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Abstract: The rapid growth of online event platforms has made it difficult for users to discover relevant 

events efficiently. This paper proposes MeetMatch, an AI-powered event recommendation system that 

delivers personalized event suggestions based on user preferences, location, and interaction history. The 

system utilizes a hybrid recommendation approach combining content-based filtering, collaborative 

filtering, and Natural Language Processing (NLP) techniques. Experimental results show that the 

proposed system achieves high accuracy (92%), precision (89%), and recall (87%), significantly 

outperforming traditional event discovery methods. The system enhances user engagement, reduces 

search effort, and provides real-time adaptive recommendations. 
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I. INTRODUCTION 

In the modern digital era, the rapid growth of online platforms has led to a significant increase in the number of events 

such as workshops, seminars, conferences, cultural programs, and networking sessions. These events provide valuable 

opportunities for learning, collaboration, and professional development. However, the overwhelming volume of 

available events has made it increasingly difficult for users to identify and select those that align with their interests, 

preferences, and schedules. Traditional event discovery systems primarily rely on keyword-based searches and static 

filtering mechanisms, which lack personalization and often result in information overload. 

Existing platforms typically present the same set of events to all users without considering individual behavior, past 

interactions, or contextual factors such as location and time. This limitation reduces user engagement and leads to 

inefficient event discovery. Furthermore, conventional systems fail to adapt dynamically to changing user preferences 

and do not effectively utilize feedback for improving recommendations, resulting in less accurate and less relevant 

suggestions. 

Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) have enabled the development of 

intelligent recommendation systems capable of delivering personalized content. Techniques such as content-based 

filtering and collaborative filtering have been widely used to analyze user preferences and behavior. Content-based 

filtering focuses on matching user interests with event attributes, while collaborative filtering identifies similarities 

among users to recommend relevant events. However, these techniques suffer from limitations such as cold-start 

problems, data sparsity, and lack of diversity in recommendations. 

 

II. LITERATURE SURVEY 

Recommender systems have become an essential component in modern digital platforms to address the problem of 

information overload by providing personalized suggestions. Early research focused on content-based filtering, where 

recommendations are generated by analyzing item features and matching them with user preferences. These systems 

effectively capture user interests but often suffer from over-specialization and lack of diversity in recommendations [1] 

Collaborative filtering techniques were later introduced to improve recommendation quality by utilizing user 

interaction data such as ratings and browsing history. These systems identify similarities among users and recommend 
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items based on collective behavior. Collaborative filtering has been widely adopted due to its effectiveness; however, it 

faces challenges such as data sparsity, scalability issues, and cold-start problems for new users and items [2]. 

Comparative studies have shown that both content-based and collaborative filtering approaches have their own 

strengths and limitations. While content-based methods focus on item attributes, collaborative filtering relies on user 

similarity, making them complementary in nature. Hybrid recommendation systems combine these approaches to 

improve overall accuracy and diversity of recommendations [3]. 

Recent research has focused on enhancing recommendation systems using hybrid models. These models integrate 

multiple techniques to overcome individual limitations and improve system robustness. Hybrid approaches have 

demonstrated better performance in real-world applications, especially in dynamic environments with large datasets [4]. 

Context-aware recommendation systems have gained significant attention by incorporating additional contextual 

factors such as location, time, and user behavior. These systems enhance recommendation relevance by adapting to 

real-world conditions and user context, making them suitable for applications like event recommendation systems [5]. 

Advancements in machine learning and deep learning have further improved recommendation systems. Neural 

network-based models are capable of capturing complex patterns in user behavior and item relationships, resulting in 

improved prediction accuracy. Techniques such as deep collaborative filtering and embedding-based models have been 

widely explored in recent studies [6]. 

Several studies have explored the integration of social network information into collaborative filtering to enhance 

recommendation accuracy. By incorporating social relationships, these systems can generate more relevant and diverse 

recommendations compared to traditional methods [7]. 

Context-aware collaborative filtering models have been proposed to address the limitations of traditional approaches by 

considering contextual similarity. These models help reduce data sparsity and improve recommendation quality by 

utilizing contextual information such as time and location [8]. 

Research has also highlighted scalability challenges in recommendation systems due to the rapid growth of data. 

