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Abstract:

The rapid growth of digital platforms and the increasing demand for personalized user
experiences have led to the development of intelligent food recommendation systems. This research
presents a Recipe Recommendation System developed using Python and Machine Learning

techniques, aimed at assisting users in discovering suitable recipes based on their preferences,

available ingredients, and dietary requirements. The system leverages data-driven approaches such
as content-based filtering and collaborative filtering to analyze user inputs and recommend relevant

recipes efficiently.

Keywords — Recipe Recommendation System, Food Recommendation, Machine Learning, Python,
Content-Based Filtering, Collaborative Filtering, Ingredient-Based Recommendation, User
Preferences, Recommender Systems, Nutritional Recommendation, Classification Algorithms.
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I. INTRODUCTION

This research focuses on the development of a
Recipe Recommendation System using Python and
Machine Learning techniques. The system aims to
provide customized recipe suggestions based on user
inputs such as ingredients on hand, taste preferences,
nutritional requirements, and past interactions. By
leveraging machine learning algorithms, the system
can analyze large datasets of recipes and identify
meaningful patterns to generate accurate and
relevant recommendations.

The proposed system incorporates methods such as
content-based filtering and collaborative filtering to
improve recommendation quality. Additionally,
Natural Language Processing (NLP) techniques are
utilized to process textual data like ingredient lists

and recipe descriptions. These technologies enable
the system to understand user requirements more
effectively and deliver personalized results.

With the increasing availability of online recipes and
cooking platforms, users often face difficulty in
selecting appropriate dishes that match their
preferences, dietary needs, and available ingredients.
This challenge highlights the need for an intelligent
and personalized food recommendation system that
can simplify decision-making and enhance the
overall user experience.

II. LITERATURE REVIEW

Reciepe recommendation and food
recommendation using python-machine learning
where the system leverages machine learning
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techniques and a web application framework to
deliver personalized recipe recommendations.

A. Traditional Statistical Models

Early research in recommendation systems relied
heavily on traditional statistical and rule-based
approaches. These models primarily used
techniques such as frequency analysis, probability
distributions, and linear regression to generate
recommendations. In the context of food and recipe
recommendation, statistical models analyzed
historical data such as user ratings, frequently used
ingredients, and co-occurrence of food items to
identify patterns.

B. Machine Learning Approaches

Content-based filtering uses machine learning to
recommend recipes based on similarities between
items, such as ingredients, cuisine type, or
nutritional values. Collaborative filtering, on the
other hand, analyzes user behavior and preferences
to suggest recipes liked by similar users. Hybrid
models combine both approaches to enhance
recommendation accuracy. Machine learning
techniques have significantly improved the
performance of recommendation systems. In recipe
recommendation systems, machine learning models
such as decision trees, k-nearest neighbors (KNN),
support vector machines (SVM), and clustering
algorithms are widely used.

C. Class Imbalance Strategies

Class imbalance is a common challenge in
recommendation systems, where certain recipes or
categories (e.g., popular dishes) dominate the
dataset, while others have very few samples. This
imbalance can lead to biased models that favor
majority classes and overlook less frequent but
potentially relevant recommendations. In the
context of food recommendation, handling class
imbalance ensures that niche or less popular recipes
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are also recommended, thereby improving diversity
and user satisfaction. Proper imbalance handling
contributes to fair and unbiased recommendation
systems.

D. Feature Engineering

Feature engineering plays a crucial role in
enhancing the performance of machine learning
models in recipe recommendation systems. It
involves extracting and transforming raw data into
meaningful features that can better represent the
underlying patterns.

III. DATASET AND EXPLORATORY
ANALYSIS

A. Dataset Description

The dataset used in this research, titled

recipe final.csv, contains structured information
about various recipes and is used to develop the
Recipe Recommendation System using Python and
Machine Learning techniques. This dataset serves
as the foundation for analyzing user preferences and
generating personalized food recommendations.

Table I. Dataset Characteristics
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Column Name

Data Type

Description

Recipe Name

Text

Name of the recipe
or dish

Ingredients

Text

List of ingredients

Cuisine

Categorical

Type of cuisine
(e.8.

Indian, Italian,
Chinese)

Cooking Time

Numerical

Time required to
cook the recipe (in
minutes)

Preparation_Time

Numerical

Time required for
preparation before
cooking

Instructions

Text

Step-by-step
procedure to
prepare the recipe

Calories

Numerical

Total calorie
content of the
recipe

Protein

Numerical

Protein content (in
grams)

Fat

Numerical

Fat content (in
grams)

Carbohydrates

Numerical

Carbohydrate
content (in grams)

Rating

Numerical

User rating of the
recipe

Review Count

Numerical

Number of user
reviews for the
recipe
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B. Exploratory Data Analysis

Exploratory Data Analysis was performed to
understand the structure and characteristics of the
recipe dataset used in the recommendation system.
The dataset contains a mix of textual, categorical,
and numerical features such as recipe names,
ingredients, cuisine types, cooking time, and user
ratings.

