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preferential trend is also present globally [3]. However, for
those with a savvier grasp on technology, digital
recommendations are just as trusted and preferred. Social
media recommender systems are a good example of people
being contributory to influencing the decision-making of
others through such actions as “likes” or “shares” or
“reposts” or “follows” or “re-tweets,” among the numerous
ways social media users gauge the acceptability or not of
any person, object, location, or event. The importance of
recommender systems is so pervasive in many aspects of
modern life because the desire to gain immediate access to
a wide range of information has hugely grown over the
past decades. This fact is clearly observable on a global
scale, and with the widespread utilization of technology,
easy and quick access to reliable information is no longer
simply an option or a hoped-for possibility. Rather, it is
now mandatory online.

Abstract— The main objective of the study is to develop a
recommendation system for movies by implementing a
combination of three different algorithms: Collaborative Filtering,
Content Based Filtering and Pearson Correlation Coefficient. The
proposed system is a web-based application that can provide
recommended movie titles based on search queries, item
attributes, user historical data and user preferences. The study
shows that the combination of the three algorithms is effective at
n3 and more efficient. The combination of the implemented
algorithms is not limited to providing movie recommendations
alone, it can also be modified and applied on different platforms
such as an e-commerce, social media, news article websites and
other fields.

Index Terms—Collaborative Filtering, Content Based Filtering,
Pearson Correlation Coefficient

I. INTRODUCTION
II. BACKGROUND OF THE STUDY

The use of recommender systems technology has
steadily been gaining headway in varied areas and
disciplines online. This is not surprising at all, but rather a
development that has come into focus because of
increasing demand. Ages before the use of technology
became a massive driving force in society, even before the
use of mass media in either print or electronic formats, the
demand for access to information already existed. Yet,
owing to the lack of tools and technology, information was
usually simply passed down or passed across from person
to person.

The very nature of effective recommender technology
systems is supportive of inclusivity, in the sense that it
requires the cooperative functioning of multi-disciplines
such as Artiﬁcial intelligence, Human Computer
Interaction, Information Technology, Data Mining,
Statistics, Adaptive User Interfaces, Decision Support
Systems, Marketing, and Consumer Behaviour (Ricci, 2011).
Each of these disciplines i s contributory to a successful
return of search results. Neglecting any one of them can
result in unsatisfactory data retrieval. At the same time, it
is not enough to merely combine such disciplines without
factoring in the need for specific queries, in the form of
keywords. It is also not sufficient to make use of search
keywords and the recommender technology system itself,
without the judicious use of tags.

When the information being communicated implied
choosing between alternatives, or making a selection from
several options, the one who was receiving the information
implicitly had to repose trust in the one relaying the
information. The act of information relay was usually done
face-to-face. When it was not possible to do because of
constraints such as time and geography, information was
relayed through word-of-mouth recommendations. In
modern times, it has been the advertising and marketing
industries which have heavily relied on word-of-mouth
recommendations, which are commonly known as
endorsements.

The essence of the specific recommender technology
system under development, then, is the aggrega tion of data
as relevant to movies and television shows respectful of
common categories to which content may belong, yet
specific in the return of search results to reflect only
accurate tags and keywords. This is because a huge
database will not be able to be successfully mined without
tagging. If only keywords were to be utilized, then the
opportunities for retrieving not only the most relevant
results, but also related results that could be of equal
importance could be greatly minimized. Should this
happen, the quality of search would be degraded and the
results considered inefficient, or even downright wrong
and disappointing. For example, if the input keyword is
“horror” were to be used by a user, the combined

In the Philippine setting, for example it was shown in the
2015 Nielsen’s Global Trust in Advertising Survey, that
many Filipino consumers still placed great trust and
reliance on word-of-mouth recommendations [4]. The same
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databases from the movie database, the television shows
database, and the books database, would typically come
up with generic results that would be difficult to sift
through. However, through the use of collaborative
filtering, recommendations are filtered to a second level.
Under the assumption that people with the same taste
would enjoy the same things, user provided data are
crosshatched by the system to delivers more targeted
recommendations. Such collaborative filtering is more
complex than single and/or similar category or field
search and recommender systems, such as IMDB, which
focuses only on movies and TV shows in terms of releasing
information,
but
only
provides
user-based
recommendations for theatrical releases, thereby greatly
narrowing its recommended results delivery.

dependence or correlation between two variables X and Y.
It has a value between +1 and −1 inclusive, where 1 is total
positive linear correlation, 0 is no linear correlation, and
−1 is total negative linear correlation. In the case of
recommender systems, we’re supposed to figure out how
related two people are based on the items they both have
ranked. The use and importance of recommender systems
cannot be stressed enough, as far as enabling users to sift
or filter through a vast collection of information is
concerned. For a recommender system to be deemed
effective, it is necessary, even crucial, to ascertain that the
system can seamlessly provide the user with relevant
information, that the system can ensure that such relevant
information is targeted to the user’s needs and purpose for
searching, and that the system is able to calculate the
weight of the filtered and targeted results, in the matter of
determining their ultimate relevancy to the user’s goals. In
effect, a good recommender system not only filters, but
also targets, and assigns weights to each result, so that the
most appropriate results will be ranked and presented in
order of desirability to the user [2].

