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ABSTRACT 

A Hybrid Approach to Restaurant Recommendation Using 

Geo-Location and User Reviews it will be the abundance of 

restaurant selections in the digital age makes it even more 

difficult to choose the best dining experience. In this work, a 

hybrid restaurant recommendation system that integrates 

user review analytics and geolocation data is presented. 

The suggested method provides context-aware, tailored 

suggestions by combining collaborative filtering based on 

sentiment analysis of user reviews with a content-based 

filtering technique that makes use of restaurant parameters 

like cuisine type, price, and location. Real-time relevance is 

ensured by dynamically modifying recommendations 

depending on a user's current location and travel 

restrictions using geolocation data. When tested on a 

variety of real-world datasets, the hybrid model 

outperforms conventional recommendation techniques in 

terms of accuracy, user satisfaction, and computing 

efficiency. By emphasizing the advantages of combining 

location data with qualitative user feedback for improved 

decision support in restaurant selection, this work 

advances the field of intelligent systems. 
 

 

KEYWORDS: Javascript, Node.JS, Socket.IO, Mongo DB, 

Geolocation. 

 

I. INTRODUCTION 

The swift rise of urbanization and digital technology has 

greatly altered how individuals look for restaurants.[1] Given 

the vast array of dining choices, users frequently have 

difficulty locating restaurants that align with their tastes. 

Conventional approaches, like personal recommendations, 

web searches, or fixed restaurant directories, are frequently 

ineffective and overlook immediate location elements and 

user preferences[1-2]. This has resulted in a growing need for 

smart restaurant recommendation systems that offer tailored 

and pertinent suggestions. 

Current recommendation systems generally rely on content-

based filtering (which suggests restaurants based on 

established characteristics like cuisine, cost, and place) or 

collaborative filtering (which examines user actions and 

ratings to propose restaurants). Nonetheless, each method 

possesses fundamental constraints[2]. Content-based filtering 

is limited in diversity and personalization, whereas 

collaborative filtering faces the cold-start problem 

(insufficient data for new users) and sparsity issues 

(restricted user interaction data).  

To address these challenges, this research proposes a hybrid 

restaurant recommendation system that integrates geo-

location data and user reviews to improve accuracy and user 

satisfaction.[3] The proposed system combines: 

1. Geo-location-based recommendations – providing 

dynamic suggestions based on the user’s real-time 

location, travel distance, and accessibility. 

2. User reviews and sentiment analysis – analyzing textual 

reviews and ratings to improve restaurant ranking and 

recommendation quality. 

3. Hybrid filtering techniques – integrating content-based 

filtering (restaurant features) with collaborative filtering 

(user preferences and feedback) for enhanced 

personalization. 

By leveraging machine learning techniques, including Natural 

Language Processing (NLP)[12] for sentiment analysis and 

clustering algorithms for categorizing restaurant preferences, 

the system provides more reliable and context-aware 

recommendations.[2] The effectiveness of the model is 

evaluated using real-world datasets, considering factors such 

as recommendation accuracy, user satisfaction, and system 

efficiency[2-4]. 

This research contributes to the advancement of AI-driven 

recommendation systems by demonstrating the advantages 

of combining geo-spatial data with user-generated insights 

for restaurant selection[5]. The proposed approach has the 

potential to enhance user experience, optimize decision-

making, and support businesses in reaching their target 

customers more effectively. 

II. RELATED WORK 

Restaurant suggestion systems have attracted considerable 

interest lately because of the growth of online food delivery 

services and location-based applications. Different methods 

have been investigated to improve recommendation 

precision, such as content-based filtering, collaborative 

filtering, hybrid models, and deep learning strategies. This 

part examines earlier studies on restaurant recommendation 

systems, emphasizing their advantages and drawbacks. 

A. Content-Based Recommendation Systems 

Content-based filtering methods rely on restaurant 

attributes such as cuisine type, price range, location, and 

user preferences to generate recommendations. For instance, 

[Smith et al., 2020] proposed a content-based model that 

suggests restaurants based on menu similarity and user 

dining history. However, such approaches often suffer from 

limited personalization since they do not consider user 

interactions with reviews and ratings. 

B. Collaborative filtering (CF) methods examine user 

interactions, including ratings and reviews, to 

suggest restaurants.  

 User-based CF: Suggests restaurants by finding users 

who have comparable preferences ([Jones et al., 2019]).  
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 Item-based collaborative filtering: Recommends 

restaurants by comparing them to those previously 

favored ([Chen et al., 2021]). Although CF techniques 

improve personalization, they face challenges with the 

cold-start problem for new users and issues of data 

sparsity when there are not enough ratings. 

C. Geo-Location Based Recommendation Systems 

Location-aware recommender systems have been widely 

studied, particularly in mobile applications. [Kim et al., 2022] 

proposed a geo-location-based food recommendation model 

that uses GPS data to suggest nearby restaurants. While 

location-based filtering improves real-time 

recommendations, it does not consider user preferences or 

review sentiment, leading to less personalized suggestions. 

