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ABSTRACT 

 

Recommender systems are information filtering tools that aspire to predict the rating for users and items, 

predominantly from big data to recommend their likes. Music recommendation systems provide a mechanism 

to assist users in classifying users with similar interests. This makes recommender systems essentially a central 

part of websites and e-commerce applications. This project focuses on the movie recommendation systems 

whose primary objective is to suggest a recommended movie though a content-based recommendation system. 

This recommendation system will collect information about the user’s preferences of different music in two 

ways, either implicitly or explicitly. Implicit acquisition of user information typically involves observing the 

user’s behavior, such as watched movies. On the other hand, explicit acquisition involves collecting the user’s 

previous ratings or history. 

Such recommendation systems are beneficial for organizations that collect data from large amounts of 

customers and wish to effectively provide the best suggestions possible. A lot of factors can be considered 

while designing a movie recommendation system like the genre of the movie, actors present in it, or even the 

director of the movie. The systems can recommend movies based on one or a combination of two or more 

attributes. In this project, the recommendation system has been built on the type of genres that the user might 

prefer to watch. The approach adopted to do so is content-based filtering using genre correlation. The dataset 

used for the system is collected from the Internet from various sources. The data analysis tool used is Python. 

Moreover, this project will be covering a full-stack website made on MERN stack, providing recommendations 

based on user tastes, rich data images, and trailers. The website will be well designed and functional, easy to 

use, optimized for mobile, fresh quality content. The user’s data, like password or data, will be secured with 

token-based authentication and hashing techniques making this website reliable and secure. 

 

 
Keywords: Recommender Systems, Collaborative Filtering, Content-based Filtering, Recommendation, 

Evaluation Metrics. 
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CHAPTER 1: INTRODUCTION ABOUT PROJECT 

 
Objective: 

The chief purpose of our system is to recommend movies to its users based on their viewing 

history and ratings that they provide. The system will also recommend various E-commerce 

companies to publicize their products to specific customers based on the genre of movies they like. 

 

Introduction 

Recommendation systems help users find and select items (e.g., books, movies, restaurants) from the huge 

number available on the web or in other electronic information sources. Given a large set of items and a 

description of the user’s needs, they present to the user a small set of the items that are well suited to the 

description. Similarly, a movie recommendation system provides a level of comfort and personalization that 

helps the user interact better with the system and watch movies that cater to his needs. Providing this level of 

comfort to the user was our primary motivation in opting for movie recommendation system as our BE Project. 

The chief purpose of our system is to recommend movies to its users based on their viewing history and ratings 

that they provide. The system will also recommend various E-commerce companies to publicize their products 

to specific customers based on the genre of movies they like. Personalized recommendation engines help 

millions of people narrow the universe of potential films to fit their unique tastes. Collaborative filtering and 

content-based filtering are the are prime approaches to provide recommendation to users. Both of them are 

best applicable in specific scenarios because of their respective ups and downs. In this paper we have proposed 

a mixed approach such that both the algorithms complement each other thereby improving performance and 

accuracy of the of our system. 

 

 

 

 
Recommender Systems general model 

 
 

 
We may say that recommendation systems resemble search engines, however the user is not searching 

explicitly for an item but the engine recommends items to the user based on his previous interactions with the 

system, which are used to model his preferences 
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Existing System 

● It does not work for a new user who has not rated any item yet as enough ratings are required content- 

based recommender evaluates the user preferences and provides accurate recommendations. 

● No recommendation of serendipitous items. 

● Limited Content Analysis- The recommender does not work if the system fails to distinguish the items 

that a user likes from the items that he does not like. 

Proposed System 

● We have proposed a hybrid recommender system which is known as content-boosted collaborative 

filtering system. 

● This hybrid system takes advantage from both the representation of the content as well as the 

similarities among users. 

● The intuition behind this technique is to use a content-based predictor to fill the user-rating matrix that 

is sparsely distributed. 

● A web crawler is used to download necessary movie content for our dataset. After the preprocessing 

the movie content database is stored. The dataset consists of a user-rating matrix. 

Applications 

● What to buy: 

○ E-commerce, Books, Movies, Beer, Shoes 

● Where to eat? 

● Which job to apply to? 

● Who you should be friends with? 

○ LinkedIn, Facebook…… 

● Personalize your experience on the web 

News platform, News personalization 

 

 

 

 

Content based Recommendation System 
 
 

 
Recommender systems are active information filtering systems which personalize the information coming to 

a user based on his interests, relevance of the information etc. 

Recommender systems are used widely for recommending movies, articles, restaurants, places to visit, items 

to buy etc. 
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How do Content Based Recommender Systems work? 
 
