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ABSTRACT

Food recommender systems serve as a valuable tool in assisting users in making healthier dietary
choices. This paper introduces a hybrid food recommender system designed to address the limitations of
existing approaches, including the neglect of food ingredients, time considerations, the cold-start
problem for both users and food items, and community-driven recommendations. The proposed system
operates in two key phases: a content-based recommendation phase utilizing Long Short-Term Memory
(LSTM) networks and a user-based recommendation phase employing a learning-based clustering
technique for users and food items. Additionally, a holistic approach is integrated to incorporate time-
awareness and community-related aspects, ultimately enhancing recommendation quality and user
satisfaction. The integration of these advanced techniques results in a highly adaptive, contextually
relevant, and personalized food recommendation system that not only improves user engagement and
satisfaction but also encourages healthier eating habits.

KEYWORDS: Food Recommender System, Deep Learning, LSTM, Graph Clustering, Time-Aware

Recommendation

INTRODUCTION

Deep Learning is a subset of machine learning that focuses on training artificial neural networks to learn and
make predictions from large datasets. It is inspired by the structure and functioning of the human brain, where
multiple layers of artificial neurons process data hierarchically to extract meaningful patterns. Deep learning is a
machine learning technique that uses neural networks to learn from data. It's a key part of artificial intelligence
(Al) and data science. Deep learning models are made up of multiple layers of neural networks. These models
learn from data by analyzing patterns in images, text, sounds, and other data.

The evolving needs of consumers and the increasing competition among businesses have driven companies to
focus on demand forecasting for efficient supply chain management. Accurate demand prediction is crucial, as
it directly influences a company's profitability. Misestimating can lead to either excessive inventory, resulting
in higher costs and wastage, or insufficient stock, driving customers toward competitors. Consequently,
demand forecasting has become an essential element in strategic planning and logistics management. In the
domain of food recommendation, existing systems often fail to account for key factors such as food ingredients,
time preferences, and user trust levels. To address these challenges, this study proposes a novel food
recommender system that integrates deep learning techniques and graph clustering. The rapid evolution of
technology has transformed various industries, including food and nutrition, by integrating artificial

intelligence (Al) and machine learning (ML) to personalize user experiences.
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Food recommender systems have emerged as crucial tools to assist individuals in making informed dietary
choices based on personal preferences, dietary restrictions, and contextual factors such as time, season, and
social influences. Traditional recommender systems, including collaborative filtering and content based
approaches, have demonstrated significant utility in domains like e-commerce and entertainment but often
struggle in the food domain due to unique challenges such as dynamic user preferences, ingredient
dependencies, and temporal variations.

A key challenge in food recommendation is the cold-start problem, where new users or food items lack
sufficient historical data for accurate recommendations. Additionally, existing systems often overlook the
impact of meal timing, seasonal eating habits, and trust-based relationships in food selection. These limitations
reduce the effectiveness of conventional models, necessitating a more comprehensive solution.

To address these challenges, we propose a hybrid food recommender system that integrates deep learning,
graph clustering, and time-aware modeling. This approach leverages Long ShortTerm Memory (LSTM)
networks to process temporal dietary patterns and graph clustering techniques to group users with similar
preferences, thereby improving personalization. The proposed system also introduces an ingredient-aware
model to ensure recommendations align with dietary needs and a trustaware component to enhance reliability
by incorporating social validation.

This study aims to contribute to the field of personalized nutrition and intelligent food recommendation by
introducing a multi-faceted model that adapts to users’ eating habits over time while addressing scalability and
accuracy challenges. The hybrid architecture not only improves meal suggestions but also provides a context-

sensitive, trust-driven, and dynamically adaptive recommendation framework.
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Fig -1: System Architecture

Stepl:Input Collection: User Ratings, Food Ingredients, Trust Relationship Network

Step 2: User-Based Processing: This phase focuses on analyzing users and their relationships.(User Similarity
Calculation, Trust Network Generation, Graph Representation of Users, User-Based Rate Prediction)

Step 3: Food-Based Processing: This phase focuses on analyzing food items.(Food Similarity Calculation,
Food Deep Clustering, Food-Based Rate Prediction)
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Step 4: Top-N Recommendation Generation: Combining User-Based and Food-Based Predictions,
Generating the Final Recommendation List
RELATED WORK
1. Recommender Systems in the Food Domain: Discuss prior works focused on collaborative filtering,
content-based filtering, and hybrid approaches in the food domain.
2.Time-AwareRecommender Systems: Explore advancements in incorporating temporal factors into
recommendation models for other domains like e-commerce and media.

3. Graph-Based and Deep Learning Approaches: Highlight the importance of graph structures and neural

networks in identifying complex relationships between users, items, and contextual factors.

LITERATURE REVIEW
A. Collaborative Filtering and Content-Based Approaches: Collaborative filtering methods rely on historical
user interactions, while content-based approaches use food attributes.
B. Deep Learning for Food Recommendation: Deep learning methods such as CNNs and RNNs have been
applied to analyze food preferences.
C. Graph Clustering for Personalization: Graph-based methods help cluster similar users, improving
recommendation diversity.
D.Time-Aware Recommender Systems: Time-awareness in food recommendations improves personalization by
considering eating habits over time.
EXISTING SYSTEM
The existing system refers to a time-aware food recommender system that primarily uses the Gradient
Boosting Machine (GBM) algorithm to generate personalized food recommendations. This system
considers user preferences and contextual factors like meal time, season, and weather to suggest relevant
food options.

