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Abstract Recommendation system has become of utmost importance during the
last decade. It is due to the fact that a good recommender system can help assist
people in their decision-making process on the daily basis. When it comes to movie,
collaborative recommendation tries to assist the users by using help of similar type of
users or movies from their common historical ratings. Genre is one of the major meta
tag used to classify similar type of movies, as these genre are binary in nature they
might not be the best way to recommend. In this paper, a hybrid model is proposed
which utilizes genomic tags of movie coupled with the content-based filtering to rec-
ommend similar movies. It uses principal component analysis (PCA) and Pearson
correlation techniques to reduce the tags which are redundant and show low propor-
tion of variance, hence reducing the computation complexity. Initial results prove
that genomic tags give the better result in terms of finding similar type of movies,
and give more accurate and personalized recommendation as compared to existing
models.
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1 Introduction

With the rapid development of Internet, data is growing at a very high pace, having
said so many online movie platforms are exploding with new content everyday. Rec-
ommendation systems have proved to be one of the successful information filtering
system. In general, recommendation systems are used to predict how much user may
like a certain product/service, compose a list of N best items for user, and compose a
list of N users for a product/service. With this growth of media, users have to spend
significant amount of time searching for the movies in which they are interested [1].
Here, the task of recommendation system is to automatically suggest users what
movie to watch next based to the current movie and thus saving their time searching
for the related content.

Movie recommendation is the most used application on the media streaming
Web sites, both in academics and as well as commercially research has been done
extensively in this topic. The Netflix Prize challenge [2] is one such example where
a prize of one million dollar was at stake. The aim of the competition was to beat
the Netflix’s very own recommender system by ten percent. This attracted various
researchers and companies and more than forty thousand entries were submitted for
the same. Most of these recommender use collaborative filtering mechanism which
has been developed in recent few years [3—5]. First the ratings of movies are collected
given by each individual and then the recommendation is given to the users based on
similar type of people with similar taste in the past. Many popular online services like
netflix.com, youtube.com have used this collaborative filtering technique to suggest
media to users.

This work is an attempt at implementation of a recommender system which uses
genome tags to find out similar types of movies and then basic content-based filter-
ing technique to further enhance the results. MovieLens dataset [6] is used for the
development of this recommender engine and is accessed through its public FTP
interface [7].

2 Related Work

2.1 Recommendation Using Collaborative Filtering

Collaborative filtering recommender relies heavily on the users data or some contri-
bution in order to make recommendation. Contributions may include users to give
ratings, like, dislikes, or other kinds of feedback which can cluster similar type of
users together. As the name suggest, is a way of recommendation for a user in “col-
laboration” with other users. The fundamental of this filtering lies in the fact that if
a person A shares same interest as of B, for certain object(here movie), then A will
more likely share the same interest as of B, for a different object, than that of a ran-
domly chosen person [8]. Collaborative filtering is easy to implement, it works well
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in most of the cases and has ability to find links between items which are otherwise
considered dissimilar [9]. One of the drawbacks that this system suffers from “cold
start” problem, this happens when either a new user comes or new item is added and
we do not have much information/feedback for the item/user [10, 19]. To overcome
this problem, recommender user content-based recommendation techniques coupled
with collaborative recommendation.

2.2 Recommendation Using Content-Based Filtering

Recommendation is purely made on the attribute of the item, hence avoiding “cold
start” problem. The attribute of an item, for example, in a movie can be its genre, year,
running time, rating, starring actors can be used by the content-based recommender
to make a movie recommendation. This concept has its root from the information
retrieval theory where a document representation methods can abstractly encapsulate
features of an item for potential recommendation [11, 20].

Over the period of time content-based recommender starts building profile for a
person, it includes the taste of an individual which is extremely helpful for highly
personalized recommendation [3]. This type of recommender does not require com-
munity data as it solely relies on the individual’s preference, hence explanation can
be given why a certain item/media was recommended. One major disadvantage of
this is that it requires contents which can be broken down into meaningful attributes.

3 Proposed Approach

The dataset which was downloaded for the research contained 24404096 ratings and
668953 tag applications across 40110 movies. These data were created by 259137
users between January 09, 1995 and October 17,2016. And was generated on October

CLINY3

18, 2016. The dataset contained the following files “genome-scores.csv”, “genome-

tags.csv”, “links.csv”, “movies.csv”, “ratings.csv”, and “tags.csv”’. Description of
who’s is as follows

e genome-scores.csv: Contains the genome score of the movies corresponding to
the tags.

genome-tags.csv: Contains genome tag id and its corresponding string.
links.csv: Contains the link to the other sources of movie data.

