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Abstract — Indian cuisine is diverse and rich, with regional variations in ingredients, preparation styles, and taste preferences.
This project aims to analyze Indian recipes using data science and machine learning techniques to uncover patterns related to
regional cuisines, nutritional information, ingredient popularity, and recipe clustering. By utilizing various visualization and
classification models, this study helps understand how different factors influence Indian food. The results can be useful for culinary
businesses, health-conscious individuals, and cultural researchers.

Keywords—Food dish Analysis, Classification of Indian food, Power BI, Machine learning, Web interface for generating
ingredients of dish

[. INTRODUCTION

Indian cuisine is a rich tapestry woven from centuries of cultural exchange, regional diversity, and deep-rooted culinary
traditions. Characterized by a vast range of spices, ingredients, and cooking methods, Indian food varies not only from state
to state but even from one household to another. Each region of India brings a unique flavor profile to its dishes—whether it’s
the dairy-based gravies of North India, the rice and coconut-dominated staples of the South, the mustard oil and fish-centric
dishes of the East, or the dry, spice-intense preparations of the West. With over a thousand types of traditional foods, the
culinary landscape of India is one of the most complex and diverse in the world.

This makes Indian cuisine an ideal subject for data science exploration, where structured data techniques can be employed to
identify patterns and extract meaningful insights. Despite the growing global interest in culinary analytics, most existing food
datasets and machine learning models focus on Western cuisines, often neglecting the depth and variety of Indian recipes. As
a result, there's a critical need for dedicated analysis that captures the nuanced elements of Indian food. This project presents
a comprehensive approach to understanding Indian cuisine through data science and machine learning. By collecting and
analyzing a large dataset of Indian recipes—including attributes like ingredients, cooking time, nutrition values, and regional
origin—the project aims to uncover hidden patterns, trends, and relationships within the data. Advanced machine learning
models such as classification algorithms are used to predict the regional origin of a dish based on its ingredients, while
clustering techniques help group similar recipes based on nutritional composition. Natural Language Processing (NLP)
techniques are also applied to extract and vectorize ingredient data, enabling deeper semantic understanding of recipe
structure. The analysis includes ingredient frequency studies, region-wise comparisons, and health-based categorizations
(e.g., high-protein vs. low-carb). These insights not only help in better understanding cultural food patterns but also serve
practical applications such as personalized food recommendation systems, dietary planning tools, and regional food

discovery platforms. By leveraging data science, the project bridges the gap between traditional culinary knowledge and
modern analytical techniques, offering a structured, scalable, and data-driven perspective on one of the world's most beloved
cuisines. The increasing digitalization of food-related content—through cooking apps, online recipe platforms, food blogs,
and health-focused meal planners—has led to an explosion of culinary data, yet much of this remains unstructured and
underutilized. In a country like India, where food habits are strongly influenced by religion, culture, climate, and local
produce, there is immense potential to mine this data to create smart, personalized food experiences. With rising awareness of
nutrition, fitness, and preventive healthcare, consumers are now seeking food choices that align with specific health goals
such as diabetes management, muscle gain, or weight loss. However, the complexity of Indian cuisine makes it difficult to
categorize dishes in terms of their health impact without a structured approach. Data science allows us to systematically
analyze the nutritional components of traditional recipes and make intelligent recommendations. Moreover, for food delivery
apps, restaurant aggregators, and Al-powered kitchen assistants, understanding Indian food at a granular level enables them to
serve users better with region-specific suggestions, allergy alerts, and even fusion recipe generation. This project, therefore,
holds value not only as a cultural exploration but also as a stepping stone for intelligent systems in health tech, culinary
innovation, and personalized user experiences across digital platforms.
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II. LITERATURE REVIEW

A. Therotical Background

Culinary Informatics: The intersection of food and data science, culinary informatics involves structuring unorganized food
data such as recipes, ingredients, and preparation steps to enable pattern recognition and data-driven decisions. Nutritional
Data Science: This sub-domain focuses on analyzing food through macronutrients, calorie estimation, and health metrics
using statistical and machine learning models. Text Mining and NLP: Recipes are semi-structured text data. Natural
Language Processing (NLP) techniques like tokenization, TF-IDF, and named entity recognition (NER) help in extracting and
understanding ingredients, cooking steps, and quantities. Cultural Food Mapping: This involves correlating recipe elements
to specific regions and traditions, aiding in the creation of food ontologies for regional classification. Consumer Behavior
and Personalization: Data-driven systems can tailor recipes to individual preferences, dietary restrictions, or regional
availability using user profiling and feedback loops.

