www.ijcrt.org © 2020 IJCRT | Volume 8, Issue 7 July 2020 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

éh INTERNATIONAL JOURNAL OF CREATIVE
” RESEARCH THOUGHTS (1JCRT)
@a% An International Open Access, Peer-reviewed, Refereed Journal

Movie recommendation system based on
Collaborative Filtering

1B. Venkataramana, 2Guguloth Ravinder, K. Helini

123 Assistant Professor

123 Department of Computer Science and Engineering,
12Holy Mary Institute of Technology & Science, Bogaram, Hyderabad, Telangana, India.
3Vignan’s Institute of Management and Technology for Women, Bogaram, Hyderabad, Telangana, India.

Abstract: Today’s web and app users request modified experiences. They anticipate the apps, news sites, social networks they engage
with to evoke who they are and what they’re fascinated in and make related, adjusted, and accurate commendations for new content and
new goods based on their earlier deeds. This can be done using Recommended Systems in Machine Learning. In this paper we use
Recommender System to recommend movies based on his previous ratings on movie he came across.
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. INTRODUCTION

As the business needs are accelerating, there is an increased dependence on extracting meaningful information from humongous
amount of raw data to drive business solutions. The same is true for digital recommendation systems which are becoming a norm for
consumer industries such as books, music, clothing, movies, news articles, places, utilities, etc. These systems collect information from
the users to improve the future suggestions.

With the eruption of big data, practical recommendation schemes are now very important in various fields, including e-commerce,
social networks, and a number of web-based services. Nowadays, there exist many personalized movie recommendation schemes utilizing
publicly available movie datasets (e.g., MovielLens and Netflix), and returning improved performance metrics (e.g., Root-Mean-Square
Error (RMSE)). However, two fundamental issues faced by movie recommendation systems are still neglected: first, scalability, and
second, practical usage feedback and verification based on real implementation. In particular, : Collaborative Filtering (CF) is one of
the major prevailing techniques for implementing recommendation systems. However, traditional CF schemes suffer from a time
complexity problem, which makes them bad candidates for real-world recommendation systems. Collaborative Filtering is the most
common technique used when it comes to building intelligent recommender systems that can learn to give better recommendations as more
information about users is collected.

Il. TYPES OF RECOMMENDATION SYSTEM

A Recommendation System is a software tool designed to make and deliver suggestions for things or content a user would like to
purchase. Using machine learning techniques and various data about individual products and individual users, the system creates an
advanced net of complex connections between those products and those people. These are a collection of algorithms used to recommend
items to users based on information taken from the user. These systems have become ubiquitous, and can be commonly seen in online
stores, movies databases and job finders. There are 3 types of recommendation systems

1. Popularity based recommendation engine

2. Content based recommendation engine

3. Collaborative filtering based recommendation engine
Popularity based recommendation engine:

Pearson correlation is invariant to scaling, i.e. multiplying all elements by a nonzero constant or adding any constant to all elements.
For example, if you have two vectors X and Y, then, pearson (X, Y) == pearson(X, 2 * Y + 3). This is a pretty important property in
recommendation systems because for example two users might rate two series of items totally different in terms of absolute rates, but
they would be similar users (i.e. with similar ideas) with similar rates in various scales.

Content based recommendation engine:

Content based recommendation engine takes in a movie that a user currently likes as input. Then it analyzes the contents of the
movie to find out other movies which have similar content. Then it ranks similar movies according to their similarity scores and
recommends the most relevant movies to the user.
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Collaborative filtering based recommendation engine:

Collaborative filtering based recommendation engine first tries to find similar users based on their activities and preferences. Now,
between these users (say, A and B) if user A has seen a movie that user B has not seen yet, then that movie gets recommended to user B
and vice-versa. In other words, the recommend-dations get filtered based on the collaboration between similar user’s preferences. One
typical application of this algorithm can be seen in the Amazon e-commerce platform, where you get to see the “Customers who viewed
this item also viewed” and “Customers who bought this item also bought™ list.

