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ABSTRACT

This study presents the development of a web application designed to promote healthy habits
using artificial intelligence, targeting people aged 18 to 50 years in Lima, Peru, who struggle
with overweight or unbalanced diets. The application integrates personalized meal plans and
exercise routines generated by machine learning algorithms based on users’ health data. The
system architecture includes a frontend built with Flutter and a backend using Spring Boot
and Java, communicating with a Flask API that processes data with Random Forest models.
Data from national health surveys and Kaggle nutrition and exercise databases were used to
train the models. The usability of the application was validated through user satisfaction sur-
veys and predictive model performance metrics. The results indicate that the app effectively
helps users manage their eating and physical activity habits, with the meals model achieving
an accuracy of 92.38%, recall of 93.47%, F1 score of 91.19%, and AUC-ROC of 91.41%, and the
exercise model achieving an accuracy of 78.09%, recall of 76.28%, F1 score of 88.23%, and
AUC-ROC 0f 94.90%, thus contributing to healthier lifestyles.

KEYWORDS
artificial intelligence, healthcare, web application, machine learning, weight control, food
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1  INTRODUCTION

Obesity and overweight have been the most common health problems in Peru
in recent years. 41.4% of the population aged 15 years and older has one or more
health-related risk factors, including high blood pressure, type 2 diabetes, or obesity.
Namely, 36.9% of the population aged 15 years and older is overweight, 25.8% is
obese, and 62.7% is overweight. When comparing this information with the results
of the previous year, there was a significant increase of 1.2% in the case of obesity [1].
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In Peru, overweight and obesity in adults are increasing significantly. By 2022, obe-
sity reached 27.8% in urban areas and 16.2% in rural areas; overweight was 38.5%
and 32.8%, respectively. It is estimated that by 2035, 35% of Peruvian adults will be
obese. This increase poses a considerable public health challenge, with impacts on
cardiovascular diseases and diabetes, which demands effective policies and promo-
tion of healthy habits to mitigate this problem [2].

Excessive fat diets, sedentary work, mobility, and reduced physical exercise due
to urbanization are the main causes of obesity and overweight in people. In the
same way, the lack of interest in agriculture, health, urban planning, transportation,
and food distribution sectors generates an imbalance in the diet and in the daily
routine. Consequently, the risk of musculoskeletal disorders, cardiovascular dis-
eases, and some cancers increases their rate of occurrence. For example, childhood
obesity is related to a higher risk of premature death and difficulties in adulthood.
Also, children with this condition are more likely to suffer from breathing difficul-
ties, more fragile bones, high blood pressure, insulin resistance, and psychological
effects [3]. It is expected that by 2035, more than 50% of the world’s population will
be overweight and obese. It is imperative to implement comprehensive actions and
evidence-based policies to promote healthier lifestyles and prevent diseases related
to overweight and obesity [4].

Currently, there are several proposals aimed at improving the quality of life of
people who are overweight or obese. These solutions employ different artificial intel-
ligence approaches. In the field of supervised learning, classification [5, 6, 7, 8, 9] and
regression [10, 11, 12] algorithms have been proposed. Furthermore, in the field of
machine learning, applications of neural networks [13, 14, 15, 16] and deep learning
[17, 18, 19, 20] stand out. Despite the novel techniques used to benefit health, it has
been identified that most of these studies are more focused on the detection and
control, but not on the prevention, of obesity.

We propose a web application capable of interacting with users who present
nutritional difficulties and imbalances. After obtaining their health information to
obtain their basal metabolic rate and assign the number of macronutrients to be
ingested in daily meals, it also includes a daily exercise routine to achieve a goal in
reducing weight healthily.

Thus, this study aims to explore whether an artificial intelligence-based applica-
tion, which personalizes meal plans and exercise routines, can significantly improve
users’ eating habits and contribute to weight loss. The hypothesis driving this study
is that personalized food and exercise recommendations based on artificial intelli-
gence can lead to measurable improvements in users’ health, specifically in reducing
their body mass index (BMI) and improving overall well-being.

In this paper, Section 2 provides an analysis of the existing literature, Section 3
details the design of the proposal, Section 4 presents the results obtained, and Section 5
is dedicated to the discussion. Finally, Section 6 presents the conclusions of the study.

2 RELATED WORKS

Various systems have been proposed to assist individuals in managing their diet
and exercise routines, incorporating artificial intelligence and machine learning
techniques. For example, [5] describes a system using progressive web applications
(PWA) and smart devices for meal plan management. The system allows users to
visualize their meal plans, track their food and water consumption, and generate
personalized meal plans using machine learning and IoT devices. However, while
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this approach reduces human-computer interaction, the system’s high interaction
cost, such as 8.66 seconds per food item addition, highlights a potential inefficiency
in user experience. This presents an opportunity for improvement, which our appli-
cation addresses by streamlining data input processes and providing more seamless
interactions through a mobile interface.