Gradient Boosting Sales Prediction

— original Sales

—— Predicted Sales

The problem statement is Traditional food recommender systems struggle with accuracy, personalization,

and contextual relevance due to several limitations, including:
1. Cold Start Problem — Difficulty in recommending food to new users or for new items.

2. Sparse Data Issue — Limited user ratings make collaborative filtering ineffective.
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3. Lack of Context Awareness — Ignoring time, trust, and ingredients leads to irrelevant

recommendations.
Scalability Challenges — Handling large datasets efficiently is a major problem.
User Trust & Reliability -
Recommendations are often not based on trusted networks, leading to lower user satisfaction.
Drawbacks:
* Cold Start Problem: Struggles with new users or items without prior interactions.
* Sparsity: Rating matrices are often sparse, leading to unreliable recommendations.
* Scalability: Performance issues with large datasets due to heavy computations.

* Limited Context Awareness: Does not consider factors like time, location, or ingredients.

PROPOSED SYSTEM

1. Long short-term memory (LSTM):

LSTM-Based Time-Aware Food Recommender System.To overcome the limitations of the existing GBM-based
food recommender system, the proposed model integrates Long Short-Term Memory (LSTM) networks along
with clustering and trust-based filtering to improve recommendation accuracy.Long Short-Term Memory
(LSTM) is a type of Recurrent NeuralNetwork (RNN) designed to process sequential data while avoiding the
vanishing gradient problem. LSTMs use gates to control the flow of information through a cell state. The gates
include an input gate, a forget gate, and an output gate. The gates are trained to open and close based on the
input and the previous hidden state.

LSTM MAE : 20.419364394654767
LSTM RMSE : 89.51911473804712
LSTM MAPE : 3752999689520338.5
LSTM RMSLE : @.3929346154302526
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2. Extension CNN

Extension CNN is a type of convolutional neural network (CNN) designed for time series forecasting tasks.An
Extension CNN is considered a hybrid system because it combines the strengths of both Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), such as LSTMs.

Key Components of Extension CNNs:

1. Convolutional Layers: Extension CNNs use convolutional layers to extract features from the input time

series data. These layers are designed to capture local patterns and relationships in the data.
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2. Recurrent Layers: In addition to convolutional layers, Extension CNNSs also use recurrent layers, such as
LSTMs or GRUs, to model the temporal relationships in the data. These layers are designed to capture long-
term dependencies and patterns in the data.

3. Dilated Convolutions: Extension CNNs often use dilated convolutions to increase the receptive field of the
convolutional layers. This allows the network to capture patterns and relationships at multiple scales.

Extension (NN MAE : 6,579032831192019
Extension CNN RMSE : 38.66596318022439
Extension CNN MAPE : 3752999689528388.5
Extension CNN RMSLE : B.149143585550829888
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Advantages:
1. Enhanced Personalization
* Ingredients-Aware: Recommends food based on individual ingredient preferences, allergies, and
dietary restrictions.
e Trust-Aware: Leverages user trust networks to provide reliable and personalized
recommendations.
* Time-Aware: Considers temporal factors (e.g., meal timing, seasonal trends) for dynamic
suggestions.
2. Improved Accuracy & Relevance
 User & Food Clustering: Groups similar users and food items using deep learning and
graphbased clustering.
* Hybrid Model Combination: Integrates collaborative filtering, content-based filtering, and deep
learning for precise predictions.
* Deep Embedding: Uses deep learning to extract meaningful features from food data and user
interactions.
3. Solves Cold Start & Sparsity Issues
*  Graph Representation of Users: Enhances recommendations for new users by analyzing trust
networks.
* Deep Learning for Sparse Data: Uses embeddings to improve recommendations even with limited
data.
Key Improvements in the Proposed System:

-More personalized recommendations using ingredients, trust, and time factors
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-Overcomes cold start & sparsity problems using deep learning & clustering

-More reliable & diverse recommendations with trust-aware filtering.

-Better adaptability to changing user preferences over time

METHODOLOGY
The proposed system operates in two distinct phases:
1.Content-Based Recommendation: LSTM networks analyze food content and user preferences to generate
initial recommendations.
2.User-Based Clustering: A learning-based clustering technique is employed to group users and food items,
ensuring more refined recommendations based on community-driven insights. By integrating these techniques,
the system enhances recommendation quality while addressing key challenges such as ingredient awareness,
time dependency, and trust factors.

IMPLEMENTATION
1. Dataset Description
Describe the dataset used, including user reviews, food recipes, and dietary data. If a public dataset is not
used, discuss data collection methodologies.
2. Model Training and Parameters
Discuss the training process, the deep learning framework (e.g., TensorFlow or PyTorch), hyperparameters, and
graph clustering methods (e.g., spectral clustering).

EXPERIMENTAL RESULTS
Evaluation Metrics: List evaluation metrics such as precision, recall, F1-score, mean reciprocal rank (MRR),
and root mean square error (RMSE).
Comparative Analysis:  Present results comparing the proposed system to baseline models, such as
collaborative filtering and traditional content-based systems. Include tables and graphs to illustrate performance

improvement.

DISCUSSION
1. Practical Implications: Discuss the real-world implications of the proposed framework in food delivery,
diet planning, and healthcare.
2. Limitations and Future Work: Identify current limitations, such as scalability challenges or reliance on

user data, and propose directions for future research.

CONCLUSION
In this paper, we introduced a novel Time-Aware Food Recommender System (TA-FRS) that integrates deep
learning and graph clustering to enhance personalized meal recommendations. By incorporating temporal food
preferences using Recurrent Neural Networks (RNNs) and Graph Convolutional Networks (GCNs) for user

segmentation, our model achieves higher accuracy and user satisfaction compared to traditional approaches.
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