 

 
A content based recommender works with data that the user provides, either explicitly (rating) or implicitly 

(clicking on a link) . 

Based on that data, a user profile is generated, which is then used to make suggestions to the user. As the user 

provides more inputs or takes actions on the recommendations, the engine becomes more and more accurate. 

 

 

 

 

Collaborative Filtering 
 
 

Collaborative filtering(CF) is a popular recommendation algorithm that bases its predictions and 

recommendations on the ratings or behavior of other users in the system. The fundamental assumption behind 

this method is that other users’ opinions can be selected and aggregated in such a way as to provide a 

reasonable prediction of the active user's preference. Intuitively, they assume that, if users agree about the 

quality or relevance of some items, then they will likely agree about other items. 
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CHAPTER 2: REQUIREMENTS, FEASIBILITY AND 

SCOPE/OBJECTIVE 

 
Required Tools: 

Hardware Requirements 

• Processor : Single Core 1.0 Ghz 

• Graphic Card: 64 MB minimum 

• Storage : 100mb ~ 1GB 

• Ram: 1GB 

• Device : Laptop, Phone 

• Mobile : Device capable of running a browser 

 
Software Requirements 

 
 

 

 
Feasibility Analysis: 

Financial: The proposed project is totally financial independent there is no financial requirement. 

Technology: Movie recommendation systems available in the market are dependent on the dataset to contain 

large clusters of similar users and items. They also do not provide services such as effective remote access via 

cloud, customer interaction modules, etc. to be solved with the proposed system. 

Operational Feasibility: The project will be implemented in a way that it will allow the functioning of 

recommendations smoothly. It will provide a user-friendly user interface in a modular fashion. 

Product/Service Marketplace 

The Movie recommendation system will impact client institutions in several ways. The following provides a 

high-level explanation of how the organization, tools, processes, and roles and responsibilities will be affected 

as a result of the movie recommendation system implementation:- 

Tools: The existing requirement for on site management systems will be eliminated completely with the 

availability of a cloud-based system. 

Processes: With the Movie recommendation system comes more efficient and streamlined administrative and 

customer relations processes. 

Hardware/Software: Clients will need to handle no extra software or hardware apart from a stable high-speed 

Internet connection and a computer device. 
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CHAPTER 3: ANALYSIS, ACTIVITY TIME SCHEDULE (PERT) 

 
Problem Formulation 

Owing to the various demerits of pure content-based and pure CF based systems, we have proposed a hybrid 

recommender system which is known as content-boosted collaborative filtering system. This hybrid system 

takes advantage from both the representation of the content as well as the similarities among users. The 

intuition behind this technique is to use a content-based predictor to fill the user-rating matrix that is sparsely 

distributed. A web crawler is used to download necessary movie content for our dataset. After the 

preprocessing the movie content database is stored. The dataset consists of a user-rating matrix. Content-based 

predictions are used to train each user-rating vector in the user-rating matrix and convert it into a pseudo rating 

matrix which combines actual rating with the predicted ratings. Collaborative filtering is then applied to this 

full pseudo user-rating matrix to make recommendation for an active user. 
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Activity Time Schedule 

 

Week 1: Scraping data from Kaggle or some other movie repository. 

 
First , we fetched the required dataset from kaggle and other movie repositories. 

After that , the dataset is pre-processed into the desired format. 

Now , by using one of the filtering methods we apply content based filtering . 

Content Based Filtering also referred as Cognitive Filtering method uses attributes of the content to 

recommend similar movie content to the users . 

A system works with data that the user provides, either rating or clicking on a link. Based on that provided 

data, a user profile is generated which is then used to make suggestions to the user. As the user provides 

more inputs or takes actions on those recommendations, the engine becomes more and more accurate. 

Week 2: Preprocessing scraped data into usable form . 
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Week 3: Making content-based recommendation system. 

 

 

Week 4: Making sentiment analysis model using forward propagation 
 
 

Week 5: Making database and initializing backend server. 

Database 
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CHAPTER 4: DESIGN 
 
 

Flow Chart: 
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Class Diagram: 
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DB-Class-Diagram: 
 

 

 

 

 



15 
 

Activity Diagram: 
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Context Diagram: 
 

 

 
 

 
Use Case Diagram: 

 

 

 
Flick 
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CHAPTER 5. IMPLEMENTATION AND TESTING 

PROJECT IMPLEMENTATION 

 
Step 1 : Weighing the Genres according to rating provided by the user. 

 

 

 

 
Step 2 : User profile created by using one-hot encoding. 
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Step 3 : Encoding User-Profile matrix with Movies Matrix. 
 