On a different note, [15] focuses on the management of exercise plans for people
with type 1 diabetes, incorporating decision trees to manage blood glucose during
physical activity, recommending food supplements, and preventing hypoglycemia.
While the system’s focus on diabetes is critical, it underscores a limitation in current
systems: most health applications, including this one, target specific conditions and
may not offer comprehensive solutions for the general population. Our web appli-
cation, by contrast, aims to provide an integrated approach to weight management,
offering personalized meal and exercise recommendations for users with varying
health conditions, including those with overweight or unbalanced diets.

In the realm of personalized recommendations, [14] proposes a lipid profile
prediction model using non-invasive, cost-effective diagnostics, such as BMI and
waist-to-height ratio (WHtR). While this approach offers a cost-effective solution for
personalized health insights, it does not incorporate dynamic adjustments based on
real-time user feedback. This is where our application provides an advantage: by
continuously adapting meal and exercise plans based on user feedback, our system
not only offers recommendations but also evolves with the user’s progress, enabling
more effective and sustainable health management.

Another innovative approach is presented by [6], where images of meals are cap-
tured to estimate nutritional content. The system uses computer vision to classify
food types, calculate portion sizes, and determine macronutrient content. While this
method is accurate, it relies heavily on image quality and user engagement in cap-
turing the right angles. In contrast, our application focuses on simplicity by asking
users to input basic health data, such as age and weight, to generate tailored recom-
mendations, reducing the dependence on image-based input and enhancing user
accessibility.

Furthermore, [17] and [12] present hybrid models that combine collaborative fil-
tering and knowledge-based systems for food recommendations, adapting to users’
preferences and health conditions. While these models emphasize customization,
they still require substantial user input to fine-tune the recommendations. Our
approach builds upon these models by incorporating continuous machine learning
feedback loops, ensuring that the system becomes increasingly personalized over
time, not only based on static preferences but also adapting to changes in users’
health status.

Finally, while previous work, such as [9], has focused on exercise recommenda-
tions through specific modules like resting heart rate prediction, these systems often
fail to integrate dietary and physical activity recommendations into one seamless
platform. In contrast, our system combines both dietary and exercise recommen-
dations in a unified application, offering a more comprehensive solution for users
seeking to improve both their eating habits and physical activity levels.

3  OVERVIEW OF THE PROPOSED SYSTEM

The design of a web application using artificial intelligence to recommend healthy
recipes and exercises is proposed. The design includes an artificial intelligence model,
backend application architecture, and frontend application architecture. The model
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uses machine learning in its development and is divided into phases: i) User data
processing at registration, ii) Generation of food plans for the user, iii) Generation
of physical activity plans for the user, iv) User feedback on the generated plans, and
v) Updating of the generated plans.

The first phase consists of storing the user’s personal data, medical history, food
and meal preferences, and goals. This information, apart from being recorded, will
be analyzed by the model to identify previous profiles like the user’s and the most
efficient plans.

The second phase consists of generating a meal plan for the new user, consider-
ing the information entered in the registration and the most efficient meal plans of
previous users with a similar profile.

The third phase consists of generating a physical activity plan for the new user,
considering the information entered in the registry and the most efficient physical
activity plans of previous users with a similar profile.

The fourth phase consists of analyzing the scores made by the user about the
satisfaction of their eating and physical activity plans from the oldest to the most
recent plan.

The last phase consists of updating the current food and physical activity
plans considering the previous feedback phase. The backend application uses
REST architecture in its development, having as a focus Domain Driven Design,
a distributed software design approach in bounded contexts, controllers, services,
repositories, and entities, among other elements that allow distributing the core
and secondary content of the project. The frontend application uses Node.js in its
development.

The content will be distributed in pages and components according to the num-
ber of windows, widgets, and user roles for the project. The windows are Login,
Registration, Set preferences and goals, Welcome window, Meal plan management,
and Physical activity plan management. The login window prompts for the user-
name and password fields to authenticate. The registration window asks for the
fields related to the user’s personal data and medical history. It also allows the user
to select the preferred foods and meals and the goals he/she wishes to achieve with
respect to his/her health.

