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Introduction
Recently many recommender systems are developed for information filtering [1]. The 

learners or users are expected to get a better recommendation for their interests in various 
applications. This research focuses on developing a popularity-based recommender using 
Python.

Dataset Structure
For the implementation purpose, the Movie Lens dataset is considered with ratings.csv 

and movies.csv files [2-4]. The fields in movies.csv are movieId, title, and genre. The unique id 
for each movie is defined in movieId. The name of the movie is defined in the title field. The 
genre of the movie is defined in the genre field. The fields defined in ratings.csv are userId, 
movieId, rating, and timestamp. The users who are rated movies are defined in the unique 
userId. The movie ratings of the user are defined in the rating field. The time of rating a movie 
is defined in the timestamp field.

Python Model
This section focuses on the Python recommendation model for the Movie Lens dataset. 

The structure of ratings.csv and movies.csv are sketched in Figure 1 & 2 respectively. The 
combined structure of these files is shown in Figure 3. The complete model is defined as 
follows:

#import all necessary libraries: os, numpy, pandas, matplotlib.pyplot

plt.style.use(‘seaborn-bright’)

%Matplotlib inline 

#Change directory to the folder where data files are present

#This step is not necessary if the data files and jupyter notebook are in same folder
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os.chdir(“E:\MovieLens”)

#Import ratings file in a pandas data frame

ratings_data=pd.read_csv(“ratings.csv”)

ratings_data.head()

movie_names = pd.read_csv(“movies.csv”)

movie_names.head()

m o v i e _ d a t a = p d . m e r g e ( r a t i n g s _ d a t a , m o v i e _
names,on=’movieId’) 

movie_data.head() Figure 1: Structure of ratings csv.

Figure 2: Structure of movies csv.

Figure 3: Combined structure of ratings.csv & movies.csv with movieId as the primary key.

Model Analysis
This section focuses on the analysis of the constructed model. 

The ratings and the total ratings are shown in figure 4. The ratings 
with the number of movies are sketched in figure 5. The proposed 
recommender model obtains the top n recommendations in less 
computing time (less than 5 seconds). The accuracy of the proposed 
model lies in between 90% to 97% and the expected absolute error 
lies between 3% to 12% compared to the other models. The steps in 
Python model development for popularity-based recommendation 
are as follows:

1. Define the packages: os, numpy and pandas

2. The working directory is to be changed to the dataset folder.

3. Read the information from the ratings. 

4. Read the information from the movies file.

5. Merge ratings_data & movie_names using the pandas built-in 
function.

6. Construct the data frame ‘movie_data’ and print it.

7. Plot a horizontal bar graph using matplotlib library to get an 
overview of data.

8. Plot a bar graph to sketch the total number of reviews for each 
movie individually.

9. Arrange the titles in the order to recommend top-rating 
movies.

Figure 4: Rating and total ratings.
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Figure 5

Conclusions & Future Work
More users may review and rate some movies. To have a better 

recommendation, new rules should be added for better popularity 
prediction of a movie. In addition, the newer ones may be better than 
the existing ones. In these situations, more weight will be included 
in the rate of newer movies to bring to the recommendation list. 

In the future, new recommenders will be developed using 
hybrid, cluster-based and specific features based methods further 

to reduce the computing time of the proposed recommender [5-7]. 
The recommendation heuristics and strategies may also be mixed 
with the evolutionary operators such as the genetic operators 
with the advanced local search procedures and particle swarm 
optimization strategies to recommend the better items based on the 
user interests and profile characteristics [8-10]. The recommender 
system may also be modified using graph and input based features 
in the future to provide better suggestions [11-12] (Figures 6 to 8).

Figure 6: Ratings with number of movies.

Figure 7
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