 

 

 

 

 

 

Step 4 : Creating recommendation Matrix. 
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Implementing Sentiment Analysis: 

 

Sentiment analysis (also known as opinion mining) is a natural language processing problem where text is 

understood and the underlying intent is predicted. Sentiment analysis is often used to find out the sentiment in 

customers’ feedback. 

IMDB dataset contains 25,000 highly polar moving reviews (good or bad) for training and testing. The 

problem is to determine whether a given moving review has a positive or negative sentiment. 

Summing up, sentiment analysis tools serve to extract insights which are crucial to getting what users think 

and react on time to improve their user experience. 

The model is trained on the dataset of movie reviews using neural networks having accuracy of 85%. 

Future Work: To improve accuracy of the model using reinforcement learning. 

 

Demo: 

Training the model 
 
 

 
Predicting the review: 
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Source code:- 

 

using MovieRecommendationSystem.Infrastructure; 

using MovieRecommendationSystem.Models; 

using System; 

using System.Collections.Generic; 

using System.IO; 

using System.Linq; 

using System.Text; 

using TinyCsvParser; 

 

namespace MovieRecommendationSystem 

{ 

    class Program 

    { 

        static void Main(string[] args) 

        { 

            if (!File.Exists("data/data-full.txt")) 

            { 

                Console.WriteLine("Could not find file \"data-full.txt\" in the relative directory \"data\". Please make 

sure the required data is located in said directory."); 

                Console.ReadKey(); 

                return; 

            } 

 

            var csvOptions = new CsvParserOptions(true, ','); 

            var csvMovieMapping = new CsvMovieMapping(); 

            var csvMovieDescriptionMapping = new CsvMovieDescriptionMapping(); 

            var movieParser = new CsvParser<Movie>(csvOptions, csvMovieMapping); 

            var descriptionParser = new CsvParser<MovieDescription>(csvOptions, 

csvMovieDescriptionMapping); 

 

            Console.WriteLine("Reading movie data in from \"data/data-full.txt\"..."); 

            var elapsed = TimeUtilities.MeasureDuration(() => movieParser.ReadFromFile("data/data-full.txt", 

Encoding.ASCII).ToList(), out var data); 

            var movies = data.Where(x => x.IsValid).Select(x => x.Result).ToList(); 

            //Console.WriteLine($"Data loaded in {elapsed.TotalSeconds} second(s)."); 

 

            List<MovieDescription> descriptions = new List<MovieDescription>(); 

            if (File.Exists("data/movie_names.txt")) 

            { 

                Console.WriteLine("Reading optional movie description data in from \"data/movie_names.txt\"..."); 

                elapsed = TimeUtilities.MeasureDuration(() => 
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descriptionParser.ReadFromFile("data/movie_names.txt", Encoding.ASCII).ToList(), out var 

descriptionData); 

                descriptions.AddRange(descriptionData.Where(x => x.IsValid).Select(x => x.Result)); 

                //Console.WriteLine($"Data loaded in {elapsed.TotalSeconds} second(s)."); 

            } 

 

            Console.WriteLine("Training the recommendation system..."); 

            var recommendationSystem = new RecommendationSystem<Movie>(x => x.MovieId, x => x.UserId, 

x => x.Rating, 

                x => descriptions.FirstOrDefault(y => y.MovieId == x)?.Title ?? x.ToString()); 

            elapsed = TimeUtilities.MeasureDuration(() => recommendationSystem.LoadModel(movies)); 

            //Console.WriteLine($"Recommendation system trained in {elapsed.TotalMinutes} minute(s)."); 

 

            var continueLoop = true; 

            while (continueLoop) 

            { 

                Console.WriteLine("\nEnter a user ID to predict a rating for:"); 

                var userParseSuccess = int.TryParse(Console.ReadLine(), out var userId); 

                Console.WriteLine("Enter a movie ID to predict a rating for:"); 

                var movieParseSuccess = int.TryParse(Console.ReadLine(), out var movieId); 

 

                var rating = recommendationSystem.PredictUserRating(userId, movieId); 

                Console.WriteLine($"User \"{userId}\" would most likely rate the movie " + 

                    $"\"{descriptions.FirstOrDefault(x => x.MovieId == movieId)?.Title ?? movieId.ToString()}\" 

{Math.Round(rating, 2)} out of 5. "); 

 

                Console.WriteLine("Enter another? (Y/n)"); 

                continueLoop = Console.ReadLine().Trim().ToUpperInvariant() == "Y"; 

            } 

            Console.WriteLine("Press any key to exit..."); 

            Console.ReadKey(); 

        } 

    } 

} 
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Output: 
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CHAPTER 6: LIMITATIONS AND FUTURE SCOPE OF THE PROJECT 

 
One of the greatest problems of content-based recommender systems, is the vast size of the item set. Since we 

need to find items in a set that correlate the most with the user's interests, we're obliged to examine all the 

items. In any other case, we cannot eliminate the possibility that items we haven’t examined are not more 

relevant than the ones we did. Moreover, in the case of content-based recommender systems we must examine 

the content of every item in order to make a recommendation, whereas in collaborative filtering systems, we 

only need to examine their ratings by the users. Therefore, the number of items rises very quickly, as is the 

case in most e-commerce services, the performance of a content-based system decreases. As a result, when we 

intend to use a recommender system for a web service with a vast number of either old or new items, the 

solution of a content-based system would not be likely to meet our expectations in terms of performance. 