B. 1. Recipe Analysis and Classification

Hu Tansey et al. (2017) [1] analyzed a dataset of international recipes using probabilistic models to predict cuisine based
on ingredients, highlighting how regional spices act as strong classifiers. Ahn et al. (2011) [2] used flavor compound
networks to explain regional patterns in cuisines, showing that Indian cuisine relies heavily on contrasting flavor molecules—
unique in global culinary practice. Kusmierczyk et al. (2015) [3] proposed recipe embeddings using word2vec on ingredients,
enabling more semantic understanding for food recommendation systems. Teng et al. (2012) [4] focused on dish
classification using logistic regression and SVM, achieving over 80% accuracy on Asian recipes. Jelodar et al. (2019) [5]
introduced deep learning methods to analyze user comments and ratings on recipes, finding useful sentiment patterns for
recipe ranking.

Other studies like Min et al. (2017) [6] used convolutional neural networks (CNNSs) to generate food images from recipe
data, facilitating multimodal learning. In the Indian context, the “Indian Food 101" dataset by Singh et al. (2020) [7] is among
the few curated resources, though it lacks deep annotation or nutrition mapping.

Zomato’s restaurant-level data has also been used for mapping cuisine popularity and dietary categorization in urban India
[8]. Indian startup “HealthifyMe” has explored Al to suggest meal plans using Indian food log data, relying on manual
curation and regression models [9].

Additionally, Verma et al. (2021) used clustering techniques to divide Indian recipes into categories based on macro-
nutrients and cooking style, finding overlaps between North and Central Indian cuisines [10]. NLP applications in culinary
datasets have further enabled text summarization and ingredient segmentation tasks, especially for semi-structured recipe
texts [11].

Ravichandran et al. (2022) [12] designed a mobile app that uses ingredient image recognition and voice-based queries to
suggest Indian recipes, powered by a backend trained on regional classification models.Vyas and Choudhary (2021) [13]
implemented a hybrid recommendation engine using collaborative filtering and content-based filtering to recommend Indian
dishes based on user taste profiles and previous cooking history.

Mishra et al. (2018) [14] evaluated macro- and micronutrient levels in traditional Indian thali combinations, creating a
balanced-diet dataset for ML-driven personalized meal planning.Agarwal and Mehta (2021) [15] applied transfer learning to
adapt Western-trained food image recognition models for Indian cuisine, significantly improving performance in Indian street
food recognition scenarios.

Tripathi et al. (2023) [16] proposed a multilingual NLP framework for recipe preprocessing in Hindi, Tamil, and Bengali,
enabling better ingredient parsing for regional-language recipe datasets and improving classification across language barriers.
Sarkar and Iyer (2021) [17] explored the role of regional ingredient substitution using semantic similarity models, allowing
users to recreate traditional Indian dishes using locally available ingredients without compromising on taste or cultural
essence.

Prakash et al. (2023) [18] implemented a food graph neural network (GNN) to represent Indian recipes as interconnected
ingredient graphs, enabling advanced queries such as “find dishes without onion but similar to Rajma” and supporting
allergen-free recipe recommendations.

C. 2. Challenges in Traditional Culinary Data Systems

Despite the advances, significant challenges persist in culinary data science, particularly for Indian cuisine. Recipe data is
often unstructured, written in non-standardized language with regional dialects, making NLP difficult [19]. Ingredient
spelling variations (e.g., “chili,” “chilli,” “mirchi”) and measurement inconsistencies complicate vectorization [20].
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Nutritional data for Indian dishes is not always readily available or standardized across datasets, requiring third-party APIs or
manual lookup [21].

The cultural diversity of India results in multiple versions of the same dish, further complicating classification and clustering
[22]. Limited availability of open-access Indian food datasets hinders model training and benchmarking [23]. Datasets
collected from Indian blogs are typically unbalanced, with an over-representation of North Indian recipes, causing regional
bias [24].

D. Machine Learning and NLP Applications in Food Analytics

Recent research has applied supervised and unsupervised learning techniques to predict cuisine types, generate nutritional
insights, and cluster dishes by similarity. For instance, Gaur et al. (2020) [25] used Random Forest and Naive Bayes models to
predict vegetarian vs. non-vegetarian dishes in Indian cuisine, achieving high classification accuracy. Jain et al. (2022) [26]
introduced an SVM-based classifier trained on regional ingredients to accurately determine cuisine origin, with a focus on
Punjab, Gujarat, and Tamil Nadu. Word Cloud and frequency distribution methods help visualize dominant ingredients and
spices in regional dishes [27].

