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Abstract — This paper deals with the recommender engine
and chatbot through python using machine learning, artificial
intelligence, to assist movie buffs by recommending what film
to watch without requiring them to go through the
timeconsuming and complex process of selecting from a vast
number of films ranging from thousands to millions. Our goal
in this post is to decrease human effort by recommending
movies based on the user's preferences. To address these issues,
we developed a paradigm that combines both a content-based
and a collaborative approach. When compared to other systems
that use a content-based approach, it will provide more explicit
results. People are limited by content-based recommendation
systems; these algorithms do not prescribe things out of the
box, restricting your ability to learn more. As a result, when
used in a chatbot, it produces reliable results.

Key Words: Machine Learning, Collaborative filtering,
similarity, user, Content Based, recommender system.

1. INTRODUCTION

A recommendation system, often known as a recommendation
engine, is a paradigm for information filtering that attempts to
forecast a user's preferences and provide suggestions based on
those choices. These systems have grown in popularity in
recent years, and they are now frequently employed in fields
such as movies, music, books, videos, apparel, restaurants,
food, locations, and other services. These systems gather data
on a user's preferences and behaviour, which they then utilise
to enhance their recommendations in the future.

The two forms of collaborative recommender systems are
further explained in Figure 1. Pure CF is a term used to describe
this sort of filtering.

A Use-based filtering - In the subject of building
customized systems, user-based preferences are quite common.
If the user's preferences are evaluated historically, this method
presupposes that they are not random.

B. Item-based filtering - Item-based filtering, unlike
user-based filtering, focuses on the similarity between the

things individuals prefer rather than the users themselves. The
comparable items are calculated in advance. The things that are
comparable to the target item are then recommended to the
user.
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The paper propose a collaborative recommendation system
based on the Map Reduce architecture and built to function on
the Hadoop platform. The authors built this system using the
set-similarity join approach, which incorporates both userbased
and item-based collaborative filtering strategies.

The authors suggested a movie recommendation system based
on collaborative filtering that relies on user ratings to deliver
recommendations. To arrange the movies according to their
ratings, the suggested method employs the K-means algorithm.

2. Literature Review

Kumar presented MOVREC, a collaborative filtering-based
movie recommendation system. Collaborative filtering gathers
data from all users and creates suggestions based on it. Virk
have proposed a hybrid system. This system combines
contentbased and collaborative methods. De Campos compared
and contrasted both classic recommendation methods. Because
both of these systems have flaws, he presented a hybrid system
that combines Bayesian networks with collaborative
procedures. Kuelewska suggested clustering as a method for
dealing with suggestions. The centroid-based solution and
memory-based approaches for clustering were investigated. As
a consequence, precise suggestions were created. Chiru
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presented Movie Recommender, a system that generates
suggestions based on the user's history. In their work, Sharma
and Maan looked at several strategies for making
recommendations, including collaborative, hybrid, and
content-based suggestions. It also discusses the advantages and
disadvantages of different techniques. An inductive learning
method was introduced by Li and Yamada.

2.1 Materials and Methods

In this project, mainly uses machine learning using deep
learning approaches/algorithm such as collaborative
filtering matrix factorization and deep learning.

2.1.1 Generating Dataset

The movies dataset that we utilized in our tests came from
Yahoo Research Web scope. Yahoo! Movies User Ratings
and Yahoo! Descriptive Content Information, v.1.O. are
two files provided by the database. User ID, Movie ID, and
Ratings make up the 211231 entries in the Yahoo! Movies
Users Ratings file. The 54058 entries in the Yahoo!
Movies Descriptive Content Information file include
Movie ID, Title, Genre, Directors, Actors, and so on.

Mest #ated Vevun

Fig —2: Most Rated Movies

2.1.2 Recommender system technique

Approaches of Recommendation System Recommendation
system is usually classified on rating estimation

1. Collaborative Filtering system
2. Content-based system

3. Hybrid system

Comparable things to the ones the user enjoyed in the past
will be offered to the user in a content-based approach,
whilst items that similar group others with similar likes
and preferences will be recommended in a collaborative
filtering method. Hybrid systems that incorporate both

techniques in some ways have been developed to address
the limitations of both methodologies.

Model Construction - The recommender system was built
using the Mahout library. We employed the User Similarity
class in addition to the PearsonCorrelationSimilarity class
for user-based filtering, which employs the Pearson
Correlation Coefficient to assess the similarity of users'
evaluations; thus the preference.

The Pearson Correlation mathematical formula is shown in
Figure 3. The greater the correlation, the more closely the
decisions of the two users are connected.
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Fig -3: Pearson Correlation Coefficient formula.

r=

The User Neighborhood is calculated using a distance-based
clustering machine learning technique called
NearestNUserNeighborhood, where N is specified in the
programme code. The Nearest Neighbor algorithm looks for the
most similar data-points among the N closest data-points
around each data-point and groups them together.

To have a scalable and fault-resistant storage, the Item Based
recommender's findings are put into the Hadoop Distributed
File System (HDFS). Because, unlike items, user ratings must
be computed every time a recommendation is made, the User
Based recommender results must be computed every time a
recommendation is made.