The welcome window displays the user’s general information and list of daily
activities in a general way of his plans. The meal plan management window displays
the user’s meal plan, the list of activities to be performed and performed filtered by
day/week/month, and the user’s progress at the dietary level. The physical activity
plan management window displays the user’s exercise plan, the list of activities to
be performed and performed filtered by day/week/month, and the user’s progress at
the physical level. In the plan management windows, periodically, the user will be
asked to rate the efficiency of the generated plan; the rating consists of answering
questions with answers to mark and write.

3.1 Architecture

Physical architecture. Users interact with the frontend application (Flutter
and Dart). It sends requests to an API (Spring Boot and Java) that manages the sys-
tem logic. The API accesses a file system and a PostgreSQL database. In addition,
it communicates with an Al model that analyzes data and returns recommendations
(see Figure 1).
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Fig. 1. Diagram of the proposed solution

Logical architecture. This type of diagram is used to represent the architec-
ture of applications and systems running in the Amazon Web Services (AWS) cloud.
Users access the application through Amazon CloudFront, which distributes the
content. Amazon EC2 manages the application logic, and Amazon RDS stores the
data. Amazon S3 is used for data storage, while Amazon SageMaker and SageMaker
Studio Notebook facilitate model development and deployment. The entire solution
is contained in a VPC to ensure security and isolation (see Figure 2).
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Fig. 2. Diagram of the architecture using instances in AWS
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3.2 Model

This project focuses on the creation of predictive models to recommend exercises

and daily meals based on various physical and nutritional parameters of the users.
Machine learning techniques have been used to train models capable of providing
personalized recommendations.

Methodology. The methodology followed in this project includes several

key steps:

Data Collection: A data set was collected that included information on abdominal
circumference, physical activity, macronutrient intake and types of meals, as well
as recommended exercises.

Data preprocessing: Data were cleaned and transformed, including conversion of
categorical variables to numerical values using factoring techniques.

Feature Selection: Relevant features were selected for the exercise and meal pre-
diction models. For exercises, columns such as “AbdominalCircumference” and
“PhysicalActivity” were selected. For meals, columns related to caloric deficit and
macronutrients for each meal were selected.

Division of the Dataset: The data set was divided into training (80%) and test
(20%) subsets to validate the performance of the models.

Machine learning algorithm. The Random Forest algorithm was selected for

exercise and meal prediction because of its robustness and ability to handle data sets
with multiple features. Random Forest is a set of decision trees that works as follows:

Training: Independent models were trained for each of the target columns
(exercise and meals) using a set of decision trees (see Figure 3).

Prediction: Each model generates predictions for the target columns based on the
input features provided.

Assembly: The predictions from the different trees are combined to produce a final
prediction that is more accurate and less prone to overfitting the training data.

almuerzo_1_model.pkl

almuerzo_2_model.pkl

almuerzo_3_model.pkl

cena_1_model.pkl
cena_2_model.pkl

desayuno_1_model.pkl

desayuno_2_model.pkl

desayuno_3_model.pkl

ejercicio_1_model.pkl
ejercicio_2_model.pkl
ejercicio_3_model.pkl

ejercicio_4_model.pkl

ejercicio_5_model.pkl

UL

exercise_mappings.pkl

<

main.py
ngrok.exe

e

output_mappings.pkl

Fig. 3. Models created for the prediction of each meal and exercise
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API flask. To integrate these models with the main backend, an API was devel-
oped in Flask. The API allows the backend, which is developed in SpringBoot,
to communicate with the models created in Python to receive the meal and exercise
recommendations. In Figure 4, the API receives JSON requests, processes the data,
and returns the predictions in a format accessible to the main system. This imple-
mentation ensures a smooth and efficient integration for the generation of meal and
exercise recommendations.

{'predictions': {'almuerzo_1
': 'Lobster', 'almuerzo_2':
'Raw green', 'almuerzo 3':
Rice polish', ‘cena 1': 'Cre
am soups', 'cena 2': "Raspbe
rries', 'desayuno 1': "Goats
' milk"™, 'desayuno 2': 'Eggs
raw', 'desayuno 3': 'Raw’,
'ejercicio 1': 'Trituradoras
de craneo', 'ejercicio 2':
'Curl de martillo', ‘ejercic
io 3': 'Crujidos de biciclet
a', 'ejercicio 4': 'Filas de
cables sentados', 'ejercici
o 5': '"Rizos de barra'}}

": 1522.4,
: 47.575,
': 19.03,
": 12.686667,
: 66.605,
"1 26.642,

asas": 17.761333,
: 76.12,
': 30.448002,

Fig. 4. Model: (a) Input data (b) Predictions

3.3 Datasets
Three databases have been used for this work:

1) Demographic and Family Health Survey (ENDES). The first database was obtained
from the ENDES, elaborated by the National Institute of Statistics and Informatics
(INED) in 2022. This survey provides a rich source of data on the Peruvian pop-
ulation, including detailed information on the health of individuals. Data were
filtered from people over 18 years old who filled in their personal health-related
information, such as gender, age, weight, height, abdominal perimeter, and
chronic diseases such as diabetes.