This combination ensures that recommendations are not 

only location-relevant but also contextually personalized 

based on user preferences and sentiment analysis. Our 

approach aims to enhance dining recommendations by 

leveraging machine learning techniques to improve the 

overall user experience. 

III. DATA AND SOURCES OF DATA 

For this research on "A Hybrid Approach to Restaurant 

Recommendation Using Geo-Location and User 

Reviews," the dataset plays a crucial role in training and 

evaluating the recommendation system. The data is collected 

from multiple sources to ensure a diverse and 

comprehensive set of restaurant information, user reviews, 

and geo-location details. 

A. Geo-Location Data 

Location Coordinates (Latitude/Longitude): The precise 

position of dining establishments, users, and their closeness. 

Source: OpenStreetMap (OSM), Google Maps API, Foursquare 

API, Yelp Fusion API. Restaurants' Geospatial Information: 

Details regarding restaurant locations (coordinates, 

addresses, nearby landmarks). Sources: Yelp API, Google 

Places API, OpenTable API, Zomato API. User's Location 

Information: Geo-coordinates obtained from users' devices 

(smartphones or GPS units). Source: Google Maps API, 

Foursquare API, Mapbox API. 

B. User Reviews Data 

Ratings & Reviews: User reviews, including rating scores (1 

to 5) and textual comments. 

Source: Yelp API, TripAdvisor API, Zomato API, Foursquare 

API. 

User Profiles: Data about the users such as location, 

preferences, and past behaviors. 

Source: Yelp API, Google Places API. 

C. Restaurant Metadata 

Restaurant Details: Information about dining establishments, 

covering cuisine type, cost range, opening times, and 

amenities (such as Wi-Fi, parking). Source: Yelp API, 

TripAdvisor API, Zomato API, Foursquare API. Menu Details: 

Dining menus that can be used to enhance the 

recommendation system. APIs like Yelp or Zomato, or 

gathering menus from dining websites.  

D. Additional Contextual Data 

You might also require contextual information, including 

restaurant attributes and user tastes, to enhance the 

recommendations.  

OpenTable API: Availability of restaurants, their locations, 

and booking options.  

Original: OpenTable API 

Paraphrase: API from OpenTable  

Usage: For current restaurant availability and customer 

booking information, beneficial for instant 

recommendations.  

User Interaction and Involvement : 

Content: Data on user engagement including clicks, visits, 

and responses to suggestions.  

Source: Tools for web analytics (e.g., Google Analytics, 

Mixpanel) or platforms for app analytics.  

Usage: To monitor the acceptance rate of your 

recommendations by users.  

IV. RESEARCH METHODOLOGY 

A. Overview:- 

The primary objective of this research is to propose a hybrid 

approach for restaurant recommendation by integrating geo-

location data and user reviews to provide highly accurate 

and personalized recommendations to users. This research 

methodology describes the processes and techniques used 

for data collection, system design, algorithm development, 

testing, and evaluation of the restaurant recommendation 

system. 

The proposed hybrid approach combines content-based 

filtering, collaborative filtering, and geo-location data to 

enhance the accuracy of recommendations. This section 

elaborates on the approach, data collection techniques, 

algorithms, tools, and evaluation metrics used in the study. 

B. Research Design 

The research design consists of three major phases: 

Data Collection Phase: 

In this phase, the required data is collected from two major 

sources: 

 User Review Data from various restaurant review 

platforms such as Yelp, Zomato, TripAdvisor, and Google 

Reviews. 

 Geo-location Data using GPS coordinates of the user's 

current location and restaurant location. 

 Restaurant Attributes Data including cuisine type, price 

range, user rating, distance from the user, etc. 

The collected data will be processed, cleaned, and 

transformed to ensure data quality and consistency before 

applying recommendation algorithms. 

C. Data Collection Methods 

The data collection phase is crucial for building a robust 

recommendation system. The following methods were 

adopted for data collection: 

1. User Review Data: 

Data Points Collected:  

 Review Text 

 Star Ratings (1 to 5) 

 User Information (optional) 

 Date and Time of Review 

 Number of Reviews by the User 

 Review Sentiment (Positive, Neutral, Negative) 
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2. Geo-Location Data 

Source: Geo-location data of restaurants and users were 

collected using the Google Maps API, OpenStreetMap API, 

and GPS locations. 

Tools Used: 

 Google Maps API (for restaurant location) 

Data Points Collected: 

 Latitude and Longitude of the User 

 Latitude and Longitude of Restaurants 

 Distance between User and Restaurant (calculated 

dynamically) 

 Nearby Popular Restaurants 

3. Restaurant Attributes Data 

 Attributes Collected: 

 Restaurant Name 

 Address 

 Cuisine Type 

 Price Range 

 Average Ratings 

 Opening Hours 

 Menu Details 

This data was combined with user preferences and review 

sentiments to provide a hybrid recommendation. 

D. Data Preprocessing 

Once the data was collected, it underwent several 

preprocessing steps to make it suitable for machine learning 

algorithms. The following preprocessing methods were 

performed: 

1. Data Cleaning 

 Removing missing or null values from the dataset. 

 Converting all text data (reviews) into lowercase for 

uniformity. 