Initial analysis involved checking for missing values,
duplicate entries, and inconsistencies in ingredient
names. Data cleaning techniques were applied to
standardize the dataset and improve its quality.
Univariate analysis revealed the distribution of key
features such as cooking time, ratings, and popular
cuisines.

Further analysis identified commonly used
ingredients and patterns in user preferences.
Correlation analysis helped in understanding
relationships between variables such as cooking time
and ratings. Text analysis techniques like
tokenization and TF-IDF were used to process
ingredient data for better feature representation.
The EDA process provided valuable insights into
data distribution, trends, and potential challenges
such as class imbalance and data sparsity. These
insights helped in selecting appropriate machine
learning models and improving the overall
performance of the recipe recommendation system.

IV. PROPOSED METHODOLOGY

A. Preprocessing Pipeline

The preprocessing pipeline consists of five
sequential stages:

L Data Cleaning: Removal of missing
values, duplicate records, and
inconsistencies in ingredient names.

1. Text Processing: Tokenization,
stop-word removal, and normalization of
ingredient and instruction text .

11 Feature Encoding: Conversion of
categorical variables (e.g., cuisine type)
using techniques like one-hot encoding.
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V. Vectorization: Conversion of
categorical variables (e.g., cuisine type)
using techniques like one-hot encoding.

V. Feature Scaling: Normalization of
numerical features such as cooking time and
nutritional values.

B. Custom Implementation

The system is implemented using Python with libraries
such as Pandas, NumPy, and Scikit-learn. The workflow
includes:

e Building a user input interface where users
provide ingredients or preferences

e Designing a similarity-based recommendation
engine using cosine similarity

e Implementing content-based filtering to match
recipes based on ingredient similarity

e Optionally integrating collaborative filtering
using user ratings

C. Model Architectures

The following machine learning models and
techniques are used in the system:

Table II. Model Configurations

TE-IDF Feature Converts text
Vectorizer Extraction (ingredients)
into numerical
vectors
Cosine Similarity | Similarity Computes
Measure similarity
between
recipes
K-Nearest Supervised Finds similar
Neighbors (KNN) | Learning recipes based
on feature
distance
Content-Based Recommendation| Suggests
Filtering Technique recipes based
on 1item
similarity
Collaborative Recommendation| Suggests
Filtering Technique recipes based
on user
behavior
Decision Tree Classification Predicts user

preference
categories

D. Evaluation Protocol

To evaluate the performance of the
recommendation system, the following metrics and

methods are used:

e Accuracy: Measures correctness of
predicted recommendations (if classification

is used)

e Precision and Recall: Evaluates relevance

of recommended recipes
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F1-Score: Balances precision and recall

Cosine Similarity Score: Measures
closeness between recommended recipes
and user input

User Satisfaction (Qualitative): Feedback
from users based on recommendation
relevance

V. EXPERIMENTAL RESULTS

A. Model Performance Comparison

The performance of different machine learning
models used in the Recipe Recommendation
System was evaluated using standard metrics such
as Precision, Recall, F1-Score, and Accuracy. The
models were tested on the processed dataset after
applying feature engineering techniques like TF-
IDF and normalization.

Table III. Model Performance
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B. Key Findings

The Hybrid Model (combining content-based
and collaborative filtering) achieved the highest
performance across all metrics, making it the
most effective approach.

The Cosine Similarity Model performed well
due to its effectiveness in measuring similarity
between ingredient-based feature vectors.

KNN showed good performance but was
slightly less efficient compared to cosine
similarity in handling high-dimensional data.

Decision Tree performed moderately but lacked
the ability to capture complex relationships in
textual data.

K-Means Clustering showed the lowest
performance as it groups data without
considering user preferences directly.

Feature engineering techniques like TF-IDF
significantly improved model accuracy by better

Model .
representing textual data.
e Handling data imbalance and proper
preprocessing contributed to more reliable and
K-Nearest | 85 83 82 82.5 unbiased recommendations.
Neighbor(
LN VI. DISCUSSION
Cosine 88 86 85 85.5 A. Model Selection for Clinical Deployment
Similarity ) ) )
Model Selecting the appropriate model for deployment is a
0de critical step in building an efficient and scalable

Decision | 80 78 77 77.5 recipe recommendation system. Based on
ThE experimental results, the hybrid recommendation

model which combines content-based filtering and
K-Means | 75 73 72 72.5 collaborative filtering proved to be the most
Clusterin effective in terms of accuracy and personalization.
g
Hybrid 91 89 888 88.5
Model
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For deployment, factors such as computational
efficiency, scalability, and response time must be
considered. While complex models may offer
higher accuracy, they can increase latency and
resource consumption. Therefore, a balance
between performance and efficiency is essential. In
this project, cosine similarity-based content filtering
is particularly suitable for real-time
recommendations due to its simplicity and fast
computation, while hybrid approaches can be
integrated for enhanced personalization in larger
systems.