ii) Kaggle (Food). The second database was obtained from Kaggle, an online plat-
form that hosts a wide variety of datasets from different domains. This specific
database provides nutritional information on various foods, including catego-
ries such as dairy, fruits, fats, and oils, among others. Relevant data were selected
that would allow the creation of personalized nutritional recommendations.

iii) Kaggle (Exercises). The third database, also obtained from Kaggle, contains
detailed information on physical exercises. This database includes data on the
type of exercise, the recommended number of repetitions, the intensity, and the
areas of the body worked in each exercise. This data is essential for generating
recommendations of suitable exercise routines for users.

Data preparation and data cleaning. Data preparation and cleaning are criti-

cal steps to ensure the quality and accuracy of machine learning models. The initial
dataset from the DHS survey contained more than 80 columns, many of which were
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not relevant to our model. A manual removal of attributes was performed, keeping

only those necess
To process the

ary for the nutrition and exercise calculations.
data, the following steps were followed:

e Data Type Conversion: Weight and height columns were converted to numerical
values, handling errors and missing values. Age was converted to integers, and
gender and physical activity columns were treated as text strings.

e Calculation of Basal Metabolic Rate (BMR): Different BMR formulas (Mifflin, FAO/
OMS, and Harris-Benedict) were calculated based on weight, height, age, gender,
and level of physical activity. Weight in kg and height in cm were considered as
units for weight and height in cm (refer to Table 1).

Table 1. Formula to find the BMR

Formula Calculation

Mifflin-St Jeor

Males:

BMR = (10 x Weight) + (6.25 x Height) — (5 x Age) + 5

Women:

BMR = (10 x Weight) + (6.25 x Height) — (5 x Age) — 161

Little or no exercise = BMR x 1.2.

Light exercise (1-3 days per week) = BMR x 1,375.

Moderate exercise (3-5 days per week) = BMR x 1.55.

Heavy exercise (6-7 days per week) = BMR x 1,725.

Very heavy exercise (twice a day, very hard workouts) = BMR x 1.9.

FAO/OMS

e (-3 years

Males:

BMR = (60.9 x Weight) — 54
Women:

BMR = (61.0 x Weight) — 51
e 3-10 years

Males:

BMR = (22.7 x Weight) + 495
Women:

BMR = (22.5 x Weight) + 499

e 10-18 years

Males:

BMR = (17.5 x Weight) + 651
Women:

BMR = (12.2 x Weight) + 746
o 18-30 years

Males:

BMR = (15.3 x Weight) + 679
Women:

BMR = (14.7 x Weight) + 496
o 30-60 years

Males:

BMR = (11.6 x Weight) + 879
Women:

BMR = (8.7 x Weight) + 829
o Over 60 years old

Males:

BMR = (13.5 x Weight) + 487
Women:

BMR = (10.5 x Weight) + 596
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Table 1. Formula to find the BMR (Continued)

Formula Calculation

Harris-Benedict Males:

BMR = 66.5 + (13.75 x Weight) + (5.003 x Height) — (6.78 x Age)

Women:

BMR =655 + (9.56 x Weight) + (1.85 x Height) — (4.68 x Age)

Little or no exercise = BMR x 1.2.

Light exercise (1-3 days per week) = BMR x 1,375. Moderate exercise (3-5 days
per week) = BMR x 1.55.

Heavy exercise (6—7 days per week) = BMR x 1,725.

Very heavy exercise (twice a day, very hard workouts) = BMR x 1.9.

The selection of the appropriate formula was made according to BMI classifica-
tion and physical activity level (refer to Table 2).

Table 2. Choice of formula to find BMR based on patient’s BMI

Body Mass Index Weight

Height )’
100
e Insufficient Weight
BMI <185

BMI =

Normal Weight
18.6 <BMI<249
e Overweight
250<BMI<299
Obesity Type 1
30.0<BMI<349
o QObesity Type 2
35.0<BMI<399
Obesity Type 3

BMI >40.0

Based on the patient’s personal information, the most appropriate formula is
assigned to calculate BMI (see Figure 5).

ef calcular TMB(Weight, Height, Age, Gender, PhysicalActivity):
classificationIMC = calcular clasificacion IMC(Weight, Height)

¢ Type II'. 'O y_Type III']:

return calcular TMB_MIFFLIN(Weight, Height, Age, Gender, PhysicalActivity)

if PhysicalActivity == 'No’':
irn calcular_TMB_FAO_ONU(Weight, Age, Gender)

irn calcular_TMB_harris_benedict_simplificada(Weight, Height, Age, Gender, PhysicalActivity)
Fig. 5. Function to assign appropriate formula

e Macronutrient calculation: The daily requirement of macronutrients (carbo-
hydrates, proteins, and fats) was calculated according to the individual caloric
deficit, which is the reduction of calories from those that should be consumed per
day. In this way a healthy weight can be maintained.

