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For any given product, there are sometimes thousands of options to choose from: 

streaming videos, social networking, online shopping; the list goes on. The recommender 
systems help to personalize a platform and help to find the user something they like. The 
easiest and simplest way to do this is to recommend the most popular items. However, to 
really enhance the user experience through personalized recommendations, we need to 
dedicate recommender systems. Various sources say that as much as 35 – 45% of tech giants’ 
revenue comes from recommendations alone. 

We are interested in doing this because people like to watch films ourselves and quite 
often find themselves faced with problem such as “nothing to watch”. To solve this problem, 
people need someone, or as in this situation, something who can tell them what to choose to 
watch, based on examples of what them like to watch. This is important because millions of 
people watch movies. This problem is solvable, because the person concerned needs a hint for 
choosing, and this solution can give that hint with our program. Simply put a 
Recommendation system is a filtration program which prime goal is to predict the “rating” or 
“preference” of a user towards a domain-specific item. In this case, this domain-specific item 
is a movie, therefore the main focus of this recommendation system is to filter and predict 
only those movies which a user would prefer given some data about the user.  

The Simple Recommender offers generalized recommendations to every user based on 
movie popularity and, sometimes, genre. The basic idea behind this recommender is that 
movies which are more popular and more critically acclaimed will have a higher probability of 
being liked by the average audience. This model does not give personalized recommendations 
based on the user. We use the TMDB Ratings to come up with our Top Movies Chart. We will 
use IMDB’s weighted rating formula (1) to construct a chart. Mathematically, it is represented 
as follows 

, (1) 

where: 
o v is the number of votes for the movie; 
o m is the minimum votes required to be listed in the chart; 
o R is the average rating of the movie; 
o C is the mean vote across the whole report. 

The next step is to determine an appropriate value for m, the minimum votes required to 
be listed in the chart. We will use 95% as our cutoff. In other words, for a movie to feature in 
the charts, it must have more votes than at least 95% of the movies in the list. Therefore, to 
qualify to be considered for the chart, a movie has to have at least 434 votes on TMDB. We 
also see that the average rating for a movie on TMDB is 5,244 on a scale of to 10. 2274 movies 
qualify to be on our chart. 

For the Movie Description based Recomender let’s try to build a recommender using 
movie descriptions and taglines. We do not have a quantitative metric to evaluate the 
performance of our machine, so it will have to be done qualitatively. We will use Cosine 



 17 

similarity (2) to calculate a numerical value that denotes the similarity between two movies. 
Mathematically, it is defined as follows: 

 (2) 

Since we have used the TF-IDF Vectorizer, calculating the Dot Product will directly give 
us the Cosine Similarity Score. 

In this part, we build a simple Hybrid Recommender that brings together techniques we 
have implemented in the content based and collaborative filter-based engines (Fig. 1-2). This 
is how it will work: 

Input: User ID and the Title of a Movie; 
Output: Similar movies sorted based on expected ratings by that particular user. 
 

 
Fig. 1 – Code of Hybrid Recommender. 

 

 
Fig. 2 - Examples of using the recommender using different parameters. 

 
In the conclusion, for Hybrid Recommender Engine we brought together ideas from 

content and collaborative filtering to build an engine that gave movie suggestions to a 
particular user based on the estimated ratings that it had internally calculated for that user. 
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