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Abstract: The project deals with the idea of a Movie Recommendation System, which itself is one of the key tools being deployed
across various OTT and Social Media platforms that serve the purpose of engaging a customer of a particular service to stick to
their platform service by consuming more relevant content. Primarily the crucial factor to boost the momentum of the
Recommendation Systems date back to the emergence of Search Engines (as a part of everyday lives). These search engines
make use of multiple algorithms to page and derive the useful results by indexing every page of a hosted/ live site. Due to these
technological advancements, there has been a burgeoning of data, which is being generated at every mill-second from numerous
streams and multitudes across various fields. While the utility of platforms - like the afore mentioned - give rise to Historical
Data, where the behavioural traits of multiple users give scope to Clustering upon a set of distinct characteristics. One such
method to suggest (or) recommend movies to online users is to utilize the already available historical data. Within its entirety the
Recommendation Systems have become one of the most prominent tools within the Machine Learning framework, serving
various industries and sectors. Our project uses the already available Historical Data downloaded from Kaggle and develops the
Voice Assisted Approach to feed input to our Movie Recommendation System.

Keywords: Movie Recommendation System, User-based Collaborative Filtering, Voice Assistant, Pearson’s Correlation,
Historical Data, Speech Recognition, Tkinter, Data Visualization

I. INTRODUCTION
Given the fact that there are huge number of movies available in various parts of the world, it can be quite challenging for a user to
find the appropriate movies suitable for his/her tastes. Every individual may have affinity towards different genres and movies that
as a person would be their choice of preference. There is clearly a distinction between every individual. There is merely any chance
that there is a 100% similarity between any set of users, but still there is a correlation that exists to some extent which can be
lucrative for smart decision oriented predictive outcomes. Different users like different movies or actors. Likewise, it is important to
find a method of filtering irrelevant movies and/or find a set of relevant movies.
The answer to the above tasks is Movie Recommendation System. A system that has the capability to perform the above tasks
effectively has a scope for immense implications in the present world and market. To grasp a clear understanding, the average
human attention span around the globe has been decreasing greatly, simultaneously the level of entertainment related tools and
platforms are growing rapidly, in such a manner that makes it tough to spend some time to organize and quantitatively analyse and
filter out our needs from the already developed massive pool of choices. Such a system i.e., Recommendation System are being
endorsed in every single field around the world. Adding with the success of these systems in different sectors and domains, made
them a prominent tool against hitherto existing ones. Recommendation systems are being utilized in different domains such as
online OTT, bookstores, TV programs, jokes, news articles. It is one of the most important research in the digital television domain
[1] currently and have the scope as the rise of decentralized form of internet is posing a huge potential of growth as the need to
tackle the next Big Data will require smart and decentralized working algorithms, although there could be intrinsic cons to this
statement*.
The most well-known recommendation systems are mainly based on User-based Collaborative Filtering (UbCF) [2] and Content-
based Filtering (CF) [3]. UbCF first tries to find out the groups of similar users automatically from a set of active users. The
similarities between users are computed using correlation measure. It then recommends items to a user based on the opinions of the
user groups [1]. In this paper, we propose User-based Collaborative Filtering method for the movie recommendation using
Pearson’s correlation technique. We have implemented the above methodology by inputting our system using a Voice Assistant —
Speech recognition for input and Pyttsx3 for making the virtual assistant speak out — mode wherein we will utilize the concerned
modules for a virtually handsfree experience.
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The effectiveness of our system demonstrated using Kaggle originated Movies and Ratings Data Sets (MovieLens — University of
Minnesota) [4]. The rest of this paper is organized as follows. In Section Il we discuss the Related Work. In Section 111, we define
the process of Implementation & Architecture. In Section 1V, we discuss Subjective Understanding by considering a practical
example. In Section V, we brief the experimental results we have obtained and discuss various issues related to the system. In
Section VI, we conclude the paper with a direction of future work.

Il. RECOMMENDATION SYSTEMS
Recommender/ recommendation systems are the systems that are particularly developed and designed to suggest (or) recommend

items to a particular user based on various factors. The purpose of these systems is to recommend the probable item that a user
would be mostly interested to consume (or) purchase next. Multiple MNCs have been utilizing these systems to a vast measure that
contribute to a huge share of revenue as they serve the purpose of retaining the customer. Companies like Netflix, Amazon, etc., are
famously known for their advance recommendation systems that have been historically accurate to predict the user’s next likely
purchase or item for consumption i.e., a relevant content — in our case the movies on OTTs. The recommender systems in layman
terms, are bound to deal with large amounts of data, which is then filtered based on multiple intrinsic factors and other core
information that serves the purpose. Our paper is focused on User-based Collaborative Recommendation System; hence in our next
section we will focus on the theoretical aspects behind it.