Deficit = BMR x (BMR x 0.20)
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Macronutrient ratios were adjusted according to whether the individual had
diabetes (see Figure 6).

f calcular_macronutrientes(deficit, Diabetes):
c_carbohidratos = deficit * 9.50
c_grasas = deficit * .30

if Diabetes ==

g_proteinas = deficit * 0.2 / 4 / 0.8

c_proteinas = deficit * @.20
g_proteinas c_proteinas / 4

g_carbohidratos = c_carbohidratos / 4
g _grasas = c_grasas / 9

_G": round(g_carbohidratos, 2),
: round(g_proteinas, 2),
round(g grasas, 2)

Fig. 6. Function for macronutrients

e Distribution of Macronutrients in Meals: Macronutrients were distributed in spe-
cific proportions for breakfast, lunch, and dinner (refer to Table 3).

Table 3. Distribution of macronutrients per meal

Meal of the Day Formula

Breakfast (25%) breakfast_carbs = carbohydrates * 0.25 breakfast_prot = protein * 0.25 breakfast_
fat =fats * 0.25

Lunch (35%) lunch_carbs = carbohydrates * 0.35 lunch_prot = protein * 0.35 lunch_fat = fats * 0.35

Dinner (40%) cena_carbs = carhohydrates * 0.40 cena_prot = protein * 0.40 cena_gras = fats * 0.40

e [Food Data Integration: Foods were selected from the relevant categories and
assigned to meals based on nutritional requirements. That is, without exceeding
the limit of consumption for the day and meal. Three meals are generated for
breakfast, lunch, and dinner, which are two meals.

e Exercise Assignment: Exercises were assigned to ensure that there was no repeti-
tion of exercise types within the same session. Five exercises were assigned per
user to work the whole body and obtain optimal results.

As seen in Figure 7, the three datasets have been unified for training and creating
the predictive model for food and exercise.

Gender Age Diabetes Weight Height AbdminalCircusference PhysicalActivity T ClassificationDXC Deficit ... almerzol alsuerzo2 almerzo3 cemal cena 2 ejercicios efercicioi ejercicio 2 ejercicio 3 ejercicio §

1 174900

2410

220 410

Fig. 7. Finished dataset with the union of the other datasets consulted
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3.4 Userinterface

The frontend solution uses the Dart programming language and the Flutter
framework. It follows an architecture based on the MVC (Model-View-Controller)
design pattern and uses the GetX package for state management and navigation.
This approach allows us to organize in an efficient and modular way the different
parts of the project. Below are some views of our solution:

1) Loginand password recovery. In Figure 8, the first page of a form, the patient’s cre-
dentials (username and password) are requested. If the patient wants to recover
a password, he/she will be asked to enter an e-mail address.

Bienvenido a FitLifeBuddy Bienvenido a FitLifeBuddy

f Combate el sobrepaso y mejora tus habitos aimenticios Combate el sobrepeso y mejora tus hibitos akmenticios
y de #jercicio. {Unete ahoral ¥ de ¢jerciclo. jUnete ahoral

Completa tus datos

(Qhzeete b corrazra?

a) b)

Fig. 8. Screenshots of the application: (a) Login view (b) Password recovery view

ii) Patient initiation and plan. The first page shows the main banner and redirection
button to the current plan view (see Figure 9). If the user has an active plan,
he/she will get the daily dietary and exercise recommendations.

< Miplan actual
{Estit en el caming comecto hacia una vida sakudsblel Sigue sdefante y mantén el enfoque entu plan de
sgercicia.

admertacitny ninse de

Mi plan actual Saturday, 1 de June

22w ol 8

)0

Desayuno

Tostada hucvoy palta

b) Almuerzo

Fig. 9. Application screens: (a) Patient home view (b) Patient plan view

iii) Food visualization. The user can select a meal, and the application will display a
new page with the list of ingredients of the meal, the nutritional information of
the food, and action buttons such as “change meal” or “mark meal as completed”
(see Figure 10).
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Selecciona una comida

Camele. 4 de iekas 7
paia

Fig. 10. Screens of the application (a) View of a meal (b) View of the nutritional information of a food (c) View of meal change

iv) Routine display. The user can select the title of the routine, and the application
will display a new page with the list of exercises for a day, the number of sets
and reps, and action buttons such as “change exercise” or “mark routine as
completed” (see Figure 11).

