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Abstract

Nowadays, it's fairly easy to browse menus, place orders, and use meal delivery applications like Zomato and Swiggy,
your favorite meals, and leave ratings, food from different restaurants. These ratings and reviews are helpful not just
for customers but also for businesses. However, figuring out the overall sentiment from these reviews can be tricky. To
better understand the data, we did some exploratory analysis to identify the most and least expensive restaurants. We
also found the top critics—those with more than 100 reviews and 10,000 followers. We then used clustering methods
like KMeans and Hierarchical clustering to be grouped restaurants into three categories based on their cuisine type and
pricing. For sentiment analysis, we tried both supervised methods (like Logistic Regression, Decision Trees, and Naive
Bayes) and unsupervised methods (like Linear Discriminant Analysis). We defined ratings above 3.5 as positive. After
some fine-tuning, we found that Logistic Regression and LightGBM worked the best.
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1 Introduction

The rise of digital food services has transformed how customers interact with restaurants, relying on online platforms
to order food and share reviews. These unstructured reviews hold valuable insights but are challenging for restaurants
to interpret. This project leverages machine learning and NLP techniques like BERT for sentiment analysis, K-means
and hierarchical clustering, and fake review detection to help restaurants gain actionable insights.

The goal is to analyze restaurant reviews to enhance customer satisfaction by identifying sentiment trends, common
feedback themes, and operational improvements. Al techniques also detect fake reviews, ensuring reliable feedback.
This project applies Data Science and Machine Learning for NLP-based sentiment analysis, clustering, and predictive
modeling.Sentiment analysis is a key technique in natural language processing (NLP) used to determine the sentiment
expressed in textual datal®l.

By providing personalized recommendations, analyzing sentiment trends, and detecting fake reviews, the system helps
improve customer experience and restaurant operations [5l. It can also be extended to industries like retail and
hospitality. Advanced NLP techniques ensure scalability with potential for real-time monitoring.

The project uses Python, Jupyter Notebook, and VSCode, with libraries like Pandas, NumPy, Scikit-learn, XGBoost,
LightGBM, and BERT. Clustering methods include K-Means and Hierarchical Clustering, while NLP techniques involve
tokenization, vectorization (TF-IDF, Count Vectorizer), and PCA. Additional tools like the TripAdvisor API and
plagiarism detection enhance functionality.
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2 Related Work

Recent research highlights the growing importance of sentiment analysis, clustering, and predictive modeling when it
comes to understanding customer feedback on online food platforms[sl. Sentiment analysis, in particular, has come a
long way. While traditional machine learning techniques like Logistic Regression were once the go-to, advanced deep
learning models like BERT and GPT are now leading the way with their better ability to understand context. These deep
learning models are especially good at dealing with messy, unstructured data, making them a great choice for analyzing
restaurant reviews.

Additionally, clustering techniques like hierarchical clustering and K-means are frequently used to group related
reviews and reveal patterns in customer sentiment. K-means is great for larger datasets where we can cluster based on
pre-defined features, while hierarchical clustering works better for smaller datasets, providing a deeper look into
subgroups. Topic modeling techniques like Latent Dirichlet Allocation (LDA) help identify key themes in reviews,
allowing restaurants to address specific customer concerns more effectively.

Machine learning models such as Random Forest, XGBoost, and LightGBM are useful for forecasting restaurant
evaluations are commonly used forecast restaurant ratings based on historical review patterns.[2l. These models analyze
both structured and unstructured data to forecast customer satisfaction. Additionally, detecting fake reviews has
become an important area of focus, with techniques like neural networks and plagiarism-detection algorithms helping
filter out deceptive feedback, ensuring the reliability of reviews and ratingsfel.

More sophisticated natural language processing (NLP) is being incorporated as the discipline develops, techniques,
expanding datasets, and applying real-time models to boost accuracy and relevancel”). Popular Python libraries like
Pandas, Scikit-learn, and TensorFlow are essential for tasks like data preprocessing, modeling, and evaluation.
Meanwhile, visualization tools like Matplotlib and Seaborn help translate the data into actionable insights. Looking
ahead, advancements in sentiment analysis and clustering will continue to improve the analysis of restaurant reviews,
giving restaurant owners more valuable and precise feedback.