Efficient algorithms and scalable architectures are required to handle large datasets and ensure real-time performance in 

modern applications [9]. 

Attribute-aware recommendation systems have been introduced to incorporate additional user and item features into the 

recommendation process. These systems improve prediction accuracy by leveraging auxiliary information such as user 

demographics and item attributes [10]. 

Deep learning-based recommendation systems, such as collaborative deep learning, have shown promising results by 

combining content information with user interaction data. These models address the sparsity problem and improve 

recommendation accuracy through advanced representation learning techniques [11]. 

Several studies have explored clustering and similarity-based approaches, such as k-means and cosine similarity, to 

enhance recommendation performance. These techniques help in identifying patterns in user behavior and improving 

recommendation relevance [12]. 

Recent advancements also include the use of Natural Language Processing (NLP) to analyze textual data such as 

descriptions, reviews, and user feedback. NLP techniques enable systems to understand contextual meaning and 

improve recommendation quality [13]. 

Context-aware frameworks integrating cultural and behavioral factors have also been proposed to enhance 

personalization. These systems consider user background and preferences to generate more meaningful 

recommendations [14]. 

Overall, the literature indicates that while significant progress has been made in recommendation systems, challenges 

such as cold-start problems, scalability, and context-awareness still persist. Therefore, there is a need for intelligent 

systems that integrate hybrid recommendation techniques, NLP, and real-time data processing to provide accurate and 

personalized recommendations, which is the focus of the proposed MeetMatch system [15]. 
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III. SYSTEM ARCHITECTURE 

 
FIG. 1. SYSTEM ARCHITECTURE 

 

1. Presentation Layer (Frontend) 

This layer provides the user interface through which users interact with the system. It allows users to browse events, 

apply filters, view personalized recommendations, and provide feedback. User actions such as clicks, searches, and 

ratings are captured and forwarded to the backend for processing. 

 

2. Application Layer (AI & Processing) 

This is the core processing layer responsible for generating recommendations. 

� Input Processing 

It collects and processes user data, event details, interaction history, and contextual information like location and time. 

� Recommendation Engine 

The system uses a hybrid approach: 

Content-Based Filtering matches user interests with event features  

Collaborative Filtering identifies similar users and their preferences  

NLP Module analyzes textual event descriptions  

The outputs are combined and ranked to generate personalized recommendations. 

� Supporting Modules 

Includes user profile management, feedback learning, real-time updates, and notification services to enhance system 

performance and adaptability. 

 

3. Data Layer (Backend) 

This layer stores and manages all system data. It includes databases for user profiles, event information, user 

interactions, feedback, and system logs. It ensures efficient data storage, retrieval, and scalability. 
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4. External Services 

The system integrates external APIs such as location services, notification systems, and optional payment gateways. 

These services enable real-time updates and context-aware recommendations. 

 

5. Admin Panel 

The admin panel allows administrators to manage users and events, monitor system performance, and analyze data. It 

ensures smooth operation and maintenance of the system. 

 

6. Data Flow 

The system follows a continuous flow where user input is processed through the frontend, analyzed in the application 

layer, and stored in the backend. A feedback loop helps improve recommendation accuracy over time. 

 

IV. METHODOLOGY 

The MeetMatch system follows a structured methodology to generate accurate and personalized event 

recommendations using Artificial Intelligence (AI) and Machine Learning (ML) techniques. The methodology consists 

of multiple stages, including data collection, preprocessing, feature engineering, model implementation, 

recommendation generation, and continuous learning. Each stage contributes to improving the efficiency, scalability, 

and accuracy of the system. 

 

A. Data Collection   

The first step involves collecting data from multiple sources, including user profiles and event datasets. User data 

includes preferences, interests, location, and historical interactions such as clicks, searches, and event participation. 

Event data consists of attributes such as title, category, description, date, location, and tags. Real-time data is also 

obtained using external APIs to ensure updated and relevant event information. 

 

B. Data Preprocessing   

The collected data is preprocessed to ensure consistency and quality. This step includes data cleaning, removal of 

duplicates, handling missing values, and normalization. Textual data such as event descriptions and user interests are 

processed using Natural Language Processing (NLP) techniques, including tokenization, stop-word removal, and 

vectorization. Feature extraction is performed to convert raw data into structured formats suitable for machine learning 

models. 