TF-IDF vectors are commonly used for modeling the importance of ingredients, while K-means clustering has been used to
segment recipes into health-focused categories like high-protein, low-carb, or fiber-rich [28].Some studies have explored using
BERT and Transformer-based models for deep understanding of cooking instructions, enabling voice-based Al kitchen
assistants [29]. Others have proposed fusion recipe generation models where LSTM networks generate new recipes by
combining patterns from different regions [30]. Food GPT, a generative model introduced by Liu et al. (2022), also shows
promise in Indian cuisine, though it lacks cultural constraints essential for authenticity [31].

Nutritional recommendation engines trained on Indian dietary preferences have been tested using collaborative filtering
techniques, although cultural context significantly affects user ratings [32]. Visualization tools like Dash and Streamlit have
made it easier to interactively explore regional cuisine data [33]. Further, CNN models trained on food images have been
integrated with ingredient data to improve recognition systems [34].

E. 4. Future Trends and Recommendations

The future of Indian cuisine analysis through data science lies in expanding dataset depth, increasing language support, and
integrating multimodal data. Developing multilingual recipe databases with English-Hindi-Tamil annotations will reduce
preprocessing overhead and improve classification accuracy [35]. Future systems should focus on integrating structured
nutrition APIs (like USDA or FSSAI) to enrich recipe data with standardized health metrics [36].

Blockchain technology could help authenticate recipe sources and origin for culinary historians and food brands [37]. IoT-
enabled smart kitchen devices can collect real-time cooking data to refine ML models for preparation time and ingredient
usage [38].Voice-based interfaces powered by NLP can help bridge digital access gaps by guiding users through Indian recipes
in their native language [39].

Additionally, ethical AI in food analytics will be critical in avoiding cultural stereotyping, ensuring inclusivity in regional
representation, and maintaining respect for traditional knowledge [40]. Personalized food engines can be designed to
recommend regionally familiar dishes that align with user health goals, allergies, or religious restrictions using Al-based
filtering techniques [41]. Finally, food-tech startups and health platforms can collaborate to use this research for preventive
healthcare, enabling automated Indian meal planning aligned with calorie budgets and nutritional balance [42]. The creation of
an open-source, community-verified Indian recipe repository with metadata tags (e.g., Jain-friendly, diabetic-safe, gluten-free)
would greatly benefit both academia and industry [43]. In conclusion, integrating machine learning with culinary culture offers
a powerful way to preserve tradition, drive innovation, and improve health outcomes in a rapidly modernizing world [44].

III. METHEDOLOGY

Previous Methodologies in Indian cuisine analysis

The methodologies vary based on the nature of the data, objectives, and the level of complexity involved. This section
explores some of the key methodologies used in data science and machine learning projects.
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1. CRISP-DM Methodology

The CRISP-DM (Cross-Industry Standard Process for Data Mining) is a widely adopted methodology that focuses
on iterative exploration and refinement. It is flexible and scalable, applicable to both simple and complex projects.
Here's how it works:

Business Understanding: Define the project’s objectives, scope, and goals from a business perspective.

Data Understanding: Collect and explore the data to identify patterns, inconsistencies, and insights.

Data Preparation: Cleanse, transform, and structure the data into a suitable format for modeling.

Modeling: Develop predictive or analytical models using appropriate techniques.

Evaluation: Assess the model’s performance based on predefined metrics.

Deployment: Implement the model into a production environment or use the findings for business decisions.

2. Agile Methodology

In data science, Agile methodology emphasizes flexibility and quick iterations. It is ideal for projects where requirements or
data may evolve over time. Here’s how it works:

e Sprint Planning: Break down the project into smaller, manageable tasks (sprints) with specific goals and timelines.

e Continuous Collaboration: Data scientists, analysts, and stakeholders work closely to ensure alignment and adjust
the direction as needed.

e Frequent Feedback: After each sprint, review progress and feedback to refine models and analyses.

e Deliver Incremental Value: Each sprint results in a partial or fully developed model, which can be further
improved and deployed iteratively.