I1l. METHODOLOGY
In this section, we will invoke the data, preprocess the data and visualize the data.

3.1 Data and its features

The datasets used in this system is taken from “GroupLens” namely “movie.csv” and “rating.csv”’. The movie.csv contains features
like movieid, movie name and its genre. The rating dataset contains features like userid, movieid and rating given by the user to that
movie.
First thing to do is to import necessary libraries as shown in Fig 1. Then we should invoke data from the datasets using pandas as shown
in Fig 2. The features of the datasets are presented in Fig 3 and Fig 4.

e et . N
#Dataframe manipulation Library

import pandas as pd
import numpy as np ‘

#Math functions L s = il o Pt s Dttt Fcomenfti St
from math import sqrt ; s

57 e pep] A 11008 = 46 Mase ()1 E neact ar
#Visualizing [ SRR ) RET R S SR S

import plotly.express as px

Fig 1: Importing libraries Fig 2: Invoking data

#features of rating dataset

ratings.head()}

mavishd it gerrss
userid mowvield rating timestamp

0 1 Tor Stary {1995  Adveshireisimsfioni ChidreniConedyFaniasy
[u] 1 2956 5.0 1147830044

1 2z Jumang {19% Afverfirsi Chidren Farias;
1 1 306 3.5 1147868817

2 3 Grumpier Oid Mes {195 ComagyRamance
: 2 1 307 5.0 11478368328
3 4 fatng to Exhalz {1995 ComesyiDramz Romance 3 1 665 50 1147878820
4 5 Fafherof he Bode Part 1 {1995 Comedy 4 1 200 35 11472582510

Fig 3: Features of movie dataset Fig 4: Features of rating dataset

3.2 Data Prepossessing

Data preparation is the first step in data analytics projects and can include many discrete tasks such as loading data or data ingestion,
data fusion, data cleaning, data augmentation, and data delivery. In movie data we can remove year from the title feature and add a
column of it to the dataset. This is shown in Fig 5.

ning of mouvi feate ¢
rting Ve

‘ title wn
movies,.title.sTtr . extrac

movies['yeor (NANANANAN) ) ' L expand=False)
Nemoving tin ey rrehs
movien| “yenr ] moviea.yesar.xtr.extract{ ‘ (\d\di\d\d) ' ,expand-TFalus)
R ey 7 thye Ve ear f N tihe rficie ‘ 4
movies['tiv] 1 movies,tivle,.str, repl INANANANDY ', ")
AARp Ly g Cha trdp functilon Jet i 1rey et dirng whitespe P U R O meay N e crrared
moviesn[ ‘titlie") movies| ‘title’' |.apply(lambda x: x.strip))
wimodt fied movie data
movies.head()
movield tite aonros voor
o 1 Toy Story  AdventurelAnimation Children|Comedy|[Fantasy 1004
1 2 Jumanj Adventure|ChildreniFantacy 1905
2 ] Grumpler Old Men ComedylRamance 1904
3 1 Walting to Exhale ComedylDramaiRomance 1996
4 6 Father of the Bride Part 1| Comedy 1966

Fig 5: Preprocessing of movie dataset

In collaborative recommended system there is no need of genre so we can drop genre column from the movie dataset. After dropping
the genre column from the movie dataset the final dataset in shown in Fig 6. Now coming to rating dataset we can drop a feature called
‘timestamp’ as it is not used in the system. The final rating dataset is shown in Fig 7.
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mowvield title year
userld mowvield rating

i} 1 Toy Story 1995
0 1 206 5.0
1 2 Jumanji 1995 1 1 205 35
2 3 Grumpier Old Men 1995 2 1 207 5.0
3 4 Waiting to Exhale 1995 3 1 555 5.0
4 5 [Father of the Bride Part Il 1995 4 1 S99 3.5

Fig 6: Final movie dataset Fig 7: Final rating dataset.