I1I.LRELATED WORK
Collaborative filtering recommender system has been inculcated into the science and research spectrum very much in today’s world.
Historically, the need for efficient systems proposing the items in recommended form garnered momentum as the advent of
technology grew rapidly.
The first ever recommendation system was introduced as a proposal in the late 1990s [6]. The spark which gave rise to these
systems was the result of the elevated Tapestry Project in the year 1992 [5]. Since then, the field evolved into an active area of focus
where immense contributions by various researchers and scientists were seen. It became a hub of research advent for Data Scientists,
as the growth of data had become a booming incentive-oriented choice for explorations within the multitude of these systems. It
primarily roots from the extensive application and development in the fields of cognitive science, approximation theory, information
retrieval, forecasting theories and even market analysis and predictions [6].
In today’s modern world, Recommender systems have been developed and evolved, and have primarily adopted the below three
widely utilized approaches:

A. Clustering based Algorithms
B. Filtering Algorithms
C. Content/ feature-oriented Filtering

Clustering based approach functions on the basis of segregation of the given set of elements in a particular sample space into
clusters. The key here is to key characteristics that uniquely identify and bind a certain set of elements together. The aim is to
minimize the variance between elements and categorically aligning them to a cluster for further processing and fitting. These
algorithms are used in scalability related problems that need some assured level of accuracy bounded to the outcome [7].

Filtering algorithms utilize an N-dimensional vector space, where N being the number of unique entities. The Positive values in the
space synchronise with the positive user input, and vice versa for negative inputs also. Whenever there is a correlation established
between a group of entities, we obtain a pattern that enables indicators that might be of interest to the end user in understanding the
output’s relation with the input [8].

Thus, the users (present in the historical data) who correlate with the end user are known as neighbours and concluded to have
‘similar tastes” between them.

Content/ feature-oriented algorithms are known to have a much more intrinsic insight as the later focuses of the history of a
particular user’s engagement in a platform. It takes input as a form of query and suggests items based on the historical data only of
that end user. Characteristics like ratings, engagement (in hours/ minutes), frequency of items on the basis of actors, directors (or
features that are applicable to delude and derive a unique proposition factor that appeals the end user) [3].
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IV.IMPLEMENTATION AND ARCHITECTURE
The architecture of our recommendation system consists of three main segments.
1) Speech Recognition Module for Input.
2) Movie Recommendation System Segment.
3) Pyttsx3 (text-to-speech) module for Output.

) Pearson's
F"”CF;‘;’; Caliing > '"‘;‘1“ I;;-alqatuon Correlation Pyttsx3 Module
(MRS) Viechanism Execution (Output)
Speech Features:
Recognition ’ IMdB Ratings &
Module Filtered Data Table Distinct User
(Input) | Count Charts,
L e Summary of
A Movies
v
’ Rectified Data Frame
Indexin
dexing Output - head(10)

\ Pivoted Table /
//

User

Figure: 3.1 Underlying Architecture of the proposed system.

The implementation of the above architecture is carried out by undergoing a series of essential steps ranging from obtaining the data,
collecting, rectifying, and merging them upon our interests for the project.

A. Data Collection:
This is a crucial step where the datasets are obtained from various potential sources. In our case, we obtained it from Kaggle.

However, the datasets were originally developed by University of Minnesota and called as MovieLens Datasets.

