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Abstract: This research paper presents an intelligent system that leverages machine learning techniques to provide personalized
recommendations for daily calorie intake and suggest a combination of food items that collectively meet the recommended calorie
requirements. The proposed system comprises two main components, a calorie prediction model and a food recommendation model.
The calorie prediction model employs regression techniques to estimate the appropriate daily calorie intake for an individual based
on their height, weight, age, gender, and other relevant factors. This estimation is grounded in the calculation of Body Mass Index
(BMI) and Basal Metabolic Rate (BMR), ensuring accurate and personalized calorie recommendations [1]. Once the recommended
calorie intake is determined, the food recommendation model utilizes sequence prediction and combinatorial optimization
approaches to suggest an optimal combination of food items that collectively match the target calorie requirement.

Index Terms — Diet and Calorie Recommendation, Linear Regression, Random Forest regressor, Gradient Boosting,
Personalized health and wellness.

l. INTRODUCTION

In today's fast-paced lifestyle, maintaining a balanced and healthy regime has become increasingly challenging. Achieving
optimal fitness levels requires a comprehensive understanding of individual caloric needs, which are influenced by factors such as
height, weight, age, gender, and physical activity levels. Failure to adhere to an appropriate calorie intake can lead to various health
issues, including obesity, malnutrition, and chronic diseases. Consequently, there is a growing demand for personalized and
intelligent solutions that can provide accurate recommendations for daily calorie intake and suggest suitable food combinations to
meet these requirements [2]. Traditional methods of estimating calorie need often rely on generic formulas or guidelines, which
may not accurately reflect an individual's unique characteristics and lifestyle. Additionally, manually selecting food items that
collectively meet the recommended calorie intake can be a time-consuming and complex task, particularly when considering
factors such as nutritional balance and personal preferences. To address these challenges, this research proposes an intelligent
system that leverages machine learning techniques to provide personalized recommendations for daily calorie intake and suggest
an optimal combination of food items that collectively satisfy the recommended calorie requirements [3]. The system comprises
two main components: a calorie prediction model and a food recommendation model. The calorie prediction model utilizes
advanced regression techniques to estimate the appropriate daily calorie intake for an individual based on their height, weight, age,
gender, and other relevant factors. This estimation is grounded in the calculation of Body Mass Index (BMI) and Basal Metabolic
Rate (BMR), ensuring accurate and personalized calorie recommendations. Once the recommended calorie intake is determined,
the food recommendation model employs cutting-edge machine learning approaches, such as neural networks and deep
reinforcement learning, to suggest an optimal combination of food items that collectively match the target calorie requirement.
This model takes into account various factors, including nutritional information, ingredient compositions, and personal
preferences, to provide practical and diverse food recommendations[4].

Il.  LITERATURE SURVEY

The application of machine learning techniques in the domain of personalized nutrition and dietary recommendations has
gained significant attention in recent years. Researchers have explored various approaches to provide accurate and tailored
calorie intake recommendations and suggest optimal food combinations to support healthy lifestyle choices. Ristovski et al.
(2021) proposed a deep learning-based system for personalized meal recommendation and calorie prediction. Their system
employed recurrent neural networks (RNNs) and autoencoders to extract relevant features from user data and food nutritional
information. The authors reported promising results in terms of meal recommendation accuracy and calorie prediction,
highlighting the potential of deep learning techniques in this domain. Tran et al. (2019) explored the use of deep reinforcement
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learning for food recommendation and meal planning. Their approach used a deep Q-network (DQN) to learn an optimal policy
for selecting food items that meet nutritional requirements while considering user preferences. The proposed system
demonstrated the ability to generate diverse and personalized meal plans tailored to individual needs. In a study, Zhang and
Jieyu (2020) developed a Innovative food recommendation systems: a machine learning approach The authors demonstrated the
effectiveness of their approach in providing accurate calorie estimates, which could be beneficial for individuals monitoring
their dietary intake [5].