However, the size of the item set as a whole is not the only problem of content-based systems. In addition, 

every item has its own content that the algorithm must use. Although this usually is not a problem of time or 

computer resources, since most item representations tend to be small compared with the number of items, how 

this content is derived from the original item is one of the most important problems we encounter when 

building a content-based system. In the previous chapter, we've analyzed how items are represented and the 

different techniques. We also noted that unstructured data is not easy to handle, especially when it comes to 

multimedia data. However, multimedia data are prevalent in today's Web 2.0, while a vast number of new 

multimedia items are being added to the Web every day. While we still do not possess techniques that produce 

satisfying results, the user's need for recommending multimedia items increases every day. Although several 

attempts have been made to solve this problem and progress has been made, the problem still remains. 

Therefore, the content analysis needed by content-based systems in order to make recommendations, is an 

inherent problem that might discourage their use when we deal with multimedia items. 

Although many of the content-based advantages derive from the fact that the recommendations for every single 

user are independent to the user’s preferences, that might be the cause for one of its disadvantages. Content- 

based systems emerged over a decade ago, when the Web was still young and not widely adopted. User 

communities were more primitive, where the user's profile consisted of a few fields providing information like 

his name and his age, whereas communications was restricted to text. However, nowadays, with the use of 

social networks, the Web is more and more used in the context of a community, where user profiles are 

extensive and constantly updated with information about them, while every user is connected with hundreds 

of other users and communication between them is achieved using a variety of ways. Although content-based 

systems allow us to make recommendations to users with unique interests, they fail to group users that have 

the same interests. Therefore, the lack of a content-based recommendation system to create a group of users 

that share common interests, might prove to be a great drawback. However, collaborative filtering systems 

cannot create user groups either, because they do not know the common interests of the users, but only their 

existence. Therefore, the hybrid model has again proven superior. By combining the item's content with the 

user stereotypes, it allows us to create clusters of users that share interests, as a result making it possible to 

create communities of users that share common interests. The result of this feature is not only to improve the 

user’s experience of using our service, but also providing the accuracy of our recommender, since through 

social interaction the user's provide information that might prove very useful to the recommender system. This 

realization has created a new trend in recommender systems, where an item is recommended to a group rather 

than to individuals, thus increasing the possibility that the results are accurate, at least for most of the users of 

the community. 

Recommendation Process Web 2.0 is a term describing the trend in the use of World Wide Web technology 

that aims at promoting information sharing and collaboration among users. According to Tim O’Reilly8, the 

term “Web 2.0” means putting the user in the center, designing software that critically depends on its users 
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since the content, as in Flickr, Wikipedia, Del.icio.us, or YouTube, is contributed by thousands or millions of 

users. That is why Web 2.0 is also called the “participative Web”. O'Reilly 9 also defined Web 2.0 as “the 

design of systems that get better the more people use them”. One of the forms of User Generated Content 

(UGC) that has drawn more attention from the research community is folksonomy, a taxonomy generated by 

users who collaboratively annotate and categorize resources of interests with freely chosen keywords called 

tags. Despite the considerable number of researches done in the context of recommender systems, the specific 

problem of integrating tags into standard system algorithms, especially content-based ones, is less explored 

than the problem of recommending tags (i.e. assisting users for annotation purposes). Folksonomies provide 

new opportunities and challenges in the field of recommender systems (see Chapter 19). It should be 

investigated whether they might be a valuable source of information about user interests and whether they 

could be included in user profiles. Indeed, several difficulties of tagging systems have been identified, such as 

polysemy and synonymy of tags, or the different expertise and purposes of tagging participants that may result 

in tags at various levels of abstraction to describe a resource, or the chaotic proliferation of tags. 
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CONCLUSION: 

In this project we have implemented a music recommendation engine / system using simple 

recommendations, content-based filtering. In addition, a movie recommendation engine has been developed 

using different method prediction methods. This model is implemented in the python programming 

language. We have observed that the RMSE(Root Mean Square Error) value of the proposed technique is 

healthier than the current technology after implementing the system with the help of python programming 

language. 
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