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Abstract— "Data is new oil" is the term used to express the 

importance of data usage. There are various kinds of data usage, 
and one of them is to make a recommendation system. The 
recommendation system, such as e-commerce, music, books, 
places, and movie, becomes more and more important in the 
industrial world because the recommendation system helps users 
to find things that might interest them. This paper aims to 
provide an explanation of how a movie recommender system 
works with content-based filtering methods and describe the 
implementation of the movie recommender system. 
 

Index Terms—data usage, movie, film attribute, recommender, 
recommendation system, content-based filtering.  
 

I. INTRODUCTION 

Recommendation system is a calculation that is made to 
be able to predict information that suits the needs and 
interests that will be offered to users. This system collects 
and calculates user data and user behaviors to improve 
accuracy. The applications of recommendation systems are 
widely used today, such as books, films, music, video, 
movies, and research works. 

The use of system recommendations helps companies to 
increase user satisfactions for the products they offered. 
Products that are not in accordance with the wishes of the 
user have a major impact on the use of these products in 
the long run. Often, if the product offered is in accordance 
with the wishes of the user, then on another occasion; this 
user may do a very similar pattern to get satisfaction. 
Therefore, a good recommendation system will greatly 
affect the level of user satisfactions in the long period. 

Making a recommendation system has to look at the 
background of the product users and its relationship to the 
way that product is used previously. For example, in the 
film recommendation system, people's tastes can change at 
any time so that the previously formed model is no longer 
relevant to these users. This is what underlies why it is 
necessary to improve the recommendation system that is 
able to overcome the possibility of problems that happened 
in the future. 
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In this article, the authors aimed to develop and 
implement a recommendation system that is capable of 
predicting and recommending films that users may like. A 
content-based filtering (CB) method with attention to the 
film attributes (director, year, actors, genre, etc.) is used in 
the recommender system in this article because CB helps in 
calculating the presentation of user interests in the film. 

II. OVERVIEW 

A. Recommendation Systems 
In [1], there are lots of explanations for recommendation 

systems. Some examples of [1] are described as follows. 
 A recommendation system is a computer program 

that recommends some sort of resource based on 
algorithms that rely on some sort of user model, some 
sort of content model, and some means of matching 
the two. 

 A recommender system or a recommendation system 
is a subclass of information filtering system that seeks 
to predict the “rating” or “preference” that a user 
would give to an item. 

 Recommender systems in e-commerce identify a 
similarity in the preferences or tastes of one consumer 
and others (e.g., goods purchased, products viewed); 
and make recommendations for new purchases drawn 
from the set of other goods bought or viewed by each 
of the like-minded consumers. 

 An AI system that recommends various products, 
services, articles, or social connections to a user based 
the user’s profile. 

We can found that no matter which kind of description 
of a recommendation system, the most important goal of a 
recommendation system is to predict or/and recommend 
relevant items to a user based on his/her historical data 
(e.g., his/her past behavior), similar decisions made by 
other users, or an item with similar properties of the item 
he/she chose before. 

B. Types of Recommendation Systems 
A lot of recommendation systems are used in the real 

world, and some are very popular, such as Netflix, Youtube, 
Spotify, Facebook, Twitter, and Amazon. Furthermore, the 
methods of these recommendation systems from subclass 
to core technologies are respectively clustering, 
unsupervised learning, and machine learning as shown in 
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Figure 1 [2]. The approaches of recommendation systems 
can be divided into six classes: Collaborative Filtering 
Systems (CF), Content-Based Filtering Systems (CB), 
Multi-Criteria Systems (MC), Risk-Aware Systems (RA), 
Mobile Systems (MS), and Hybrid Systems (HS). Each 
approach has its own advantages, strengths, and 
weaknesses that is described as following paragraphs. 

 
Figure 1.  The core technologies of a recommender system, from subclass 

to core: clustering, unsupervised learning, and machine learning 

1) Collaborative Filtering Systems: 
These systems conduct an analysis of other users 
who have similarity track record that is likely to 
behave the same in the future. For example, two 
users have similar interests. When one gives a good 
rating on film A, it is likely that other user will give a 
good rating on film A as well. In addition, there are 
two types of collaborative filtering, namely 
user-based filtering and item-based filtering. 