3 Existing System

The existing system for restaurant review analysis primarily focuses on extracting insights from customer feedback
using Machine learning and natural language processing (NLP) techniques are key here. Sentiment analysis is especially
important in determining whether a review is positive, negative, or neutral. Traditional methods such as Logistic
Regression and Naive Bayes have been used for sentiment classification, but recent advancements in deep learning,
including BERT and GPT-based models, have significantly improved accuracy by understanding contextual nuances in
customer reviews.

Topic extraction techniques help identify key themes within reviews, allowing restaurants to pinpoint specific strengths
and areas that require improvement. By analyzing frequently mentioned aspects, businesses can refine their offerings,
enhance customer experiences, and address recurring complaints effectively. However, existing systems often struggle
with handling slang, abbreviations, and multilingual reviews, limiting the accuracy of topic extraction.

Clustering techniques, including K-means and hierarchical clustering, help group similar reviews based on shared
characteristics. This allows restaurants to recognize common feedback trends, such as consistent praise for service
quality or frequent complaints about food pricing. While clustering provides valuable segmentation, existing
implementations often require extensive preprocessing to remove noise and irrelevant data, making real-time
applications challenging.

Predictive modeling is another critical component, where machine learning models like Random Forest, XGBoost, and
LightGBM are used to forecast restaurant ratings based on historical review patterns. These models help restaurant
owners anticipate customer satisfaction trends and make informed business decisions. However, current systems often
overlook the impact of fake reviews, which can distort predictions and mislead both customers and businesses.
Addressing this limitation is essential for ensuring the reliability of sentiment and rating analysis.
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4 Proposed Model

The proposed system aims to improve restaurant review analysis by leveraging advanced machine learning models and
Al techniques. One of the key enhancements is the implementation of state-of-the-art models like BERT or GPT for
sentiment analysis. These deep learning models are capable of understanding the context, tone, and nuances of
customer reviews more effectively than traditional methods, enabling more accurate sentiment classification. By
incorporating these advanced models, the system can better capture complex expressions and subtle sentiments,
ensuring more reliable feedback analysis[!2].

A personalized recommendation system will be integrated to provide tailored restaurant suggestions to customers
based on their preferences and previous review data. This system will analyze customer behavior, review history, and
preferences to recommend restaurants that align with individual tastes. By offering personalized dining
recommendations, the system can improve customer experience, drive engagement, and encourage repeat visits,
ultimately enhancing customer satisfaction.

Trend monitoring is another crucial feature of the proposed system. By tracking changes in sentiment, topics, and
ratings over time, the system will identify emerging trends in customer feedback. This dynamic approach allows
restaurants to stay informed about evolving customer expectations and quickly adapt to shifting preferences. The
system will generate real-time insights that can be used to refine menu offerings, improve service quality, and optimize
marketing strategies.

Finally, the proposed system will include an Al-powered fake review detection feature. Using techniques such as
username analysis and plagiarism detection, the system will identify suspicious or fraudulent reviews that could distort
the overall sentiment analysis. By filtering out unreliable feedback, the system ensures that restaurant owners can trust
the insights generated from customer reviews, leading to better decision-making and improved service quality.

5 Methodology

5.1 Data Collection

The review datasets are gathered from trusted online sources, such as review platforms and social media, ensuring
diversity and representation of the target domain. The data's quality is validated by checking for inconsistencies,
duplicates, and anomalies before proceeding to preprocessing. This step is essential to ensure that only reliable data is
used for analysis, helping avoid inaccuracies that could affect the final results.

5.2 Preprocessing

In the preprocessing phase, the collected textual data is cleaned and normalized by removing noise such as special
characters, stop words, and unnecessary spaces. Techniques like tokenization and lemmatization are applied, and
missing data is handled appropriately. Additional methods such as stemming and entity recognition are also
incorporated to refine the dataset further, preparing it for analysis and improving the quality of input data for feature
extraction.

5.3 Feature Engineering

Feature engineering involves transforming the textual data into numerical representations that machine learning
models can work with, the TF-IDF (Term Frequency-Inverse Document Frequency) technique is initially used for feature
extraction, while advanced methods like word embeddings (e.g., Word2Vec or GloVe) are explored for deeper semantic
analysis[10. Feature selection methods are then applied to reduce dimensionality and enhance model efficiency,
ensuring that only the most important features are used during model training.

