays the initial set of menus, generated by Equations 3 and 4, for different values of

Menu Criterion Beta Preference Sugar Fiber 01 02 03
me Max Fiber 0.4 0.73 16.94 108.63 415
mg  Max Fiber 0.8 0.57 22.89 150.84 -12 010

Table 10: Composition of recommended menus after Pareto filtering (0.1, 5, 10)



254 Barranco M.J,, Yera R., Martinez F.J.: A preference-based daily meal ...

Sugar

Sugar

Fiber

Figure 7: Composition of menus to be recommended, after Pareto filter (0.02, 5, 10)

Applying the Pareto filter, dominated menus are removed from the set, resulting
the optimal menus to be recommended. Tables 9 and 10 and figures 7 and 8 show
composition of menus considering different tolerance parameters (the column criterion
determines the optimization criterion applied in each calculation: equation 3 for Min
Sugar and equation 4 for Max Fiber).

In Figure 7, the Pareto filter is applied with tolerance parameters 71 = 0.02, 75 =
5, 73 = 10, giving five menus, and Figure 8 with parameters 71 = 0.1, 75 = 5, 73 = 10,
giving two menus. Experiments show that low values of tolerance lead to larger sets of
results.

Finally, the recommendation model has to provide results to the current user as a list
of menus, ordered by user preference, including a three-tuple (41, d2, d3), as defined in
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Sugar

Fiber

Figure 8: Composition of menus to be recommended, after Pareto filter (0.1, 5, 10)
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Breakfast:
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Figure 9: Recommended menus using Pareto filter (0.02, 5, 10)

Equation 8, associated to each menu, thus providing the user with useful explanations for
making their choice. Figure 9 shows the list of recommended menus of Table 9, when
Pareto filter is applied with tolerance parameters 73 = 0.02, 72 = 5, 73 = 10.
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5 Conclusions

The presented research develops a framework that was centered on mitigating several
gaps identified in previous proposals of food recommender systems for diabetics. Such
shortcomings were connected to an insufficient use of general medical guidelines com-
monly used for prescribing meals in this disease, and an inappropriate management of
the previous food preferences.

The proposed framework fills these research gaps, by generating new menus for which
it is able to manage the desired trade-off between the amount of sugar and fiber in the
menu, in relation to the whole user preferences of all the suggested meals. The performed
analysis shows that once the amount of sugar and fiber becomes more restrictive, the
overall user preference decreases but keeps in an appropriate range. The Pareto frontier
is used for managing the benchmark between these criteria.

In future research, additional dietary criteria beneficial for individuals with diabetes,
such as high-protein and low-sodium requirements, could be incorporated into the model.
This expansion would enhance the range and quality of nutritionally appropriate menus
recommended to users. Furthermore, integrating these criteria could potentially improve
the overall efficacy of the dietary management approach for diabetic patients.
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