EXISTING SYSTEM

Usually, diet recommendation systems primarily focus on providing recommendations based on a user's weight category or
body mass index (BMI). Many existing systems offer generic, one-size-fits-all meal plans or calorie targets that may not
adequately account for individual differences in nutritional needs, dietary preferences, cultural considerations, or health
conditions. While weight and BMI are important factors in determining dietary requirements, they represent only a fraction of
the complex interplay of factors that influence an individual's nutritional needs[6]. Factors such as age, gender, activity level,
metabolic rate, medical history, and specific dietary goals all play crucial roles in determining the ideal dietary recommendations
for a person. Moreover, cultural backgrounds, food preferences, allergies, and intolerances further contribute to the unique
dietary needs of individuals. Therefore, there is a growing need for personalized diet recommendation systems that can tailor
dietary advice to each individual's specific requirements, preferences, and circumstances, thereby promoting optimal health
outcomes and dietary adherence.

PROPOSED SYSTEM

For the calorie prediction component of the system, we will employ regression techniques. The goal is to estimate the
appropriate daily calorie intake for an individual based on their personal characteristics, such as height, weight, age, and gender.
We will explore various regression algorithms, including linear regression, random forests, or other ensemble methods. These
algorithms will be trained on a dataset containing individual characteristics (input features) and their corresponding
recommended calorie intake (target variable).Linear regression is a commonly used technique for modelling the relationship
between a dependent variable (in this case, the recommended daily calorie intake) and one or more independent variables (such
as height, weight, age, and gender). The linear regression model assumes a linear relationship between the input features and the
target variable. In the context of your calorie prediction model, the random forest algorithm will create multiple decision trees,
each trained on a different subset of the training data and a random subset of the input features. The final prediction is made by
averaging the predictions of all the individual decision trees in the ensemble. The regression model will learn the mapping
between the input features and the target variable, enabling it to make accurate predictions of the daily calorie intake for new
individuals based on their personal characteristics [7].

OBJECTIVE
The primary objective of this project is to develop a personalized dietary recommendation system that utilizes individualized

factors such as height, weight, age, and gender to accurately calculate the optimal daily calorie intake for users. By leveraging
these key metrics, the system aims to provide tailored nutritional guidance, addressing the diverse needs of individuals based on
their unique physiological characteristics. Additionally, the project aims to streamline the process of translating these calorie
recommendations into practical food choices by mapping them to specific food items[8]. Through this approach, the project
seeks to empower users to make informed decisions about their dietary habits, promoting healthier lifestyles and potentially
reducing the risk of diet-related health issues. Ultimately, the goal is to create a user-friendly and effective tool that fosters
improved dietary adherence and overall well-being.

METHODOLOGY

1. Data Collection: We compiled a comprehensive dataset comprising a diverse array of individual profiles, encompassing
data on height, weight, age, gender, Body Mass Index (BMI), Basal Metabolic Rate (BMR), and daily caloric requirements
as the dependent variable. This dataset was meticulously curated from various sources, including online repositories and
publicly available datasets, to ensure a wide spectrum of demographic and physiological characteristics.

2. DataPreprocessing: Before utilizing the dataset for model training, we conducted a series of preprocessing steps to ensure
its integrity and suitability for analysis. Firstly, we addressed missing values (null values) and outliers within the dataset,
employing appropriate techniques such as imputation and trimming to maintain data quality. Additionally, we performed
label encoding on categorical variables to convert them into numerical representations, facilitating their integration into
the modeling pipeline.

3. Model Selection: After meticulous evaluation of task specifications and available computational resources, we made the
strategic decision to employ various regression models for our predictive analysis. Among the models utilized were linear
regression, polynomial regression, random forest regression, and gradient boosting.

4. Model Training: our preprocessed dataset underwent partitioning into training and validation subsets, adhering to a split
of 70% for training and 30% for validation purposes. Leveraging this partitioning strategy, we proceeded to train the
Random Forest Regressor model on the training data. The training phase involved fine-tuning the model's hyperparameters
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using techniques specific to Random Forest regression, such as optimizing the number of trees and the maximum depth of
each tree.