2) Content-Based Filtering Systems: 
These systems provide recommendations that are 
similar to movies that the user has liked before. 
Content-based filtering is not only based on rating 
values, but also considers more on the descriptions 
and features of an item, e.g., the film's information 
such as title, year, actor, genre, and director. 

3) Multi-Criteria Systems: 
As the name implies, instead of using a single 
criterion value for the base reference, these systems 
incorporate preference information upon multiple 
criteria. In practice, they will first exploit preference 
information on multiple criteria affecting the overall 
preference value, and then predict a rating for the 
unexplored item. 

4) Risk-Aware Systems: 
Some items are with high risk, so it is important for a 
recommendation system to consider the risk level as 
the criterion value. In addition, some risk-aware 
systems incorporate risk levels into their processes. 

5) Mobile Systems: 
Due to the mobile devices, some recommendation 
systems deal with mobile data, such as GPS and IP 
address, as the reference criteria to offer 
context-sensitive, personalized recommendations. 

This kind of systems is called the mobile system. 
6) Hybrid Systems: 

A hybrid system can be thought as a combination of 
at least two above approaches. All approaches are 
calculated separately, and then, the results of these 
approaches are put together to get better accuracy. 

We can easily find the differences between CF and CB by 
visualizing the approaches of CF and CB in Figure 2 [3], 
respectively. 

 
Figure 2.  Visualizations of CF and CB approaches 

III. RELATED WORK 

Lots of recommendation systems have been developed 
over the years. They used one kind of approaches described 
in the above section, CF, CB, MC, RA, MS, and HS. Also, 
these systems have been implemented by various big data 
and machine learning algorithms. 

In [3], the authors described the implementation of their 
recommendation system via two collaborative filtering 
methods by Apache Mahout and also focused on analyzing 
data to gain insights into the movie dataset with Matplotlib 
libraries in Python. 

A content-based movie recommender system in [4] is 
proposed to capture the temporal user preferences in user 
modeling and predict the preferred movies. It provided a 
user-centered framework incorporating content attributes 
of rated movies for each user into a Dirichlet Process 
Mixture Model, and then inferred user preferences and 
provided a proper list. In practice, the authors 
implemented the system with the MovieLens dataset. 

The authors used the user project scoring matrix which 
was pre filled and the traditional user-based collaborative 
filtering algorithm to implement their recommender system 
[5]. At the same time, the database technology is used 
graph database in order to deal with complex relations. 

In [6], the authors combined collaborative and 
content-based approaches in a hierarchical manner to 
implement a personalized meta-level hybrid 
recommendation system to suggest movies to users. 

A fully content-based movie recommendation system is 
proposed to recommend movies in [7] by making the use of 
a neural network with the content information of the 
movies to obtain features and learn the similarities 
between movies. Accordingly, the movies are 
recommended based on the similarity between them. 
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A recommendation system in [8] is implemented by 
combining user based and item-based collaborative filtering 
approaches. In practice, this system used nearest neighbors 
machine learning and unified user based and item-based 
recommendations. 

IV. IMPLEMENTATION 

This section will describe how a content-based filtering 
approach is implemented into a movie recommender 
system. There are three processes of this system: “select 
attributes,” “establish/update user profile,” and “score 
films’ values.” 

1) Select attributes: 
Determine which attributes that will be suitable for 
being used in the calculation and system. Besides, in 
order to increase the accuracy, the film attributes are 
also selected for the input of the next process. 

2) Establish/update user profile: 
Based on a user's information such as his/her rating 
and favorite history, and selected film attributes, the 
system establish/update this user profile. 

3) Score films’ values: 
For every user, the system scores all films in its 
dataset based on the user profile, and then the 
system will generate a recommended movie list to 
this user. 