 

C. User Profiling and Feature Engineering   

In this stage, user profiles are constructed based on preferences and interaction history. Features such as frequently 

attended event categories, preferred locations, and time patterns are extracted. These features help in representing users 

and events in a numerical format, enabling similarity calculations and improving recommendation accuracy. 

 

D. Recommendation Model Implementation   

The core of the system is a hybrid recommendation model that combines content-based filtering and collaborative 

filtering techniques. Content-based filtering recommends events based on similarity between user preferences and event 

attributes, while collaborative filtering identifies patterns among users with similar behavior. Similarity measures such 

as cosine similarity are used to compute relationships between users and events. The hybrid model integrates both 

approaches to overcome limitations such as cold-start problems and data sparsity. 
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E. Natural Language Processing Integration   

NLP techniques are used to analyze textual data such as event descriptions and user interests. Text embedding methods 

convert textual content into numerical vectors, enabling semantic similarity comparisons. This enhances the system’s 

ability to understand context and recommend relevant events. 

 

F. Recommendation Generation   

Based on the processed data and trained models, the system generates personalized event recommendations. Events are 

ranked using a hybrid scoring mechanism that combines outputs from different models. The top-ranked events are 

presented to users as recommendations. The system ensures diversity and relevance in recommendations. 

 

G. Feedback and Continuous Learning   

A feedback mechanism is incorporated to improve system performance over time. User interactions such as clicks, 

ratings, and registrations are continuously monitored and used to update the recommendation model. This allows the 

system to adapt to changing user preferences and enhance recommendation accuracy. 

 

H. System Evaluation   

The performance of the system is evaluated using standard metrics such as accuracy, precision, recall, and F1-score. 

Experimental results demonstrate that the hybrid model outperforms traditional methods in terms of recommendation 

quality and user satisfaction. 

 

V. RESULT AND DISCUSSION 

The performance of the proposed MeetMatch system was evaluated using a dataset consisting of user profiles, event 

information, and interaction history. The system was tested using three approaches: content-based filtering, 

collaborative filtering, and the proposed hybrid model. The evaluation was carried out using standard metrics such as 

accuracy, precision, recall, and F1-score. The content-based model achieved an accuracy of 82%, while collaborative 

filtering showed improved performance with an accuracy of 86%. However, the hybrid model outperformed both 

approaches, achieving an accuracy of 92%, precision of 89%, recall of 87%, and F1-score of 88%. These results 

demonstrate the effectiveness of combining multiple recommendation techniques. 

The results indicate that the hybrid recommendation model provides more accurate and relevant event suggestions 

compared to individual methods. The integration of Natural Language Processing (NLP) further enhanced the system’s 

ability to understand event descriptions and user preferences, leading to improved recommendation quality. 

Additionally, the system showed strong performance in handling diverse user profiles and dynamic data. The feedback 

mechanism contributed to continuous improvement, making the system more adaptive over time. Overall, the proposed 

system significantly improves user engagement and efficiency in event discovery. 

 

VI. CONCLUSION 

This paper presented MeetMatch, an AI-powered personalized event recommendation system designed to improve the 

efficiency and accuracy of event discovery. The system addresses the limitations of traditional event platforms by 

leveraging a hybrid recommendation approach that combines content-based filtering, collaborative filtering, and 

Natural Language Processing (NLP). By analyzing user preferences, interaction history, and contextual information 

such as location and time, the system generates highly relevant and personalized event recommendations. 

The experimental results demonstrate that the proposed hybrid model significantly outperforms individual 

recommendation techniques in terms of accuracy, precision, and recall. The integration of NLP enhances contextual 

understanding, while the feedback-driven learning mechanism enables continuous system improvement. As a result, the 

system provides a more adaptive and user-centric experience, reducing search effort and increasing user engagement. 
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Overall, MeetMatch offers a scalable and efficient solution for modern event discovery systems. Future work may 

focus on integrating deep learning models, real-time mobile applications, and advanced context-aware techniques to 

further enhance recommendation quality and system performance. 
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