1) Movies Data Set

movield title genres
0 1 Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy
1 2 Jumanji (1995) Adventure|Children|Fantasy
2 3 Grumpier Old Men (1995) Comedy|Romance
3 - Waiting to Exhale (1995) Comedy|Drama|Romance
4 5 Father of the Bride Part Il (1995) Comedy

Table: 1 Movies Data Set consisting of three main features

2) Ratings Data Set

userld movield rating timestamp
0 1 1 4.0 964982703
1 1 3 4.0 964981247
2 1 6 4.0 964982224
3 1 47 5.0 964983815
4 1 50 5.0 964982931

Table: 2 Ratings Data Set consisting of four main features

The feature movield is the common amongst both the data sets and it is the key for our further study.
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B. Data Pre-processing

userld movield rating timestamp title genres
0 1 1 4.0 964982703 Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy
1 5 1 4.0 847434962 Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy
2 7 1 4.5 1106635946 Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy
3 15 1 2.5 1510577970 Toy Story (1995) Adventure|Animation|Children|Comedy|Fantasy

Table: 3 Merged Data Frame — Two data sets

It involves pre-processing the datasets for overlook and analysing the descriptive features and removing unnecessary features for
better utility. The target in this step is to transform our datasets into a human understandable and clear-cut format for better
comprehension such that it could be relatively easier to work on the data sets. We have imported the datasets and merged them on
‘movield’ column/feature and made them ready for visualizing and further performance.

C. Data Analysis
1) Heatmap

wserid movield mtng tmestamp

Figure: 3.2 Correlation Heatmap on features of merged dataframe.

It is a correlation based map that indicates the relationship between two features in a particular data frame, thereby helping us with
our further analysis. In this case, we can see there is higher possibility of correlation between movield and timestamp.

2) Average Movie Ratings Plot

1000

00

vies

a0

1 2 3 4
Ratings

Figure: 3.3 Histogram of Average Ratings of movies — with ratings ranging from 0 to 5. Total No. of Movies: 9742

It is to be noted that integer ratings are the highest. Reason: less users watching certain movies etc.
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3) Number of Users V/s Average Movie Ratings — Seaborn Joint Plot
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Figure: 3.4 Visualizing the Average movie ratings from 0 to 5 and the count of users who have rated these. It briefs us the
demographic view for an overall understanding of the data.

After performing the Data Analysis and Visualizing them for our convenience we are capable to proceed our study further and
develop the system.

D. Generating Pivot Table

'Hellboy": "Til 'Tis the . .

. e ‘Round ‘Salem's There Season ‘burbs, "night (500) batteries

. 71 Ay Days of not
title (2014) Seeds of Midnight Lot Was for The Mother Summer included -

Creation (1986) (2004) You Love (1989) (1986) (2009) (1987)

(2004) (1997)  (2015)
userld

1 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN ..

2 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN

3 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN

4 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN

5 NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN

Table: 4 The above Pivot Table consists of occasional values of ratings in place of NaN.
It states the number of ratings a particular user has given to those number of movies.
It helps us indicating the number of movies a particular user has watched.

E. Systematic Study of the Architecture
1) Speech Recognition Module for Input

Welcome to Movie Recommendation System. Please tell me the index or name of the movie that you have watched.

listening...
223
<class 'int'>

Figure: 3.5 listener() method implementation.

Speech: “Welcome to Movie....

Input: 223

It is developed using the “speech_recognition” package available open source and deployed for recognizing the user input. For it, we
need to create listener object and use it with microphone as our source to input. Upon input, the function present in the code segment
is called and processed into the MRS segment.
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2) Movie Recommendation System Segment: After the processed input is sent to the function, it is evaluated for its type — either
integer or character i.e., Movie’s Index Number or its Full Name — and then indexed in the pivoted table. Now it is correlated
using the “N.corrwith(target)’ method, where N is the already existent pivoted table and ‘target’ is the inputted table which is
evaluated for performing the recommendation operation. The data obtained is now filtered collaboratively and rectified for a
proper data frame.

3) Pyttsx3 (text-to-speech) module for Output
Correlation
title
Coneheads (1993)
Waterworld (1985)
Three Musketeers, The (1993)
Losing Isaiah (1995)
Father of the Bride Part II (1995)
RoboCop 3 (1993)
Kiss of Death (1995)
Pretty Woman (19%0)
Casper (1995)
Cliffhanger (1993)

Figure: 3.6 Output that is read out by voice assistant module. Index No. 223.

[ e O
PO OOOOO®OO®

[
©

The above module is also known as text-to-speech module which basically converts the content generated by the MRS i.e., the data
frame given above into speech output. Every single record of the columns is read out in our proposed system, and by adding more
features on the need to-do basis we can expand the project’s outcome criteria further.