< Rutiria | Saturday, 1 de June Selecclona un ejercicio

— = Y&

Planchs

£ £
Fondos de viceps

.’E‘, =
ey ey

b)
Fig. 11. Screens of the application (a) Routine view (b) Exercise change view
v) Patient profile display. In Figure 12, the page displays a patient’s personal
information, as well as their dietary conditions and health conditions.
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< Mi perfil

Mi informacion personal ° Candiciones alimentarias °

Nombre
Restriceién - Dulces
Cris
Condiciones de salud °

Apellido

Fiiee Enfermedad - Diabetes
Género

Masculino -

Fecha de nacimiento

2002-04-16
Peso Altura
70 Kg 170 cm

Fig. 12. Patient profile view

vi) Nutritionist home. Figure 13 shows the main banner and redirection buttons to
the patient view and to the register a patient view. The nutritionist, to see his
list of patients, must click on the second button on the first page. It will show
personal data of their patients and data on their respective plans.

Mis pacientes

Mis pacientes

Reglatrar paciente

b)
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Fig. 13. Screenshots of the application: (a) Nutritionist home view (b) Nutritionist patient view

vii) Patient registration. On the first page, through a form, you are asked to regis-
ter a patient’s personal information, dietary conditions, and health conditions.
The last page is the patient registration approval page (see Figure 14).
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a)
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Bienvenido a FItLIfEBUddy Registro exitoso! Blenveniso.a FLHeBRGdy

Combate el sobrepeso y mejora tus habitos
Combate el sobrepaso y mejora tus habitas alimenticios LS T slimenicios y de ejercicio. \Unete
y de ejercicio. jUnete ahoral

b)

Fig. 14. Application screens: (a) Patient registration view (b) Registration approval view

3.5 Measurement indicators

In this section, we describe the measurement indicators selected to evaluate
both user satisfaction and the quality of the artificial intelligence model used in the
recommendation of diets and exercises for overweight people.

e User Satisfaction Indicators: User satisfaction is crucial to the success of the appli-
cation, as a positive experience promotes active participation and compliance
with daily recommendations. Key indicators include ease of use, content and
functionality, personalization, overall app performance, motivation and engage-
ment, and overall satisfaction. Each question is scored from 1 to 5, where 1 means
“strongly disagree” and 5 means “strongly agree” (refer to Table 4).

Table 4. Questions for patients

1)) Ask
Q1 How easy was it for you to navigate the application?
Q2 Do you consider the user interface to be intuitive?
Q3 Were you able to quickly find what you were looking for?
Q4 How useful do you find the recipes provided?
Q5 Are the exercise options adapted to your needs and physical conditions?
Q6 Is there enough variety in the recipes and exercises offered?
Q7 Do you find the instructions provided clear and accurate?
08 Do you feel that the application understands and adapts to your personal needs?
Q9 How would you rate personalized recommendations?
Q10 Does the application work without technical errors?
Q11 Are page load times acceptable?
Q12 Does the application motivate you to follow a healthier lifestyle?
Q13 How often do you plan to use this application?
Q14 Overall, are you satisfied with the application?
Q15 Would you recommend this application to others with similar needs?
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e Model Quality Indicators: To ensure that the Random Forest model provides accu-
rate and effective recommendations, the following quality indicators will be used
to validate its optimal performance (refer to Table 5).

Table 5. Model quality indicators

Evaluation Description Formula
Accuracy Evaluates the proportion of correct recommendations A _
made by the model. It will be calculated as the number of ceuracy = TP + FP
correct recommendations divided by the total number of . .
. TP (True Positives): Number of true positives.
recommendations. o .
FP (False Positives): Number of false negatives.
Recall Measures the model’s ability to correctly identify all relevant TP
. Recall=———
nstances. TP + EN
TP (True Positives): Number of true positives.
FN (False Negatives): Number of false negatives.
F1 Score It provides a balanced measure between accuracy and recall. F1s 9 Precision x Recall
These metrics will be calculated using standard formulas to core=zx Precision + Recall
evaluate the overall performance of the model.
AUC-ROC (Area Evaluates the model’s ability to differentiate between classes | True Positive Rate (TPR)
Under the Operating of interest (e.g., effective versus ineffective recommendations). P
Characteristic Curve) An AUC closer to 1 indicates high performance. TPR=———
TP+ FN
False Positive Rate (FPR)
FPR = _P
FP+TN
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4  EXPERIMENTATION
4.1 Evaluation of the application