3.3 Data Visualization

Data visualization is the graphical representation of information and data. By using visual elements like charts, graphs, and maps, data
visualization tools provide an accessible way to see and understand trends, outliers, and patterns in data. The statistical analysis of no .of
movies are rated for a rate can be show by using histogram as shown in Fig 8.

d
,,I ' I el I A i I "

rating

Fig 8: Statistical analysis of rating.

IV. COLLABORATIVE RECOMMENDATION SYSTEM
Now let’s start working on Collaborative recommendation System which is also known as User-User recommendation system. This
technique uses other users to recommend items to the input user. It attempts to find users that have similar preferences and opinions as the
input and then recommends items that they have liked to the input. There are several methods of finding similar users and the one we will
be using here is going to be based on the Pearson Correlation Function. The process of creating a Collaborative system is as follows:
e  Select a user with the movies the user has watched
e Based on his rating to movies, find the top X neighbors
e  Get the watched movie record of the user for each neighbor.
e Calculate a similarity score using some formula
e Recommend the items with the highest score
Let's begin by creating an input user to recommend movies and is shown in the following Fig 9.

UunerInput

P sl o oy 3

L
i ' > - i =
tie e z " Ace Vet s Vilvee s fNestuanre Ceeldl ey frme il PO T S S
L4 . .
* %3

1
Lrputifoy e pd . Datarcome(userTogput )

Lnputiiaovies tnputMoviec[ [ ' title < Smttre 13
LtrnputMlovies

tithe fmring

T amat sk aa
GoldenCyes 3.7

Ace Vanture VWhen Mature Calfls - 0

o UN S

Leaving Las Veuas "o

aano "G

Fig 9: User’s data

With the input complete, let's extract the input movies ID's from the movies Dataframe and add them into it. We can achieve this by
first filtering out the rows that contain the input movies' title and then merging this subset with the input Dataframe. We also drop
unnecessary columns for the input to save memory space. The DataFrame after adding the movie id is shown in Fig 10. With the help of
specified user’s data we should find the users who gave the rating for the movies of the specified user’s data. This is shown in Fig 11.

The statistical way to represent he no of user rated for each of the movie selected by one user is shown in fig 12. The rating given by 3
users is shown in Fig 13.
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1 ‘usarSubset = ratings|ratings| ‘movicld']. isin{inputiioudes 'muield’ | tolist(])]

movield title year rating wrSaberk P
0 8 Tom and Huck 1985 44
1 10 Goldenye 1995 37 o ok oy
# 5 8 4
2 13 Balto 1935 45 & 7 N 5l
3 19 Ace Ventura: When Nalure Calls 1995 40 P B o9
4 25 Leaving Las Vegas 1395 5.0 L A
e 9w 3
Fig 10: User’s data with movieid Fig 11: Users how rated for the movies rated by one user
1 userSebsstGroup[2:3]
userId mowicld rating
- 8338 3 3.8
6838 18 5.8
5839 13 3.2
1 333 13 5.2
: 8833 25 3.8), {6278, userid =ovield rating
i3 8278 8 3.8
: 8278 13 3.2
r i3 3.8
- 12 3.8
25 1.8}, (17704, userid wovisid rating
B 3.8
= eooeay 15 18
2 Yoty Mhe Moo CF -y " 2~ " el ® 23 4',3:-,:
Fig 12: Movies vs no. of ratings Fig 13: Ratings of 3 users

Next, we are going to compare all users to our specified user and find the one that is most similar we're going to find out how similar
each user is to the input through the Pearson Correlation Coefficient. It is used to measure the strength of a linear association between two
variables. The formula for finding this coefficient between sets X and Y with N values can be seen in the Fig 14.

n(Txy) - (Zx)(Xy)
N [nEx2 - (2021 [ nEy? - (Sy 2]

Fig 14: Pearson Correlation formulae

Now, we calculate the Pearson Correlation between input user and subset group, and store it in a dictionary, where the key is the user
Id and the value is the coefficient. This process is shown in Fig 15 and the output dictionary is shown in Fig 16.-

pearsonCorrelationDict » {}

#ror every user group in our subset

for name, group in userSubsetGroup:

1 #let's start By sorting the input and current user group 5o the values aren't mixed up Later on

group = group.sort_values(by='movieId')
inputMovies « inputMovies.sort_values(by«'movield')
#Get the N For the formula
nRatings = len(group)

#Get the review scores for the movies that they both have in common
1 temp_df » inputMovies[inputMovies|'movield’].isin(group[ 'movield'], . tolist())]
11 #And then store them in o temporary buffer variable in ¢ List format to facilitate future calculations
1 tempRatinglist « temp_df['rating’'].tolist()
1 #let's also put the current user group reviews (n a List format

tempGroupList = group['rating’'].tolist()
#Now Let's calculate the pearson correlation between two users, 0 called, x and y
Sxx = sum([47*2 for 4 in tempRatinglist]) - pow(sun(tempRatinglist),2)/float(nRatings)
Syy = sum([i"*2 for i in tempGrouplist]) - pow(sum(tempGrouplList),2)/float(nRatings)
Sxy sum( i"§ for i, § in zip(tempRatingList, tempOroupList)) - sum(tempRatinglist)"sum(tempGroupList)/float(nRatings)
] #If the depominator is different than zero, then divide, else, 8 correlation.
if Sxx !« © and Syy !« &1
pearsonCorrelationDict[name] « Sxy/sqrt(Sxx*Syy)
else!
pearsonCarrelationDict[name] -~ @

Fig 15: Process of Pearson Correlation

Now we should extract top 50 users who are similar to the specified user. After extracting the users we start recommending movies to
the input user. This is done by taking the weighted average of the ratings of the movies using the Pearson Correlation as the weight. But
to do this, we first need to get the movies watched by the users and store their correlation in a new column called “_similaritylndex" as
shown in Fig 17.
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pearsonCorralationDict.ttams()

dict_items([(6OI0, -0.0632040710655120), (6278, -0.764A0661GOLII04A0D), (17794, A.655A971GO07AGIIZ), (20162, -0.673300490341417
8), (27128, 9.406765514981306610), (27466, @.57500RB0G77710370), (279A7, ©,A149448694G660065), (28220, ©,764RG6L6NININARG), (28598,
~0,07214791053658505) , (20111, -0,1322711693170669), (31171, ©,05510387687779297), (31720, @,78277981 g ), (37435, @), (39
848, ©O,22846838336584127), (39863, -0,37059464702168443), (39896, -0,0a6436090583873595), (40126, 0,4938107219990781), (41879,
©0,3500570169328679), (45511, -0.202464%7179905544), (4BBAS, -0.2474%660050021%3%), (489D1, O,5335309036479428), (49403, -0.2041
BEG77I017443), (49564, O.05008050275543074), (%0403, 0.05510387687778736), (54213, 0.60973770605320%42), (54353, O.10670173254%2
6316G), (%4932, 0.7CA0GG1601310%), (57540, -0.G403311040202437), (57779, -0.029042203130600036), (50028, ©), (GEIBH, O.146224412
BG640135), (G042, 9.3AGH9I7VIEHEI2G7907), (61520, ©,0R998425413316777), (6SI7O, -0.220416507511202), (67762, ©.2845551966122261
6), (76884, -0,022495606 (80149, ©,01764726414388899), (80574, 0,12857571271486326), (83094, -0,2885916421462272),
(83471, @,20246457179964104), (84658, 0.4161771752659062), (88230, -0,6434715409478930), (88886, -0,0705894568785591), (90607,
0.%2908367720682716), (DE28%, 0,91403355946600067), (D623, 0.05%103876877707244), (102371, O.7648661601919%), (102408, -0.7004
544%36007303), (116178, ©.212279271240%4022), (117967, O.2587047306328%5870), (11891%, 0.697377960%5320007), (122011, 0.0%5103876
67779397), (125008, 0.20246457170963945), (132131, 0.120%7571271406326), (137014, ©.6061426456557027), (13763%, ©.7113079915305
a%4), (1IRD99, O.56A1IIVRO7AG4GEE), (141814, ©.22084GRABRIAGEAAL27), (146308, 0,6671520774636233), (153740, ©.7714542762691808),
(154483, 0,3599370165326783), (155194, ©,04107200484084886), (1748, -0,148249086323221754), (1920, ©,6126602 82539), (2650, -
O, B509620433967547), (2982, -~0,214285714238570167), (2128, 0,60401630111485%36), L 6245676188027046), (3960, -0,21a2857142
B871183), (4100, -0.%443310%305181%7), (4458, 0.32061214042233238), (4496, O), B71BEA02824507), (6658, 0,107532773203
45253), (6600, -0.G34091496043821), (7004, -0.4040010178200820%), (7497, O,3490271081118608), (7985, O.BOOO3IB2A7AD7ESSS), (932
%, ©.40406101702000802), (9620, 0.9PCGA1%91PES5I042), (10633, -0.6111607442671949), (10043, 0.55215763I0374235), (11305, -©.447736
O4146723067), (11794, ©,407I159230086397), (12899, ©.995361049025R042), (12960, O,.46577IARGEAGRO7R), (12905, @,4574067109978000
2), (13671, 0), (14534, 0,4949043014781324), (15095, -0,4622989472437571), (15580, 0,31491448177782866), (16494, ©,308093637724
11136), (16881, 0, 6185895741317435), (17729, O.8509629433067892), (17988, 0, 326221404223328), (18085, 0,01548759746448698), (18
446, 0.23758365480080332), (18679, 0.1%409964008124%507), (19455, -0.41714079719338787), (19566, O,85164965809277277)])