V. SUBJECTIVE UNDERSTANDING

A. Foundation for User-based Collaborative Filtering:
1) Pearson’s Correlation Formula

Nt e
\/Z(mi‘i'3)22(yr'§/)2 | Iy

T = correlation coefficient

0<p <t p=+1 p=0

Ti = values of the x-variable in a sample
T =mean of the values of the x-variable

Yi = values of the y-variable in a sample

Y = mean of the values of the y-variable —

Figure: 4.1&4.2 Pearson’s Formula/ Linear Impact of Pearson’s Coefficient (‘r’ or p) in a 2-D plane.

a) Using the above formula our hypothesis to find the similarities can be engendered further by scaling the outcome on a range of -
1 to 1. With 1 showing the highest similarity correlation.

b) It is one of the most widely used methodologies in statistics and it is used to colloquially measure the strength and direction of a
linear relationship between two variables. Values always range between -1 (strong negative relationship) and +1 (strong
positive relationship), and the symbol to demonstrate it is ‘p’, or ‘r’ or Sim(X, Y).

c) Inthe above formula ‘r’ is defined as the correlation coefficient and also can be categorized as Similarity Coefficient — Sim(a, b)
— between two elements or users. On the right side, we see the impact of p in xy-plane.
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B. Practical Implementation using an Example
1) Let us consider a set of 4 Users —Al, A2, A3 and Joe. And each of these users have watched a union of 4 movies. Wherein
each person might have watched only 1 movie to all 4. *?” indicates that the user hasn’t watched the particular movie.

Avengers Hulk The Girl Next Door Forrest Gump

A1l Y Y N N
A2 Y N Y Y
A3 Y Y N Y
Joe ? Y ? ?

Table: 5 Users and their ratings for movies

2) Now our target user is Joe, and he wants us to recommended him the next movie by utilizing the collaborative filtering. From
the above-mentioned users, we will follow a voting-based approach to be implemented in the formula. We shall assign 1 to Y’
and 0 to “N’, and mark the Similarity Coefficient between each and every user in every particular movie.

The steps we follow are:

1) Detecting the 1’s in movie column we just watched. This is known as Knowledge-Filtering so that we can perform our
operation to find the similarities between these users.

2) From the above example, we have found Al and A3 have ‘Y’ in the movie ‘Hulk’ and hence we will work on it only.

3) Then we will assign votes to each movie within the scope of Al and A3.

4) Finally, the movie with highest number of votes will be recommended first.

Avengers Hulk The Girl Next Door Forrest Gump

A1 ) ( Y N N

A2 Y N Y Y

A3 ) Y N Y

Joe ? Y ? ?
2 votes 0 votes 1 vote

Table: 6 Voting between the movies within the scope of filtered users.

5) After evaluating the votes, the movie with highest number of votes = in our case ‘Avengers’ (with 2 votes) is going to be
recommended first, followed by *Forrest Gump’ and “The Girl Next Door’.

6) These are calculated with the Similarity Coefficient i.e.; the Pearson’s Formula is rectified in the form of Similarity
Relationship. It is represented as follows,

. Z (T —T )(‘rab_f()
Sim(a,b) = e —
\/Z(Tap_ra) \/2(7'b7)_rf))
Tup : Tating of user u against item p
p:items
Therefore, we obtain the output of recommended list along with the coefficient,

Correlation
title
Avengers 1.0
Forrest Gump 0.5
The Girl Next Door 0.0

Table: 7 Correlation Table stating the Recommended Movies as output. Type=SeriesObject.
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C. Examining Voice Modules:
1) Pyttsx3 (text-to-speech) Module

. Text | Intonation | Wave Form .
Analysis > > Generation
Text Utterance Utterance Speech
Composed Composed
of Words Linguistic of Phonemes

Analysis

Figure: 4.3 In-built workflow architecture of a text-to-speech module — Pyttsx3

2) Speech Recognition Module
Speech Utterance

W Acoustic Model
l Feature v

. vector . Hypothesized
Acoustic Search Algorithm | W (flr I()i /Phoneme
Front-end (Decoder)

A
Language Lexicon
Model

Figure: 4.4 In-built workflow architecture of the Speech Recognition module

VI.RESULTS AND DISCUSSIONS

A. Resultant Crux Points

In the given Movie Recommendation System, we have developed the technique where the MovieLens Data Sets have been

optimally utilized for building the tool. The overall project has been an amalgamation of the Movie Recommendation System based

process and Voice Assistant based modules. It has been built in such a way that there is no requirement for a user to input other than
the voice input. Below is the list of executive steps that have been carried out to build our project successfully under certain
systematic constraints:

1) Collective action of Data being gathered. Useful data with key features have been obtained.