3. Data Driven Approach

The data-driven approach focuses on the iterative development of insights and models directly based on data. It emphasizes:
e Exploratory Data Analysis (EDA): Conduct initial data exploration to uncover hidden patterns and correlations.
e Feature Engineering: Identify and create relevant features that will help the model learn effectively.
e Model Selection and Tuning: Choose appropriate algorithms, fine-tune parameters, and iterate to enhance model
performance.
e  Model Validation: Use techniques like cross-validation to ensure the model generalizes well on unseen data.

4. Lean Analytics Methodology
The Lean Analytics methodology focuses on rapid experimentation, validation, and adaptation of models based on early
feedback. It works in the following steps:

¢ Hypothesis Testing: Formulate hypotheses around the data and test them quickly.

e  Minimum Viable Model (MVM): Develop a simple but effective model that can deliver quick insights.

e  Measure and Iterate: Collect data on model performance, and adjust the approach based on insights and failures.

Methodology Used:

System Design Framework

For the "Indian Cuisine Analysis" project, the methodology adopted follows an iterative and incremental approach, focusing
on continuous improvements and scalability. The development follows the Incremental Model, which allows for building
the project in small, manageable components (modules). Each module undergoes rigorous testing, feedback, and optimization
before moving to the next.
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Incremental Model Approach

The Incremental Model is ideal for this project as it allows for the gradual development of data analysis and machine learning
models. Here’s how the phases are structured:

Development Stages
a) Phase 1: Data Collection and Preprocessing

This is the first step of the project, where the data is collected and prepared for analysis.
1. Data Collection:
Gather datasets related to Indian cuisines, including ingredients, recipes, nutritional values, and regional variations.
2. Data Cleaning:
Handle missing values, outliers, and inconsistencies in the dataset to ensure high-quality input for analysis.
3. Data Transformation:

Convert categorical data into numerical values using encoding techniques and normalize numerical features for
consistent scaling.

Phase 2: Exploratory Data Analysis (EDA)

In this phase, the focus is on understanding the structure of the data, uncovering patterns, and identifying insights.

1. Visualizations

Create graphs (like bar charts, pie charts, and heatmaps) to explore ingredient popularity, regional distribution, and
nutritional breakdown.

2. Correlation Analysis
Examine relationships between ingredients, cuisine types, and nutritional content.
3. Feature Engineering

Develop new features such as cuisine category (vegetarian/non-vegetarian) or spiciness levels to enhance model
performance.

b) Phase 3: Model Building and Training

This phase focuses on developing machine learning models that can provide insights or predictions based on the data.
1. Model Selection

Use classification algorithms (like decision trees or random forests) to predict cuisine categories, or regression
algorithms (like linear regression) to predict nutritional values.

2. Hyperparameter Tuning

Tune the model’s hyperparameters to optimize performance using techniques like grid search or random search.
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3. Cross-Validation

Validate the model using cross-validation to ensure generalization.

Phase 4: Evaluation and Refinement
In this phase, the model’s performance is evaluated, and improvements are made based on feedback.
1. Model Evaluation

Assess the model using metrics like accuracy, precision, recall, or RMSE (Root Mean Square Error) for regression
tasks.

2. Feature Importance Analysis
Identify which features (ingredients, cuisine type, etc.) contribute most to the model’s predictions.

3. Iterative Refinement

Fine-tune the model by adjusting features, reprocessing data, or trying new algorithms based on evaluation results.

Phase 5: Model Deployment and Reporting
The final phase focuses on deploying the model and generating insightful reports for stakeholders.
1. Deployment
Integrate the trained model into a web application or dashboard for real-time predictions or insights.
2. Report Generation

Generate detailed reports that summarize key findings, such as most common ingredients, calorie breakdowns, or
recipe predictions based on ingredients.

3. Optimization

Based on user feedback and real-world data, iteratively optimize the model for better accuracy and performance.

System Architecture :
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IV. OUTPUT
1) Entry Page:

1. Role Selection: Users can choose their role (e.g., Data Analyst, Admin, or Viewer) to access specific features of the
system.

2. Validate Login: The system verifies login credentials. Successful logins lead to the analysis dashboard, while failed
attempts prompt a retry or password reset.

2) Analyst Login Page:
e Analysts log in by entering their name and email.

e Upon successful login, users are directed to a personalized dashboard displaying current analysis modules and
datasets in use.