Other important elements and components are 
described in the following paragraphs. 
 Dataset 

The dataset of the proposed system was taken from 
MovieLens [9]. The MovieLens is free and for 
non-commercial use to everybody. Also, it’s a 
web-based recommender system and virtual 
community that recommends movies for its users. 
The dataset of the proposed system collected all data 
and information of dataset in MovieLens. In other 
words, it included 100,836 number of ratings given 
by 610 users on different films and a collection of 
these users’ information. 

 Data Cleaning 
The proposed system looked for users who give the 
most ratings since, with this action, it would get a 
better accuracy and avoid User Cold Start. Data from 
the user will be divided into training data and testing 
data. Furthermore, the proposed system would add 
additional attributes such as director, actor, and 
IMDb rating [10] by OMDb API [11] for every film as 
shown in Fig. 3. 

 Data Calculation 
The proposed system calculated each attribute to get 
the user value by counting the number of each 
attribute seen by the user having the interest in that 
attribute. 

 
UserId Rating ImdbID Title Genre Director Actor imdbRating 

Figure 3.  Attributes for traing data and testing data 

An example is described in the following paragraphs and 
shown in figures 4~6. First, from OMDb API, the system can 
get all films’ attributes as Fig. 4. Next, as shown in figure 5, 
when a user watches a film, the system will add this film’s 
attributes into this user’s film list, and then according to the 
rating given by the user, it will calculate the corresponding 
scores for the user’s interest/suka, and save the scores to 
the user’s user profile. Finally, based on the user profile and 
films’ attributes, the system can calculate and recommend 
the film with the highest score to the user’s suka as Fig. 6. 

 
Figure 4.  A film’s attributes, where the words in yellow are important 

 
(a) The calculation example with default value (no rating scores) 

 
(b) The calculation example when a user gives rating scores 

Figure 5.  The proposed system calculates the corresponding scores for a 
user’s interest and saves the scores in user profile 

 
(a) Attributes of the films which the user doesn’t watch before 

 
(b) Calculation and recommendation 

Figure 6.  The system calculates suka scores to the films which the user 
doesn’t watch before and recommends the film to the user 
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V. MODEL EVALUATION 

A. Qualitative Evaluation 
With the calculated user value, we can make predictions 

on films that the user has never watched before. This could 
be done by multiplying the user value with each attribute 
owned by the film as shown in Fig. 7. The sum of all values 
will be added together and the film with highest value will 
be recommended to the user like described above and in 
Fig. 6. 

In practice, the authors have tested the models that have 
been made with films, where the films have been watched 
by previous users. The test results show that the predicted 
scores are quite close to the users’ ratings that can be seen 
in Fig. 8. From this result, we could think that the model 
created based on user value has a good level of accuracy. 

 
Figure 7.  Multiply features weight by user rating to get user’s value 

 
Figure 8.  Comparison between user rating and value prediction 

B. Common Issues Evaluation 
The use of content-based filtering methods has several 

obstacles that may cause a lot of inaccuracies. Therefore, 
some changes are needed to overcome it. 

Firstly, humans tend to have feelings that are easy to 
change. This also applies to the movie that person 
consumed. The existing model cannot recognize this 
change quickly due to the existing user value. One way to 

overcome this is to provide a feature to re-add new 
recommendations in other words to recalculate the user 
value without removing the previous user value. 

Secondly, the proposed system will have difficulty giving 
film recommendations to the new users. This is due to the 
lack of user data that does not even exist yet. Though the 
thing determining the long-term use by the user is the 
experience of a new guy using the system at the beginning. 
To overcome this problem, we can use the CF method. This 
means that we could provide movie recommendations that 
have been previously recommended to others based on the 
film that the user likes in the beginning. When the data is 
sufficient to do the CB method, the proposed system will 
automatically switch CF method to CB method, and provide 
recommendations based on user value. 

Figure 9 shows an example with comparison between 
two films for a user and its recommendation. 

 
Figure 9.  An example for the proposed movie recommender system 

VI. CONCLUSION 

In this article, a movie recommender system was built by 
the content-based filtering method. The dataset was 
obtained from MovieLens and added several attributes 
from OMDb API to increase the accuracy. The core of this 
proposed system is to obtain user value which will be used 
to calculate the presentation of user interests in films that 
have not been watched before. 
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