movies.csv: Contains information about movie like its title, movie id, and genres.
ratings.csv: Each row of this file contains rating of one movie by one user.
tags.csv: Each row of this file represents one tag applied to one movie by one user.
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3.1 The Genome Tags

Netfilx and Youtube are using hybrid of collaborative and content-based filtering,
the prominent feature of which is genre of the video or movie. The major problem
with the genre is that they are binary in nature, i.e., they do not tell till what extent
that genre applies to the certain content. A user may apply the tag ‘violent’ to ‘Fight
Club’, indicating that it is a violent movie, but they might not indicate how violent
the movie is. Just like in Human Genome Project where all the genes in human
DNA were identified and mapped, the researchers were inspired to find and index
the building blocks of their media. Pandora has developed their own Music Genome
Project [12], similarly for movie recommendation GroupLens research laboratory
developed tag genome [13]. The genome tag extends the traditional tagging system
to give the enhanced user interaction. Genome tag contains item and its relationship
to the set of tags. These range between 0 and 1, where 1 being the most relevant and
0 being the least. This creates a dense matrix in which every movie in the genome
has a value for every tag. This can be used to recommend similar type of content.

3.2 Data Preparation

Since genome score does not consist all the movies present in the dataset, first task
was to select only those movies who’s genome score we have. After filtering, we
were left with around 10,000 movies. Next we transformed genome score which was
stored like in Table 1 to like in Table 2.

After the transformation of genome scores average rating and number of users
who rated the particular movie was calculated. This will come in handy while cou-
pling our model with content-based filtering. Average rating for a particular movie i
was calculated simply using the formula, total rating given by each user to that movie
divided by the total number of users rated that movie, i.e.,

Yuser_rating;

avg_rating; = ———— (D
Yuser;

Table 1 Bf':fore Movield Tagld Relevance
transformation

1 1 0.02400

1 2 0.02400

1 3 0.05475

1 4 0.09200
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Table 2 After transformation

Movield/tagld | 1 2 3 1128

1 0.024 0.024 0.0548 e 0.0252
2 0.038 0.0418 0.037 0.0202
3 0.042 0.0525 0.0272 . 0.0200
4 0.036 0.0385 0.035 0.0140

3.3 Feature Reduction

We have total of 1128 genome tags, which are very large and many of them are
redundant, this will increase the computational complexity. There is need to reduce
the number of features, it will not only remove redundancy in data but will also
increase the performance of the model [14]. Principal component analysis (PCA)
was run on the complete genome score in order to the variance explained in data by
the tags available [15].

As it is quite clear from the Fig. 1 that most of the tags show very low variance in
data and can be reduced. We used correlation-based feature selection technique, for
which Pearson correlation method was preferred [16]. Pearson correlation find out
linear correlation between two variable X and Y. It results in the value between —1
and +1 where —1 is the total negative correlation and +1 being the total positive.
Correlation between all the tags were calculated, if the tags were to be correlated
they should have a value between 0 and + 1. We were suppose to choose the optimal
threshold value above which we will say tags are correlated else not, lets say this to
be cutoff value. PCA was ran after selecting the cutoff to be 0.6, 0.5, 0.4, and 0.3
(Figs.2 and 3).

Choosing cutoff to be 0.6 and 0.5 will still leave some of the redundant tags,
whereas if cutoff is set to be 0.3 we might loose some important tags, so for this
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Fig. 2 PCA after cutoff was Plot for cutoff = 0.6
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Fig. 5 PCA after cutoff was Plot for cutoff = 0.3
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model cutoff was set to be 0.4. With this cutoff, the number of tags was dramatically
reduced from 1128 to 275 (Figs.4 and 5).

3.4 Distance Between Movies

Now we are left with 275 attributes and over 10,000 rows, we can use this to find
out which movies are similar to whom. Vector space model approach was used to
achieve this task [17]. In vector space model, we represent documents (or any object
in general, here movie) as vectors of identifier. Relevance between these vectors can
be find by comparing the deviation between then angles of all the vectors [18]. In
practice, cosine of the angle between vector is calculated (Fig. 6).

a) - ap

cos(f) = ———
llailllaz|l

(@)

where a; - a; is the dot product.

llaill =

>4’ 3)

i=I

In our dataset, every row can be treated as a vector, hence we can find out the
cosine distance between each of them. For the demonstration purpose, we have
chosen sample 2000 movies in this experiment. We obtained the 2000 * 2000 matrix

M, where M;; will contain the value of the cosine angle between the movield; and
movield; (Fig.7).
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Fig. 6 Cosine angle between movies

> recommend_movie(51540)

[1] "Recommendation for movie "
[1] "51540 Zodiac (2007)"