Model Evaluation: Subsequently, we computed a range of evaluation metrics tailored to regression tasks to gauge the
effectiveness of each model in predicting daily caloric requirements based on individual attributes. These evaluation
metrics included Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), R-squared (R2) coefficient, and Mean
Absolute Percentage Error (MAPE).

Performance Analysis: we employed statistical methods such as correlation analysis to elucidate relationships between
input variables and predicted outcomes. This comprehensive analysis not only provided valuable insights into the strengths
and limitations of our regression models but also guided efforts to refine hyperparameters for enhanced predictive accuracy
and robustness.

DESIGN

7.1 ARCHITECTURE DIAGRAM:

Model
Training and
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Existing
Dataset

train_test_split Dataframe
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Loading D:
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FIGURE 1: Architecture of the system

ALGORITHM USED

Random Forest Regressor

regression tasks leverages the Random Forest Regressor, a powerful ensemble learning technique known for its versatility
and robustness in handling complex datasets. Unlike traditional decision trees, Random Forest Regressor constructs
multiple decision trees during training and aggregates their predictions to produce a more accurate and stable outcome.
Each decision tree is built using a random subset of features and data samples, reducing the risk of overfitting and
enhancing generalization performance. In our implementation, the Random Forest Regressor algorithm utilizes an
ensemble of decision trees to predict daily caloric requirements based on individual attributes such as height, weight, age,
gender, BMI, and BMR. Additionally, hyperparameters such as the number of trees, maximum depth of each tree, and
minimum number of samples required to split a node are fine-tuned to optimize predictive performance[9]. In inference,
the algorithm utilizes the trained ensemble of decision trees to predict daily caloric requirements for new input data.
Overall, the Random Forest Regressor algorithm excels in its ability to capture complex relationships within the data and
produce accurate predictions, making it a valuable tooI*for personalized dietary recommendation systems.
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FIGURE 2: Random Forest Regressor Model Architecture [8].
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DATASET

Calories Dataset: The Calories dataset is a meticulously curated collection of data specifically tailored for regression
analysis in the field of personalized dietary recommendation systems. It comprises a diverse range of individual profiles,
each characterized by attributes such as height, weight, age, gender, Body Mass Index (BMI), Basal Metabolic Rate
(BMR), and corresponding daily caloric requirements. The dataset undergoes rigorous preprocessing procedures to ensure
data integrity and compatibility with regression modeling techniques. This preprocessing includes handling missing values,
outliers, and label encoding of categorical variables. Moreover, the dataset is partitioned into training, validation, and test
sets, facilitating robust model training and evaluation processes. As a foundational resource in the domain of nutritional
science and personalized health management, the Calories dataset serves as a valuable tool for researchers and practitioners
seeking to develop and validate predictive models for estimating daily caloric needs. Proper acknowledgment of dataset
sources and adherence to citation norms are essential for promoting transparency and integrity in research endeavors.

IMPLEMENTATION
10.1 Import all necessary Libraries

The libraries imported in our project encompass essential tools for data manipulation, visualization, and machine learning
tasks. Specifically, we utilize NumPy for numerical computations, Pandas for data manipulation and analysis, Matplotlib
for data visualization, and Scikit-learn for machine learning algorithms and evaluation metrics. By leveraging these
foundational libraries, we ensure efficient development and robust analysis of our regression-based dietary
recommendation system.

10.2Data Loading and Preprocessing

numpy as np
sort matplotlib.pyplot as plt
ort pandas as pd

","BMR", "calories to maintain wei
datal=datal[new]

from sklearn.preprocessing import LabelEncoder
le=LabelEncoder()

FIGURE 3: Code for loading dataset and preprocessing.