2.1.3 Training and Testing

Any system, to be successful, must be thoroughly tested, and
well managed test plan should be prepared before actual testing
is being performed. “Modules” have been developed and need
to be tested in a manner that can reduce occurring of defects as
low as possible. Following are the activities we planned to test
the system.

1. This system is indeed an evolutionary system so every unit
of the system is continuously under testing phase.

2. One test activity “Basis Path Testing” that will try to cover
all paths in the system. This activity identifies all paths that
provide different functionality of the system, and also other
paths to reach at that functionality.

3. Other testing activity is” Control Structure Testing”, which
will test each and every condition with positive and
negative data combination.

4. This testing activity will also perform “Data Floe Testing”
in which it will be tested how the data re following the
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system. And will also check whether the data entered from
one procedure, is reflected whenever it requires or not.

5. All conditions will be tested with “Boundary Value
Analysis” where different input will be given to test whether
the system is functioning with boundary values or not.

6. Along with the boundary value analysis, the system is also
tested with “Range Value Tested” where editable values
will be tested with ranges of values.

7. The system is being tested in “Unit Testing” manner where
at the completion of one unit that is tested thoroughly with
above mentioned testing activities.

8. The integration testing will also be performed to ensure that
the integrated unit is working properly with other units or
not.

2.1.4 Performance Evaluation

This paper's movie recommender system makes it easier to
comprehend how a recommender system works. We examine
these techniques separately to assess the accuracy and
relevance of the findings generated by our system.
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Fig -4: Raw Output from Item Based Recommender

By mapping the Movie ID of Movie 1 and Movie 2 to their
names, we can compare the Item based similarity coefficient
values shown in Fig.4. We acquire the result displayed in Fig.5
by using Python panda’s libraries. As the table shows, films that
are related are given a higher similarity metric.

The AverageAbsoluteDifferenceRecommenderEvaluator is
used to assess the model for a user-based recommender system.
The training data is divided into test and train samples. The
rating predictions on test data are then compared to the actual
ratings indicated in the training data.

The raw result from the user-based filtering strategy is shown
in Fig.6. The algorithm suggests ten films to user (User 5) and
returns his closest neighbors who share his taste preferences. It

also forecasts the user's ratings for each movie suggested (User
5). The average absolute difference is zero, indicating that the
forecasts are correct.

The decisions based on the ratings of the suggested goods are
completely correct.
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Fig -5: Raw Output Recommender
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Fig -6: Recommended movies and the predicted rating score
(User Based)

Evaluation of Common Issues - The following difficulties are
always mentioned with recommender systems. We assess our
system in light of these concerns and offer an implementation
strategy to address them.

The New User Problem, for starters, is concerned with the
situation in which a new user is introduced to the recommender
system. He has yet to submit any ratings for any of the movies
in the system. This is referred to as a User Cold Start. One easy
option is to propose top-rated movies or movies that have just
been introduced to this new user.

Second, no new item is suggested, which is a source of worry.
It's what's known as an Item Cold Start issue. When a new film
is uploaded to the system, it does not yet have any ratings
attached to it. What is the best way to find it and suggest it?
One option may be to suggest films in the same genre as the
top-rated films. If the new film belongs to that genre, it will be
noticed. However, in order to achieve this goal, we will need to
create a system based on the film's genre.

Keeping these recognized difficulties aside, depending on the
infrastructure, any of the two ways may be employed. The
similarity calculation for item-based is enormous, on the scale
of MxM (M: total movies), but since it is static, we can perform
it offline and re-compute it only after a certain amount of time
has passed. On the other hand, since each user's neighborhood
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is dynamic with fresh ratings from other users, it is costly to
execute at runtime. As a result, the former needs cache data
storage, while the latter necessitates the use of a specialized
processing server.

3. Experimental Result

When the user clicks the "Generate Recommendation” button,
a list of movies based on his prior ratings will appear. If he isa
new user who has not yet rated any films, he is required to
utilise the "search" box to choose a random film or one that
piques his interest and rate at least six films. Only then, as seen
in Fig.7, will the "Generate Recommendation” button become

active.
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Fig -7: Search

Because the user is new and has not yet reviewed any films, he
enters the word "Harry" into the search box, and all films that
include the term "Harry" will display on the screen, as shown
in Figs. 8.
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The user then assigns ratings to these films based on his
preferences, as seen in Fig.9. In order to get suggestions, the
user must rate at least six films. The ‘Generate
Recommendations' option will be activated after he has rated

six or more movies; until then, it will stay disabled.
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Fig -9: Ii;ting Page

4. CONCLUSIONS

Instead of collaborative, a hybrid filtering strategy might be
used to improve the recommender system in the future.
According to recent studies, hybrid systems are more
successful and deliver more accurate suggestions. As a result,
hybrid systems would be preferable. To provide movie
recommendations, our technology takes into account user
ratings. More features, such as the film's genre, directors,
actors, and so on, may be explored in the future to make ideas.
In addition, instead of Mahout, a new framework called Apache
Prediction 10 might be used to create the system. The Apache
Prediction 10 is a machine learning server that builds Universal
Recommender System using the Apache Hadoop, Apache
Spark, Elastic Search, and Apache Hbase technology stack.
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