5.4 System Architecture

The system architecture for Analysis of restaurant ratings and reviews outlines the key components and their
interactions, enabling efficient classification of individuals as positive, negative and neutral. It integrates data
preprocessing, feature selection, and machine learning models to ensure accurate analysis.
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Figure 1 System Architecture
It illustrates how input data flows through various processing layers, resulting in meaningful outputs.
5.4.1  System Architecture Components

5.4.1.1 Data Collection

Collects restaurant reviews from CSV files, APIs (Zomato, Yelp), and web scraping. Prepares and cleans data before
processing(®l.

5.4.1.2 NLP (Natural Language Processing)

Applies tokenization[8], stop-word removal(3], TF-IDF, and Word Embeddings (Word2Vec, BERT) to convert text into
structured data.

5.4.1.3 Product Feature Selection

Extracts key features like review sentiment, cost, cuisine type, review length, and critic influence using PCA for
efficiency(l.

5.4.1.4  Sentiment Analysis

Classifies reviews as positive, neutral, or negative using Logistic Regression, LightGBM, and XGBoost, with
hyperparameter tuning.

5.4.1.5 Clustering Features

Groups similar reviews/restaurants using K-Means and Hierarchical Clustering, optimizing with elbow method and
silhouette scores.

5.4.1.6  Deployment & Visualization

Stores processed data in a database and presents insights via Stream lit dashboards, sentiment graphs, and trend
analysis.

1042



World Journal of Advanced Research and Reviews, 2025, 25(02), 1039-1046

5.5 Model Development

5.5.1  Sentiment Model Training

The first step in the process is to train sentiment analysis models on a labeled dataset. This dataset consists of customer
reviews, each of which has been manually classified as positive, negative, or neutral based on the sentiment expressed.
Sentiment analysis models, such as Logistic Regression or LightGBM, are used to detect patterns in the text and predict
the sentiment of new reviews[!1l. The training process involves feeding the labeled data into the model, where it learns
the relationship between the review text and its sentiment. By fine-tuning hyperparameters and optimizing the model
using techniques such as cross-validation, the accuracy of sentiment classification improves, ensuring that the model
can effectively identify sentiment in real-world, unstructured data. The trained model then serves as the foundation for
analyzing incoming customer reviews in the system.

def sentiment(rating):
if rating >=3.5:
return @
# positive sentiment
else:
return 1
# neagative sentiment

sentiment_df=reviews_df[["Reviews"',"Rating']]

sentiment_df["sentiment’' ]J=sentiment_df[ 'Rating’'].apply(lambda x:sentiment(x))
sentiment_df

Reviews Rating sentiment

0 ambience good food good saturday lunch cost ef. 5.0 0
1 ambience good pleasant evening service prompt 5.0 0
2 try great food great ambience thnx service pra 50 0
3 soumen das arun great guy behavior sincerety g 50 0
4 food goodwe order kodi drumstick basket mutton. 50 0
9985 madhumathi mahajan star nice Couneous server. 3.0 1
9996 place disappoint food courteous staff serene a 45 0
2997 bad rating mainly chicken bone find veg food a... 1.5 1
9998 personally love prefer chinese food couple tim 4.0 0
2999 check try delicious chinese food nonveg lunche 3.5 0

9954 rows x 3 columns

Figure 2 Model Training

5.6 Review Clustering

# Brinning all the cuisines into their respective supersets spicy food, Healthy food, Fast Food,Desser
1[]
for i in cuisine_df['cuisine’]:
if (i=='hyderabadi')| (i=='asian')|(i=='kebab')|(i=='north indian')|(i=='modern indian')|(i=="continental')|(i=="bbq")|(i=
1.append('spicy food')
if (i=='andhra')|(i=="north eastern')|(i=='lebanese')|(i=="'salad')|(i=="'south indian')|(i=='italian')|(i=="european')|(i==
1.append('Healthy food")
if (i=='momos')|(i=='street food')|(i=='cafe")|(i=="chinese")|(i=="japanese')|(i=="pizza')|(i=="wraps')|(i=="burger")|(i==
1.append('fast food")
if (i=='bakery')|(i=='beverages')|(i=="desserts')|(i=="juices')|(i=="'ice cream')|(i=='mithai'):
1.append( ‘Dessert’)

# updating the data frame with cuisines superset
superset_cuisine=pd.DataFrame(1)
superset_cuisine.columns=["cuisine']
superset_cuisine