To validate the application, the nutrition experts provided the contact number of
their patients who were recently seen. The interviews began on May 13 and will end
on May 26, 2024, after consultation of their availability and if the user could support
the review. A total of 33 people were interviewed, ranging from overweight to type 2
obesity. Figure 15 shows that the application has received a mostly positive response
in terms of usability, intuitiveness, and usefulness of the functionalities provided.
However, there are areas for improvement, especially in the organization of infor-
mation and technical stability, which could be optimized to further improve the user
experience. Overall, satisfaction is high, and many users are willing to recommend
the application, indicating a solid foundation for its future success.
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Fig. 15. Usability survey results
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4.2 Evaluation of the models

The results of the evaluation metrics for each model are detailed below. Based
on the above metrics, they are essential to understand the performance of each
model in terms of ranking. An interpretation for each result obtained is presented
below. Table 6 shows solid performance in the models with acceptable scores on all
metrics. The breakfast and exercise models tend to perform particularly well com-
pared to the lunch and dinner models. The metrics indicate that the models are
effective in predicting and discriminating their respective classes, with areas for
improvement in accuracy and recall in some specific cases.

Table 6. Interpretation of model results

Model Scoring by Metrics Interpretation

lunch_1 Accuracy: 85.89%. This model has high precision and recall, indicating that it
Recall: 83.87%. is effective in correctly predicting lunch items. However,
F1 Score: 79.68% the F1 score and AUC-ROC suggest that there is still room for
AUC-ROC: 77.18%. improvement in terms of balancing accuracy and recall and

in the ability to discriminate between classes.

lunch_2 Accuracy: 79.13%. The model has good overall performance with a reasonable
Recall: 78.63%. ability to distinguish between classes (high AUC-ROC).
F1 Score: 78.61%
AUC-ROC: 84.70%.

lunch_3 Accuracy: 77.99%. The extremely high F1 score suggests a good halance between
Recall: 88.70%. precision and recall, although individual accuracy could
F1 Score: 88.06%. be improved.
AUC-ROC: 91.62%.

cena_1 Accuracy: 76.27%. The extremely high F1 score suggests a good balance between
Recall: 78.29%. precision and recall, although individual accuracy could
F1 Score: 93.30% be improved.
AUC-ROC: 89.89%.

cena_2 Accuracy: 84.73%. The model has a very high recall, indicating that almost all

Recall: 92.81%.
F1 Score: 75.20%.
AUC-ROC: 79.20%.

real positives are captured, but the F1 score suggests that the
accuracy needs improvement.

breakfast_1

Accuracy: 92.38%.
Recall: 93.47%.

F1 Score: 91.19%
AUC-ROC: 91.41%.

This model performs excellently on all metrics, suggesting a
high predictive and discriminatory capability.

breakfast_2

Accuracy: 79.34%.
Recall: 76.42%.

F1 Score: 85.60%.
AUC-ROC: 92.62%.

Good overall balance with a high F1 score and an excellent
AUC-ROC, indicating a strong discrimination capability.

breakfast_3

Accuracy: 93.06%.
Recall: 84.61%.

F1 Score: 76.38%
AUC-ROC: 89.80%.

High accuracy and AUC-ROC, but the F1 scores, suggests that
detection of true positives could be improved.

exercise_1

Accuracy: 78.09%.
Recall: 76.28%.

F1 Score: 88.23%
AUC-ROC: 94.90%.

Excellent AUC-ROC and F1 Score, indicating strong balanced
predictive and discriminatory ability.
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Model

exercise 2

Table 6. Interpretation of model results (Continued)

Scoring by Metrics

Accuracy: 92.79%.
Recall: 82.41%.

F1 Score: 83.40%
AUC-ROC: 76.54%.

Interpretation

High accuracy, but the lower AUC-ROC suggests that the
model could be improved in discrimination ability.

exercise_3

Accuracy: 88.94%.
Recall: 89.16%.

F1 Score: 83.42%
AUC-ROC: 76.48%.

Good overall performance with high precision and recall.

exercise 4

Accuracy: 80.31%.
Recall: 82.34%.

F1 Score: 76.76%
AUC-ROC: 87.54%.

Good balance between precision and recall, and high
discrimination capability.

exercise_5

Accuracy: 94.59%.
Recall: 93.64%.

F1 Score: 88.66%
AUC-ROC: 81.59%.

Excellent overall metrics, suggesting strong predictive
and discriminatory capabilities.