Data is loaded from a specified CSV file named "Dataset.csv". The dataset is then manipulated using Pandas for data
preprocessing. Initially, only specific columns ("age", "weight(kg)", "height(m)", "gender", "BMI", "BMR",
"calories_to_maintain_weight") are selected from the dataset for analysis. Subsequently, label encoding is applied to the
"gender" column using Scikit-learn's LabelEncoder from the preprocessing module. This transformation converts
categorical gender labels into numerical representations, a necessary step for many machine learning algorithms to interpret
categorical data correctly.

10.3Model Architecture Definition

from sklearn.ensemble import RandomForestRegressor

X=datal.iloc
y=datal[ 'calo o ght']

X _train, X _test, y train, y test = train_test split(X, y, test size=0.2, random_state=42)

rf_reg = RandomForestRegressor(n_estimators=100, random_ state=42)
y = y.values.reshape(-1, 1)

rf_reg.fit(X, y)

predictions rf = rf_reg.predict(X test)
FIGURE 4: Code of Random Forest Regressor.
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In this code snippet, we define the model architecture for the Random Forest Regressor. Firstly, we import the
RandomForestRegressor class from the sklearn.ensemble module. Then, we prepare the feature matrix (X) and target
variable (y) from the dataset "datal". The feature matrix (X) comprises all columns except the last one, which represents
the "calories_to_maintain_weight" target variable. We split the data into training and testing sets using the train_test_split
function from scikit-learn, with 80% of the data allocated for training and 20% for testing. Next, we instantiate a
RandomForestRegressor object named "rf reg" with specified parameters such as the number of estimators
(n_estimators=100) and a random state for reproducibility (random_state=42). The target variable (y) is reshaped to a 2D
array to meet the requirements of the fit function. Overall, this code defines and trains a Random Forest Regressor model
to predict caloric requirements based on the provided dataset, demonstrating a common workflow for implementing
regression models using scikit-learn.

10.4Setting Up the Food Items Class
In this step, we define a python class for generating the list of food items that can fulfil to the calories predicted in the
previous machine learning model. We will be having two functions inside the class.

suggest_food items(self, dataset, predicted calories, num sets=4):
suggested sets = []
columns to append = [ 'Food®, 'Me ~e', 'Calories’]

for  in range(num sets):
cumulative_calories = @
suggested_set = []

dataset shuffled = dataset.sample(frac=1).reset index(drop=
for , food item in dataset shuffled.iterrows():

f cumulative calories + food_item['Ca ies’] <= predicted_calories:
row_list = [food item[col] for col columns_to_append]

suggested_set.append(row_list)
cumulative calories += food item['C

suggested_sets.append(suggested_set)

return suggested_sets

FIGURE 5: Code of Suggest Food Items function-1

suggest food items_in project(self, calories):
suggested food items = []

ratio_breakfast = 3
ratio_lunch = 2
ratio_dinner = 1

total ratio = ratio breakfast + ratio_lunch + ratio_dinner

predicted calories_breakfast = calories * ratio breakfast / total ratio
predicted calories_lunch = calories * ratio lunch / total ratio
predicted _calories_dinner = calories * ratio dinner / total ratio

suggested sets_breakfast = .suggest_food items( .data_breakfast, predicted_calories_breakfast, 4)
suggested sets_lunch = .suggest_food_items( .data_lunch, predicted_calories_lunch, 4)
suggested sets_dinner = .suggest food items( .data_dinner, predicted calories_dinner, 4)

suggested food items.append(suggested sets_breakfast)
suggested food items.append(suggested sets_lunch)
suggested food items.append(suggested sets_dinner)

return suggested_food items

FIGURE 6: Code of Suggest Food Items function-2
The provided functions facilitate the recommendation of food items based on predicted caloric intake, serving as a pivotal
component of a personalized dietary recommendation system. The suggest _food_items function systematically selects
food items from a dataset to construct balanced meal sets, ensuring that the cumulative calories of the selected items align
with the predicted caloric intake. Employing a shuffled dataset and iterative selection process, the function generates
multiple sets of suggested meals, accommodating diverse dietary preferences and constraints.Meanwhile, the
suggest_food_items_in_project function orchestrates the meal planning process by leveraging predefined ratios for
breakfast, lunch, and dinner. It calculates the predicted caloric intake for each meal based on these ratios and delegates the
task of suggesting food items to the suggest food_items function. By incorporating tailored meal suggestions for each
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mealtime, this function enables users to adhere to their caloric targets while enjoying a varied and satisfying diet. Overall,
these functions serve as integral components in the implementation of a user-centric dietary recommendation system,
fostering healthier eating habits and improved nutritional outcomes.