B. Feature Engineering Impact

Techniques such as TF-IDF vectorization helped in
effectively representing textual data like ingredients
and recipe descriptions. This improved the system’s
ability to match recipes based on ingredient
similarity. Encoding categorical variables and
normalizing numerical features also contributed to
better model performance.

C. Limitations

¢ Data Quality Issues: Incomplete or inconsistent
ingredient data can affect recommendation
accuracy.

e Cold Start Problem: New users or recipes with
no prior data make it difficult for the system to
generate accurate recommendations.

e Limited Personalization: If user interaction
data is minimal, the system relies heavily on
content-based filtering, reducing
personalization.

e Scalability Challenges: As the dataset grows,
computational complexity may increase,
especially for similarity calculations.

e Lack of Context Awareness: The system does
not fully consider contextual factors such as
time, location, or seasonal preferences.
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VII. CONCLUSION AND FUTURE WORK

This research presented the design and
implementation of a Recipe Recommendation
System using Python and Machine Learning
techniques. The system aims to provide personalized
food suggestions based on user inputs such as
ingredients, preferences, and nutritional
requirements. By leveraging techniques like content-
based filtering, collaborative filtering, and similarity
measures such as cosine similarity, the system
effectively identifies relevant recipes from a large
dataset.The use of feature engineering methods,
particularly TF-IDF for textual data, significantly
improved the system’s ability to understand
ingredient relationships
recommendations.

and generate accurate
Experimental results
demonstrated that hybrid approaches combining
multiple techniques achieved better performance in
terms of accuracy, precision, and user satisfaction.

Future Work:

Although the proposed system performs effectively,
several improvements can be made to enhance its
capabilities:

e Integration of Deep Learning Models:
Advanced techniques such as neural networks
and embeddings can be used to capture complex
relationships between ingredients and user
preferences.

e Mobile Application Development: Extending
the system into a mobile app can increase
accessibility and usability for a wider audience.

e Voice and Image Input Support: Allowing
users to input ingredients via voice or images can
enhance user interaction and convenience.

e Nutritional and Health-Based
Personalization: Integrating diet plans (e.g.,
keto, vegan, diabetic-friendly) can provide more
health-focused recommendations.
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Context-Aware Recommendations: Including
factors such as time of day, location, seasonal
ingredients, and health conditions can make
recommendations more relevant.

ACKNOWLEDGEMENTS

I would like to express my sincere gratitude to my
project guide and faculty members for their
valuable guidance and continuous support
throughout the development of this project. Their
insights and encouragement helped me successfully
complete this research work.

REFERENCES

1)

2)

3)

4)

5)

6)

J. L. Herlocker, J. A. Konstan, Borchers, and J.
Riedl, “An Algorithmic Framework for
Performing Collaborative Filtering,”
Proceedings of the 22nd Annual International
ACM SIGIR Conference, 1999.

2. P. Resnick and H. R. Varian, “Recommender
Systems,” Communications of the ACM, vol.
40, no. 3, pp. 56-58, 1997.

X. Su and T. M. Khoshgoftaar, “A Survey of
Collaborative Filtering Techniques,” Advances
in Artificial Intelligence, vol. 2009.

Y. Koren, R. Bell, and C. Volinsky, “Matrix
Factorization Techniques for Recommender
Systems,” IEEE Computer, vol. 42, no. 8, pp. 30
37, 2009.

M. Musto, G. Semeraro, and Lops, “Learning
Word Embeddings from Wikipedia for
Recommender Content-Based Systems,”
European Conference on Information Retrieval,
2015.

S. Teng, J. Lin, and Y. Adamic,
Recommendation Ingredient Using Networks,”
Proceedings of the Web Science Conference,
2012.

7)

8)

9)

Available at www.ijsred.com

D. Jurafsky and J. H. Martin, Speech and
Language Processing, 2nd ed., Pearson, 2009.

F. Ricci, L. Rokach, and B. Shapira,
Recommender Systems Handbook, Springer,
2011.

T. “Efficient Mikolov Estimation et of al., Word
Representations in Vector Space,” arXiv
preprint arXiv:1301.3781, 2013.

10) A. Géron, Hands-On Machine Learning with

Scikit-Learn, Keras, and TensorFlow, O’Reilly
Media, 2019.

ISSN :

2581-7175

©OIJSRED: All Rights are Reserved

Page 7


http://www.ijsred.com/