# A tibble: 5 x 5

3P QNITZS DI9STED GATISE DNGESE1 DATEEIS DABEIN DEJSNL DEINAI  DEVMD
SIITP ASASIE DSMSHN OEISAN OLAMMIE 0AIIGE OAKITE D.STTIFL GLOETHNE O.AXUSOT QASEN! OSSO0 D.ATINS GSMGA1 0602911
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3007 QTS 1SR DATMAI DASIS DIGEWS 057962 GSITEE) DADITES QAIGME DMATS 05N

1034 Demeos DA% B DASIET] OSEITN DASILTY QANAT QATER 0A7ME 0

movieId title
<int> <chr>
51080 Breach (2007)
103624 Fruitvale station (2013)

I GSMSI 0TI 0705114
W DEBIID 037MM 070629
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D115 G013 DEMSIT 030ese 3
1 OT06IY OSTeMI DM 0AIOMH DSIWS DENITES GANSE1 QESISS MKW O
1 GACIOIN DNITHG DAJNIS DIGEIT DEAMID GAIIA] DMS0TH 03300 O
1 OKIANE OAMETTY OASKM) D508 OAKIEN 0500809 0.1 O

genres avg_rating no_of_user

<chr>
prama|Thriller
Drama

82378 A1l Good Things (2010) Drama|Mystery|Thriller
62577 Flash of Genius (2008)

L
1
2
3 98961 Zero Dark Thirty (2012) Action|Drama|Thriller
4
5
>

Fig. 7 Recommendation for “Zodiac”

3.5 Recommending Movies

Drama

<db1>
3.598284
3.612457
3.704366
3.055556
3.265432

<int>
1399
289
2405
261
162

Now when we have obtained the cosine matrix, the recommendation is fairly easy
from here. Suppose a user watching a movie with movield n, then we will go to the
nth of the matrix and sort out the row in decreasing order. Greater the cosine value,
smaller the angle, smaller the angle more close the movies are in vector space, more
closer the movie more similar it is. We will pick up top K results from the same. Now
using content-based filtering on average rating of the movie, we will recommend top

N movies to the users (Fig. 8).

> recommend_movie(64969)

[1] "recommendation for movie
[1] "64969 Yes Man (2008)"

# A tibble: 5 x 5

movieId
" <int>
1 51660 ultimate Gift, The
2 63179 Tokyo!
3 68749 Management
4 59915 stuck
5 59118 Happy-Go-Lucky
>

Fig. 8 Recommendation for “Yes Man”

title
<chr>
(2006)
(2008)

genres avg_rating no_of_user

<chr>
Drama
Drama

(2008) comedy|Romance
(2007) Horror|Thriller

(2008)

comedy | Drama

<db1>
3.668203
3.487179
2.887500
3.072034
3.435780

<int>
217
117
160
118
654
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= recommend_movie(58107)

[1] "Recommendation for movie

[1] "58107 step up 2 the Streets (2008)"
# A tibble: 5 x 5

movield title genres avg_rating no_of_user
= <ing> <chr> <chr> <db1> <int>
1 62912 High School Musical 3: Senior Year (2008) Musical  2.423767 4486
2 80222 step up 30 (2010) Drama | Romance 3.288934 244
3 5321 shrek the Third (2007) adventure|animation|Children|Comedy|Fantasy 2.992429 3500
4 98373 step up Revolution (2012) Musical 3. 302632 152
5 71537 Fame (2009) Comedy |Drama|Musical |[Romance  2.656000 125
>

Fig. 9 Recommendation for “Step Up 2”

> recommend_movie(52722)

[1] "recommendation for movie ™
[1] "52722 spider-man 3 (2007)"
# A tibble: 5 x §

movield title genres avg_rating no_of_user
i <ine> <chr> <chr> <dbl> <imc>
1 53464 Fantastic Four: Rise of the silver surfer (2007) action|adventure|sci-Fi 2.720458 3055
2 95510 amazing spider-man, The (2012) action|adventure|sci-Fi|IMax 3. 398940 4245
3 87430 Green Lantern (2011) action|adventure|sci-Fi 2. 586735 1764
4 57640 Hellboy II: The Golden Army (2008) Action|Adventure|Fantasy|sci-Fi 3.373681 3602
5 103042 Man of Steel (2013) action|adventure|Fantasy|Sci-Fi|IMax 3. 221282 3073

Fig. 10 Recommendation for “Spider Man 3”

4 Results

The system takes movield as an input and recommends top five similar movies based
on it. Recommended movies rating should be above than 2.4 and at least 100 people
should have rated that movie. The complete experiment is performed in R 3.2.2
(Fig.9).

5 Conclusion

This hybrid model seems to perform good in all the early testing and gives more
personalized and accurate results. Genome tag is the key driver for this model along
with the content-based filters (Fig. 10).
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