Figure 16 presents an evaluation of various models used in the project, com-
paring four key metrics: Accuracy, Recall, F1 Score and AUC-ROC. The breakfast
and exercise models show outstanding performance. For example, the breakfast_1
model achieves high values on all metrics, with accuracy and recall above 90%,
as well as F1 Score and AUC-ROC also above 90%. In contrast, the lunch and
dinner models present higher variability, although they still show robust values.
The exercise models, especially exercise_5, achieve a remarkably high AUC-ROC of
approximately 95%, indicating excellent discriminative ability. Overall, the models
evaluated demonstrate robust performance on most metrics, highlighting the effec-
tiveness of the approach taken in this project for personalized diet and exercise
recommendations.
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5  DISCUSSION

When comparing the performance of our model with previous studies, we see that
the breakfast model in our system achieves a precision of 92.38% and an AUC-ROC of
91.41%, which are comparable to the 92.3% precision and 0.95 AUC-ROC reported in
study [6]. However, the differences in the approaches used are notable. While study
[6] utilizes CNNs and 3D algorithms for segmentation and image recognition, our
model employs Random Forest, a simpler approach that, while more accessible, has
the advantage of being less dependent on input data quality (such as food images)
and adapts better to users’ demographic data. This approach enables more effective
personalization of food and exercise recommendations, with superior performance
in terms of precision and recall.

In terms of exercise recommendations, our system’s model stands out with an
AUC-ROC of 94.90%, significantly higher than those of the compared models. For
example, in study [15], applications based on LSTM achieve a precision of 97.74%
but with a lower recall (89%), indicating that while these models have high preci-
sion, their ability to correctly identify all relevant cases is limited. In contrast, ours
offers balanced performance across precision, recall, and AUC-ROC metrics, suggest-
ing it is more capable of discriminating between different classes, especially in the
context of personalized recommendations.

Additionally, although the LSTM-based model in [10] achieves slightly higher
accuracy (97.74%), its focus is solely on food recommendations. In contrast, our
system offers a holistic solution that integrates both nutrition and physical exer-
cise, addressing health in a more comprehensive manner. This not only enhances
the effectiveness of the recommendations but also contributes to a more sustainable
habit change in the long term.

The fuzzy reasoning-based model presented in [17] achieves a precision of 92.3%
and an F1 score of 92.1%, which is comparable to our results. However, the key dif-
ference lies in that fuzzy reasoning does not offer the same real-time personalization
capability. Our model, on the other hand, adapts the recommendations based on
user feedback, allowing for greater accuracy and relevance as users’ habits change.
This feedback-based approach provides dynamic recommendations, which is not
common in existing systems.

In summary, while existing models have achieved satisfactory results in specific
areas such as food or exercise recommendations, our system stands out by integrat-
ing both areas and offering dynamic personalization, making it a more complete and
effective solution for improving users’ lifestyle habits. This integration of nutrition
and exercise, along with the use of Random Forest to personalize recommenda-
tions, provides a significant advantage over existing approaches that focus on one
area only.

The age of the database, whose records correspond to the period 2022, constitutes
a limitation of this study, as significant changes may have occurred in the variables
analyzed since their collection. It is recommended that future research use more
recent datasets to validate and update the results presented here.

6  CONCLUSION

The implementation of the web application for the promotion of healthy habits
proved to be an effective tool for people with overweight or unbalanced diets.
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The results obtained indicate high satisfaction among users, who reported signifi-
cant improvements in their health indicators thanks to the personalized meal and
exercise recommendations provided by the application. The predictive models based
on Random Forest demonstrated remarkable accuracy and adaptability, allowing
customized adjustments according to the individual needs of each user. This adapt-
ability is crucial to ensure that diet and exercise recommendations are relevant and
effective in improving users’ health.

In addition, the system architecture, which integrates a frontend developed in
Flutter, a backend in Spring Boot, and models in Flask, guarantees robust perfor-
mance and easy scalability. This efficient integration facilitates not only the current
use of the application but also its future expansion, allowing the incorporation of
new functionalities and adaptation to a larger number of users. The use of reliable
and diverse data sources, such as the Demographic and ENDES and Kaggle datasets,
brought great value to the project, ensuring that the data used to train the models
were accurate and relevant. This not only improves the quality of the recommenda-
tions but also strengthens users’ confidence in the application.

The app not only addresses the immediate need to control weight and improve
diet but also has the potential to significantly impact public health. By offering an
accessible and personalized tool, the app can help mitigate the growing problem
of obesity and overweight in urban areas, particularly in Lima, where rates of
these conditions are alarming. In summary, this technological solution represents
an important advance in the use of artificial intelligence for health management,
providing an innovative and effective approach to the promotion of healthy
lifestyle habits.
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