10.5Model Evaluation and Training Visualization
Following model training, the next phase involves evaluating the model's performance on the test dataset and visualizing

the training and validation accuracy and loss. This step provides insights into the model's generalization capability and
training progress.

predictions_rf = rf_reg.predict(X test)

from sklearn.metrics import r2_score

mse_rf = mean_squared_error(y_test, predictions_rf)
rmse_rf = np.sqrt(mse_rt)
r2_rf = r2_score(y_test, predictions rf)

FIGURE 7: Code for model evaluation
10.6Model Performance Evaluation on Test Dataset

In this stage of our analysis, we evaluate the performance of our regression model using key metrics tailored for regression
tasks. Specifically, we assess the model's predictive accuracy, precision, and recall on the test dataset. To initiate the
evaluation process, we initialize metrics to capture Mean Absolute Error (MAE), Mean Squared Error (MSE), and R-
squared (R2) coefficient, which collectively provide insights into the model's predictive accuracy and goodness of fit.
Finally, the computed evaluation metrics, including MAE, MSE, and R2 coefficient, are reported for thorough analysis
and interpretation. These metrics offer valuable insights into the regression model's performance, enabling stakeholders to
gauge its effectiveness in accurately estimating daily caloric needs based on individual attributes. By providing
comprehensive evaluation results, we aim to facilitate informed decision-making and further refinement of our regression-
based dietary recommendation system [10].

XI.  RESULT ANALYSIS
After implementing three different regression algorithms that are Linear Regression, Random Forest Regressor and

Gradient Boosting Regressor, we found the Random Forest Regressor as the best one as comparatively it is having the
lesser Mean Squared Error and higher R-Squared.

In the result analysis, we evaluate the model's performance through multiple metrics and visualizations:

Comparison of Mean Squared Errors Comparison of r2 Errors
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FIGURE 7: Comparison of MSE of 3 models  FIGURE 8: Comparison of r-square of 3 models

Select Gender

enervournge: AT

Select Your Gender :

Enter Your Weight :

Enter Your Height :

CALCULATE

FIGURE 9: Output screen for taking input

In order to maintain good health, you need to consume 2039 calories.

FIGURE 10: Output Screen for predicting calories
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CONCLUSION

our project has successfully developed a regression-based dietary recommendation system tailored to individual needs,
leveraging the Random Forest Regressor algorithm. By integrating data from a meticulously curated dataset comprising diverse
individual profiles, our system accurately predicts daily caloric requirements based on factors such as height, weight, age, gender,
BMI, and BMR. Through extensive preprocessing, model training, and evaluation, we have demonstrated the effectiveness of
our approach in estimating personalized dietary needs. The implementation of the Random Forest Regressor, along with careful
parameter tuning and feature selection, has resulted in robust predictive performance, facilitating informed dietary decisions for
users. Our project contributes to the advancement of personalized nutrition guidance, offering a practical tool for promoting
healthier lifestyles and addressing dietary challenges.

FUTURE WORK

In the future, our project aims to enhance its dietary recommendation system by integrating advanced neural network
architectures such as LSTM and GRU for predicting food item sequences and incorporating collaborative filtering techniques
for personalized recommendations [11]. We also prioritize real-time deployment optimization, ensemble methods, continuous
evaluation, and ethical considerations to ensure responsible application and positive societal impact, fostering healthier lifestyles
and addressing dietary challenges effectively.

Top of Form
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