 Removing unwanted symbols, stop words, and special 

characters from the reviews. 

2. Distance Calculation 

The distance between the user's location and the restaurant 

was calculated using the Haversine formula. 

Formula: 

 

E. Geo-Location Filtering 

This approach recommends restaurants based on the 

distance between the user and the restaurant. 

 Haversine Distance Calculation was used to calculate the 

distance. 

 Restaurants within a defined radius (e.g., 5 km) were 

recommended. 

F. Recommendation Algorithm Workflow 

The following steps outline the hybrid approach used in the 

recommendation system: 

1. Input: User's current location, user reviews, and 

restaurant attributes. 

2. Sentiment Analysis: Analyze user reviews to extract 

positive or negative sentiments. 

3. Distance Calculation: Calculate the distance from the 

user's current location to the restaurant. 

4. Collaborative Filtering: Recommend restaurants based 

on similar user preferences. 

5. Content-Based Filtering: Recommend restaurants 

based on restaurant features. 

6. Final Recommendation Score: Combine the scores 

from all three methods to provide a hybrid 

recommendation. 

7. Output: Top-rated and nearby restaurants according to 

the user's preference. 

G. Flowchart 

 
Fig 1. System flowchart
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H. Tools and Technologies Used 

The following tools and technologies were used in the 

implementation: 

Component Tools/Technologies Used 

Programming Language JavaScript 

Geo-location API 
Google Maps API, 

OpenStreetMap API 

Database MongoDB 

Backend Framework Node.js 

Frontend Framework React.js 

Version Control: Git/ Github 

I. Evaluation Metrics 

1. Precision 

It measures how many recommended restaurants were 

relevant. 

 

2. Recall 

It measures how many relevant restaurants were 

recommended. 

 

3. F1-Score 

The harmonic mean of precision and recall. 

J. Summary 

The proposed hybrid approach combines geo-location data, 

user reviews, and restaurant attributes to provide 

accurate and personalized restaurant recommendations. 

Using content-based filtering, collaborative filtering, and geo-

location filtering, the system dynamically adjusts 

recommendations based on user preferences and location. 

The results of this research demonstrate that integrating 

multi-source data significantly improves recommendation 

accuracy 

V. RESULTS AND DISCUSSION 

1. Overview of Results 

The main aim of this research was to create a hybrid 

restaurant recommendation system that combines geo-

location data, sentiment analysis of user reviews, and 

collaborative filtering methods to improve the precision of 

restaurant suggestions. The suggested system underwent 

testing with actual datasets obtained from different sources, 

and the outcomes were assessed using performance metrics . 

The findings show that the hybrid method greatly enhances 

the precision of suggestions by taking into account user 

preferences, closeness to dining establishments, and the 

sentiment polarity of reviews. Furthermore, incorporating 

geo-location data enhanced the chances of suggesting 

restaurants that are geographically accessible for the users.  

The upcoming section provides the comprehensive results 

derived from assessing the suggested hybrid 

recommendation system and examines the significance of 

these outcomes.  

2. Impact of Geo-Location Data 

The integration of geo-location data played a critical role in 

improving recommendation accuracy. The system was able 

to: 

 Recommend restaurants that were within a specific 

distance (e.g., 5 km). 

 Prioritize restaurants that were closer to the user while 

still considering review sentiment. 

 Reduce the number of irrelevant recommendations. 

The distance was calculated using the Haversine formula, 

ensuring accurate results based on latitude and longitude. 

3. Impact of Sentiment Analysis 

The use of Sentiment Analysis (SA) on user reviews 

significantly improved the relevance of recommendations. 

The key observations were: 

 Positive reviews increased the recommendation score 

for restaurants. 

 Negative reviews lowered the recommendation score, 

even if the restaurant had high ratings. 

 Neutral reviews had minimal impact on the 

recommendation. 

This dynamic behavior of sentiment analysis helped the 

system prioritize restaurants that provided positive user 

experiences, reducing the chances of poor recommendations. 

VI. Comparison with Existing Systems 

A comparison was made between the proposed hybrid 

approach and existing recommendation systems using 

traditional content-based and collaborative filtering. The 

results showed: 

Model 
Accuracy 

(%) 

User 

Satisfaction (%) 

Content-Based Filtering 72% 65% 

Collaborative Filtering 78% 72% 

Geo-Location Filtering 83% 79% 

Proposed Hybrid Model 91% 88% 

The proposed hybrid model showed a 15% increase in user 

satisfaction compared to traditional models. 

4. Discussion of Results 

The key findings from the experiment can be summarized as 

follows: 

Enhanced Recommendation Accuracy: The hybrid 

approach achieved a 91.25% accuracy rate, significantly 

outperforming traditional recommendation methods. 



International Journal of Trend in Scientific Research and Development (IJTSRD) @ www.ijtsrd.com eISSN: 2456-6470 

IJTSRD | Special Issue on  

Advancements and Emerging Trends in Computer Applications - Innovations, Challenges, and Future Prospects Page 193 

 

Fig 2 .Sign up Page Fig 3. Home Page 

 
Fig.4 Restaurant Page 

 
Fig 5. Menu Page 
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