III. RELATED LITERATURE
Recommender systems have become a staple for
e-commerce sites. With Amazon's success, it's safe to
assume that recommendation system works. The company
reportedly had an increase of sales by 29% to 12.83 billion
on its second fiscal quarter and up from $9.9 billion on the
same in 2011. Amazon's recommendation system definitely
helped their boosts in sales as it is integrated on every
part of the site on from the purchasing process to product
discover on the checkout. The key reason why many people
seem to care about recommender systems is money. For
companies such as Amazon, Netflix, and Spotify,
recommender systems drive significant engagement and
revenue. But this is the more cynical view of things. The
reason these companies (and others) see increased
revenue is because they deliver actual value to their
customers – recommender systems provide a scalable way
of personalizing content for users in scenarios with many
items [9].

Based on prior analysis, content-based filtering and
collaborative filtering is currently used for general
recommender system, however given a metric of
correlation, specifically Pearson Correlation works great
with finding the correlation between two items – or in this
case, the correlation between movies, the correlation
between users, and a combination of both significantly
increased the performance of a recommender system.
IV. METHODS

To analyze how each algorithm works, Microsoft’s Excel
was used by the proponent in proving each algorithm. A
sample data of 40 movies and 30 users had been used.
Each movie has two types of meta-data (genre and studio) –
the proponent has chosen these two attributes, as it more
straight forward in testing the algorithm and the fact that
the sample data is minimal at best. However, it should be
considered that all attributes must be used to fully
maximize the filtration process in finding out the relevancy
of the recommendations.

Recommender systems are based on collaborative
filtering (CF), and mostly rely on past user behavior e.g.
‘ratings’, purchases, rentals and clicks, regardless of
domain knowledge [5]. Presented the importance of
accuracy, as far as evaluating the competence of a
recommender system is concerned and described how
people draw upon the insights and opinions of their peers,
when considering options and choices. The algorithm used
in content-based filtering recommender systems is backed
by knowledge of a user’s preferences and particular
interests, as matched against specific descriptions . For
example, if a user’s interest in movies is centered around
horror, with a focus on supernatural creatures such as
vampires, then using a content-based filtering
recommender system would return movie results that
contained the keyword or query “vampire” as part of its
description[1]. Several studies on this field were presented
by utilizing collaborative filtering using data mining while
the difference between content-based [8] and collaborative
filtering for e-commerce and e-learning [7]. The impact of
related video recommendation system on video views and
shown that strong correlation between the view count of a
video and the average view count of its top referrer videos
[10], and also discover that the position of a video on a
related video list plays a critical role in the click through
rate of the video while the metric of similarity using
recommendation’s weight [6]. Correlation between user
ratings, and that is Pearson’s Correlation Coefficient.
Pearson correlation coefficient is a measure of the linear

For the tri-level searching algorithm for movies, the
algorithm below described how the three algorithm,
content-based algorithm, collaborative filtering and
Pearson correlation works.
Algorithm Implementation
1. Search movie x
2. System aggregates movies watched by users who also
watched movie x
3. Content based filtering -> Filter by metadata (genre, actors,
directors, etc.)
4. System aggregates filtered movies
5. Collaborative filtering -> Aggregate users who watched
movie x
-> Aggregate all movies liked by said users
-> Create data array containing movie x and movie x(i)
rating by each user
-> Iterate for all movies x(i)
6. For each data array in Step 5 -> Calculate correlation using
Pearson Correlation Coefficient
-> Record in table movie x and movie x(i) combination
and correlations
-> Iterate for all movie x and movie x(i) combination
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7. Rank in descending order (highest to lowest)
8. Select eight highest correlation combinations
recommendations
-> If tied, prioritize most recent film by date release
9. Display search result and recommendations
10. Ask user if user wants to like and/or rate searched film
11. Store user action
-> Add film to user profile
-> Add user rating to film rating table
12. Go back to step 1