Fig 16: Dictionary containing userid and coefficients

similaritylndex  userld movield rating

0 0.996416 9620 1 4.0
1 0.996416 9820 2 4.0
2 0.996416 9620 3 3.0
3 0.996416 9620 4 20
4 0.996416 9620 3 3.0

Fig 17: Finding similarity index

Now all we need to do is simply multiply the movie rating by its weight (The similarity index), then sum up the new ratings and
divide it by the sum of the weights. The entire process of finding the movies according to weighted average recommendation
score is shown in Fig 18.

il tiplies the {imilarity by the user's ratings

topUsersRating[ 'welghtedRating'] « topUsersRating('similarityIndex' |*topusersRating('rating']

#Appliles a sum to the topUsers after grouping 1t up by userld
1 tempTopUsersRating topUsersRating.groupby( 'movield’ ) .sum()[[‘similarityIndex’, 'weightedirating']]
S tempTopUsersRating.columns = ['sum_similarityindex','sum_weightedRating']

#Creates an empty datafrome

recommendation_df « pd.DataFrame()

#Now e take the welghted average

recommendation_df[ ‘weighted aversge recommendation score'] = tempTopUsersRating['sum weightedRating']/tempTopUsersRating|
recommendation_df.head()

o et noore
movield
1 3.883503
2 3363070
3 3051702
4 3275593
5 3.000685

Fig 18: process of finding the movies for recommendation.

V. CONCLUSION
By using Content-Based Recommended System we predicted top 20 movies based on the requirements of the user and the output is
shown in Fig 19. This is to conclude that collaboration recommended system in this paper is very helpful to study the priorities of the
customer and recommend movies based on similar users who rated the movies of the customer.

miovield title wear

T43 759 Maya Lin: A Strong Clear Vision 1994
1674 1633 Ulee's Gold 1987
3019 3Nz ‘night Mother 1936
3039 3132 Daddy Long Legs 1915
3351 3447 Good Earth, The 1937
3714 38316 Official Story, The (La historia oficial) 1955
5171 5279 Impromptu 1991
T416 7716 Lonely Guy, The 1534
11061 47952 Covenant, The 2006
23516 118302 The Pokrovsky Gates 1983

Fig 19: Top 10 recommended movies
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