2) Performed the Data Pre-processing step with feature evaluation, converting them into data frames and manipulating existing
features according to our convenience and traversing them for user appropriacy.

3) Merging the data frames based on a primary key between the two of the previously exercised datasets.

4) Carried out a Data Analysis based on the ratings feature and plotting the obtained results on a graph. We have briefly made the
Heatmaps based correlation visible and utilized Joint plotting technique to further excel our understanding of the data.

5) Displayed a maximum list of movies along with its index by using ‘.set_maximum()’ method in the Pandas library for choosing
a movie of our choice i.e., the movie we watched.

6) Built a Pivot table made using the distinction of User Watched Movies, and aired to an understanding that converting ratings as
a measure to understand that a user has watched a movie. Finally, used the Pivot table as the base for our further correlation of
the system in various instances of inputs as movies, either as its name or its index.

7) Implemented the Speech Recognition module using its listener class object and gave the input to the Movie Recommendation
System - that we have developed as a part of a function — using the Microphone as a source. It is however suggestable to use a
proper microphone to avoid infiltration of unnecessary noise sounds into the system.
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8) The data that was inputted to the system is converted into a pivot table having only that one particular movie feature and its
corresponding user data as records, and then it is correlated with the existing major pivot table.

9) The correlated data is streamlined to form a data frame and sent in to the instance of the Pyttsx3 module as the input which then
gives us the output in the form of speech.

10) The Pyttsx3 module has ‘say()” method which reads out the human understandable data that is given to it.

11) After these evaluation-based exchanges and implications, we conclude that our project of Movie Recommendation System
based on a VVoice Assistant approach has been successfully completed.

B. Discussions on Future Enhancements

Beginning with the scale of these systems being utilized in today’s world we can realise the prominence that they have engraved
into the fields of Entertainment, IT, Health Industry and e-commerce etc. This is solely because of the increasing and growing
markets around the globe. The momentum that we are witnessing the potential boom of continuous generation of data has become a
lucrative yet competitive challenge for many stakeholders. The rightful and efficient entity that makes effective utility of these
systems has more chances to become a major player in the market. If we consider the scope of these systems in terms of
technological perspective, we have to grab an onsite look over the amount of research happening around the various laboratories.
There is a tremendous scope to these systems as the advent of decentralized inter-networking has brought a paradigm shift in the
way we have to implement any system. The need for resources has grown multiple fold and there is a rapid need for computational
capacities as the corresponding data being generated is very vast in quantity. As new business entities tend to adopt these systems
into their Customer Reach and Relationship Management Divisions the more challenging and competitive, they tend to become. The
need to suit their type of customer base makes it reasonable to invest into making the system precise in terms of the type of inputs
we provide. We can provide more demographical information such as nationality, location, race, mother-tongue etc., to make the
system more intrinsic to the platform provided by the business entity [4].

VII. CONCLUSION

In this paper, we have successfully developed a Voice Assistant based Movie Recommendation System that utilizes Pearson’s
Correlation Methodology to derive a User-based Collaborative Filtering which is our faction to perpetuate the systemic
implementation of this system. Using this system, we have built a framework approach to systematically get a recommendation of
movies that would be of our interests based on the working that we have executed over the Historical User Data from the
MovieLens. We have made a tool that takes in voice-based input from the user, wherein the input can be of index value of any
particular movie that he/she has watched or would like to be recommended based on it, or directly the name of the movie itself. The
user can give voice input consisting of only few words of the movie and the system will automatically present the output by tallying
those keyword inputs in the existing list of movie titles. Apart from the core operations as mentioned above, the project also
performed an in-depth EDA over the data after pre-processing it, and displayed the charts consisting of distinct number of movies
with their corresponding ratings. It was implemented using Histogram and Joint plotting techniques. Heatmaps and describe
methods for better understanding of the data during the pre-processing stage. Finally, it can be understood that our study over the
Movie Recommendation System Using Automated Voice Assistant feature is viable for multiple future enhancements and can be
accessed as a utility tool for various fields and sectors as per the requirements generated by the concerned party. We have assessed
these points in the discussions part of the previous section
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