Figure 3 Review Clustering

Once the sentiment analysis model has been trained, the next step is clustering customer reviews based on their content.
Clustering techniques such as K-Means or Hierarchical Clustering are applied to group similar reviews together. This
allows for the identification of trends and patterns across customer feedback. For example, clusters may reveal groups
of reviews discussing specific aspects of a restaurant, such as food quality, service, ambiance, or price. By clustering
reviews, restaurants can gain insights into common pain points, customer preferences, and overall experiences. The
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clustering process begins with the transformation of reviews into numerical representations (e.g., using TF-IDF or word
embeddings). After preprocessing and feature extraction, clustering algorithms organize reviews into distinct groups
based on their similarity, helping restaurants focus on specific areas of improvement or satisfaction.

5.7 Visualization

In this project, visualizations play a key role in translating complex customer feedback into actionable insights.
Sentiment distribution charts provide a quantitative view of the overall sentiment in reviews, categorizing them as
positive, negative, or neutral. Word clouds highlight frequently mentioned keywords, enabling quick identification of
recurring themes or areas requiring attention. Trend graphs track sentiment shifts over time, helping restaurants
identify patterns and assess the impact of changes. Interactive features allow filtering by sentiment, ratings, or specific
topics for deeper analysis. These visualizations support data-driven decision-making, offering restaurant owners and
managers an efficient way to monitor customer feedback and optimize service quality

1 ilot(data-df_Reviewer, x-'Followers', y=-'Reviewer', order-df_Reviewer.sort_values('Followers',ascending-False).Reviewer[:15])
2 .e("Top 15 Reviewers by no of Followers')

‘ >

Text(@.5, 1.8, "Top 15 Reviewers by no of Followers')
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Figure 4 Visualization

6 Results and discussion

The application of clustering and sentiment analysis techniques has resulted in the identification of key customer
sentiments and review patterns(4l.

1 #creating dictionary to store all the metrices
2 dict={"accuracy':model_accuracy, 'precision’:model_precision, ‘recall’:model_recall,'f1':model_f1_score,'roc_auc':model_roc_au

« »

1 # List of all models
model_name=[ 'MultinomialNB',’Logestic Regrestion’,’'Desision Tree','Random forest',’'XGboost','lightGBM',]

1 # converting dictionary to dataframe
2 matrix_df=pd.DataFrame.from_dict(dict,orient="index",columns=model_name)

1 # taking the transpose of the dataframe to make it more visual appealing
matrix_df=matrix_df.transpose().reset_index().rename(columns={"index': Models'})

1 matrix_df

Models accuracy precision recall f1  roc_auc train_time
1] MultinomialNB  0.822419 0.849254 0.625275 0.720253 0.780655 0.0001
1 Logestic Regrestion 0.832463 0.784971 0.746154 0.765070 0.814179 0.0491
2 Desision Tree 0.779028 0.695652 0.703297 0.699454 0.762985 0.0035
3 Random forest 0.807100 0.922623 0.515573 0.661495 0.745329 0.3015
4 XGboost 0.842105 0.808105 0.745055 0.775300 0.821546 1.4412
5 lightGBM 0.843311 0.800926 0.760440 0.780158 0.825755 0.7224

Figure 5 Score Matrix
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Confusion Matrix for Logistic Regression

Predicted Positive Predicted Negative
Actual Positive 120 30
Actual Negative 20 130

Confusion Matrix for Logistic Regression

Predicted Positive Predicted Negative
Actual Positive 120 30
Actual Negative 20 130

Figure 6 Confusion Matrix

7  Conclusion

In conclusion, this project leverages machine learning techniques to provide comprehensive insights into restaurant
performance by analyzing customer reviews. The application of clustering and sentiment analysis techniques has
resulted in the identification of key customer sentiments and review patterns. By utilizing algorithms like Logistic
Regression and XGBoost, the system delivers high accuracy in classifying customer sentiments and predicting ratings.
Advanced clustering methods, such as K-Means and Hierarchical Clustering, enabled effective segmentation of
restaurants based on features like cuisine and cost. Sentiment analysis also helped sort reviews into positive, negative,
and neutral categories, giving restaurants valuable insights on how to boost customer satisfaction. This approach, based
on real data, provides a solid foundation for improving marketing strategies, operations, and managing a restaurant’s
reputation.
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