3) Cuisine Analysis Dashboard:
e The dashboard displays a welcome message with the user’s name and role.
e Itincludes navigation buttons for key features such as:
o Data Overview
o EDA & Visualizations
o Model Predictions
o Regional Trends
o  Nutritional Breakdown

e A user-friendly design ensures easy access to analysis tools and insights.
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4) Data Overview Page:
e Displays a summary of the dataset including:
o Number of dishes
o Regions covered (e.g., South Indian, North Indian, etc.)
o Unique ingredients
o Nutritional fields
e A pie chart or bar graph shows the proportion of vegetarian vs. non-vegetarian dishes.

e  Users can also view metadata and dataset structure for better understanding.

5) Ingredient Insights Page:
e  Users can explore the frequency and distribution of ingredients across cuisines.
e  Word clouds highlight commonly used ingredients.

e Filter options allow users to explore data by region, dish type, or cooking method.

6) Model Prediction Page:
e This page allows users to input ingredients or nutritional values and receive:

o Predicted cuisine category (e.g., Punjabi, South Indian, Bengali, etc.)
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o Health score based on calorie count, fat content, etc.
e Visual feedback such as confidence scores and probability bars are displayed.
7) Regional Cuisine Trends:
e  Visualizations show how specific cuisines are distributed across Indian regions.
¢ Interactive maps or heatmaps highlight regional popularity of ingredients or dish types.
e  Users can compare trends across timelines if time-series data is available.
8) Nutritional Analysis Page:
e Provides a breakdown of average nutritional values per dish by cuisine.
e Line charts or radar plots show comparison of:
o Calories
o Protein
o Carbohydrates
o Fat
e Users can filter by region, vegetarian/non-vegetarian, or dish type.
9) Report Generation Page:
e Allows users to generate downloadable reports (PDF/Excel) based on:
o Ingredient trends
o Regional analysis
o Nutritional breakdown
o Model performance

e Reports are formatted for readability and include graphs, tables, and key insights.

CONCLUSION

The data-driven Indian Cuisine Analysis platform leverages machine learning to uncover meaningful insights about regional
food patterns, ingredient usage, and nutritional compositions. By providing intelligent visualizations and predictive models, it
empowers culinary researchers, nutritionists, and food enthusiasts to make informed decisions and explore India's diverse
food culture more deeply. This project not only simplifies complex data exploration but also addresses challenges such as
ingredient overlap, regional variation, and data sparsity. From predicting cuisine types based on ingredients to analysing
health factors in dishes, the system ensures accessibility, engagement, and accuracy in food-related insights. By incorporating
Al and ML, the platform demonstrates how technology can preserve cultural richness while also modernizing how we
understand and interact with traditional cuisines. It highlights the transformative potential of machine learning in food
science, health, and regional analytics, creating a scalable framework that can evolve with growing datasets and changing
culinary trends.
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FUTURE SCOPE

To further enhance the Indian Cuisine Analysis platform using data science and machine learning, future developments can
focus on both user experience and analytical capabilities.

For users and researchers, expanding the dataset to include more diverse and region-specific dishes will improve model
accuracy and depth of analysis. Incorporating multilingual support and dish name translation will make the platform more
accessible across India's diverse linguistic landscape. The integration of natural language processing (NLP) can allow users
to search recipes or ingredients using simple queries, while voice-assisted features and chatbots can guide users through data
exploration.

Adding personalized suggestions based on dietary preferences (e.g., vegan, gluten-free, high-protein) or health goals can
provide practical value to fitness-conscious users and nutritionists. Implementing a feedback loop where users can rate
predictions or correct classifications will help refine the system over time. A mobile-friendly interface or dedicated app
would ensure that the platform is easily accessible on the go.

For data scientists and developers, real-time data integration from food blogs, cooking websites, or nutrition APIs can
continuously enrich the platform. Introducing time-series analysis will help explore how Indian food trends evolve over
time. Visualization dashboards can be made more interactive, with drill-down options to analyse cuisine by state, ingredients,
or health metrics.

From a technical perspective, improving model interpretability and transparency will build user trust in predictions.
Expanding the model to include image-based dish classification using computer vision would add a visual recognition
feature. Ensuring robust data privacy and ethical AI use, especially when scaling to public contributions or crowd-sourced
recipes, will be essential.

Overall, these enhancements aim to transform the project into a comprehensive, user-friendly, and intelligent food analytics
platform. It has the potential not only to educate and inform but also to support innovation in health, culinary tourism,

personalized diets, and cultural research—underscoring the power of Al in celebrating and understanding India’s rich
culinary diversity.
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