Special Issue

Table II is the data extracted from the working example
where a movie was evaluated based on weight of genre and
studio while Table III is the top 10 movies with the highest
percentage
are
then
filtered
accordingly.
Recommendations are readily visible; however, the filtered
results are not that targeted or refined. For brevity, the
table has been modified and restructure for discussion.
For example “the avengers” movie is in action genre and
belong to studio 6 with 58% and 20% weight respectively
will have a total score of 78.40%. Similarly to other as
reflected in the table.

as

V. I MPLEMENTATION AND RESULTS
The process begins by searching for a film, in this case
“Pineapple Express” with the metadata of Comedy and
Studio #6 as its genre and studio respectively. By
transposing the metadata, we can see the weight of the
relationship between genres and between studios. Note
that that the “ratings” as well as the “percentage weights”
in the tables used random function RAND(), and does not
represent the true value ratings of the movie from the API
that the proposed system is connected to.

Table III: Top 10 Recommendations (Content Based
Filtering)

Table I: Genre Reference Weight (Transposed)
With the top ten available, collaborative filtering would
start to initiate. Unlike Content Based Filtering where the
attributes are compared to each other to provide
recommendations – Collaborative Filtering uses the
“wisdom of the crowd” to gai n information by identifying
the users who have also watched the “searched film.” As
we can see below each corresponding movie generates a
table from the top 10 after Content Based Filtering as
shown Table IV.

Table I shows the process of content-based filtering by
comparing the “searched film” with all the current existing
movies’ respective meta data – “genre” and “studio.” In the
study, 80% of weight has been given to “genre” and 20%
has been given to “studios.” By default content-based
filtering will favor the attributes that are most simila r to
the “searched film” (e.g. The Avengers -> Action -> Marvel),
and with reference to, the proponent was able to compare
the relevancy of the “searched film” to all the films
currently available. An example would be comparing
“Action” to “War.” With reference to the total weight of
relevancy for “Action” and “War” would be 74%.

Table IV: Per Table of Top 10 Recommendati on

Table II: The Product of Content Based Filtering

From the top 10 recommendations, Collaborative
Filtering has identified which users have watched the
“searched film” and displayed it together with the movies.
An analogy to this table would be two circles intersecting
each other, whereas the red part represents the users who
have watched the “searched film”, the blue part represents
the users who have watched the movies filtered by Content
Based Filtering, and the purple part represents all the
users who have both watched the “searched film” and the
films filtered by Content Based Filtering.
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From the top 10, while Collaborative Filtering is
on-going, simultaneously, the proposed system begins
correlating the ratings of the “searched film” and the
filtered movies using Pearson Correlation Coefficient, it
can automatically calculate the correlation between the
two values. Moving forward, we now have visualization of
more a targeted and refined recommendations after all
three processes had been completed as shown in Table V.

more users provide information to the proposed system
(e.g. liking a movie, updating a profile page, etc.) the
algorithm used by the proposed system becomes more
intelligent in providi ng recommendations, thereby, the
machine learns exclusively -- which is an essential part of
artificial intelligence.
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A working sample from the system is shown in Fig. 1
where it evaluated the searched query “Reservoir Dogs”
while the recommendations are “Pulp Fiction”, “Machete,”
“Planet Terror” and “Battle Royal”, etc. Most of the
recommendations’ genres are drama, violence-related and
action – confirming that the algorithm works accordingly.

Fig. 1: A Sample Output Windows of the Working System
VI. CONCLUSION
The explosive growth in the amount of available digital
information and the number of visitors to the I nternet have
created a potential challenge of information overload
which hinders timely access to items of interest on the
Internet.
Recommender
systems
characteristically
construct a list of recommendations either through
collaborative filtering or content-based filtering.
Collaborative filtering approaches building a model from a
user's past behavior (selected and/or numerical ratings
given to those items) as well as similar decisions made by
other users. This model is used to foretell items (or item
ratings), which the user may be interested in, or find
relevant. Content-based filtering, meanwhile, uses a series
of distinct items characteristics, as a way to recommend
additional items with similar or comparable properties.
These approaches are often combi ned to create a hybrid
approach that can address each respective approach's
weaknesses. The recommendations provided are based on
the following criteria: The relevancy of each movie’s
metadata to one another (e.g. genre, director, actors, etc.)
and; the correlation of each movie to one another (e.g.
“overall user liked movies”, “overall user searched
histories”). The proposed system successfully implements
a hybrid approach of two main algorithms (Content Based
Filtering and Collaborative Filtering) together with Pearson
Correlation Coefficient in providing recommendations. As
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