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Abstract— The rise of recommendation systems being
implemented in all aspects of our lives requires us to have a basic
understanding regarding these algorithms. This study focuses
on an item-based collaborative filtering recommendation system
used for movies and show recommendation will provide insight
into the parameters used for said recommendation such as
genre, rating, and director of the movie/show.
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I. INTRODUCTION

With the ever-increasing amount of options found on
video streaming services it has become common practice to
employ a recommendation system to help users make an
informed selection based on their previous choices and
preferences. This system does come with its own issues
however, new users of the system would face the cold start
problem where there is little to no data for the algorithm to
help make an informed decision for the user. This paper is
using the Netflix Movies and TV Shows dataset to simulate
an environment with data that has been rated by other users
along with using the Item-Based collaborative filtering so new
users can still use the recommendation system. The purpose
of this research is to compare several selections of parameters
to find the most suitable for movie and video
recommendations.

II. LITERATURE REVIEW

A. Similar Projects

Multiple research papers have used recommendation
systems in other fields considering a varying amount of
parameters using ML algorithms. This section reviews a few
studies using recommendation systems to find similarities of
algorithms used.

Soumya et al. (Sri Attaluri, K Batcha, & Mafas, 2020) had
used recommendation systems and feature extraction to
recommend crops for farmers to plant. Feature extraction is a
process where features of a data entry in a dataset is isolated
to better filter or sort entries that contains specific features for
recommendation or removal. The paper provided evidence
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that historical and forecasted data is able for us to make
reasonably accurate recommendations.

Joanne et al. (Lim Jo En, Kae Li, Davina, Vern Jian, &
Arabee Bin Abdul Salam, 2024) conducted a research paper
where they used recommendation systems and SVD to
recommend products. Their paper goes in depth on how to
mitigate the cold start problem that naturally occurs in all
recommendation systems by comparing different approaches
that tackle the problem along with the performance of
collaborative filtering systems when SVD matrix’s latent
features are manipulated.

Smith Johnson (Smith, 2024). conducted a comprehensive
study on the application of hybrid recommendation systems in
enhancing user engagement and accuracy. Their research
delves into the integration of content-based and collaborative
filtering techniques, with a special focus on addressing the
sparsity problem prevalent in user-item interaction data. By
comparing various hybrid models, the study provides insights
into the effectiveness of combining model-based and
memory-based approaches. Moreover, the research explores
the impact of incorporating contextual information and user
feedback loops on the performance of recommendation
systems. The paper provides a detailed analysis of the
scalability of hybrid systems and their ability to adapt to
dynamic user preferences, thereby offering a significant
contribution to the field of personalized recommendation
systems.

B. Methodology/Approach

This part will explore previous research and studies that
has used Machine Learning algorithms to approach parameter
selections for their respective recommendation systems.

Dimitris et al. (Kalimeris, Kalyanaraman, Bhagat, &
Weinsberg, 2021)has determined that repeated used of a
recommendation system by a user can cause the user to narrow
down the recommendations through preference amplification
which can lead to increased engagement but also lack of
diversity and echo chambers. Through the selection of
different parameters, it can be used to mitigate these issues and
reduce potentially objectionable content by the user to
increase their engagement.
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C. Conclusion/Recommendation
Item-based collaborative filtering and similarity-based

V. RESULTS AND DISCUSSION

. Discusion on implementation

collaborative filtering has been proved to provide accurate
recommendations for the user. To achieve a high accuracy on
recommendations several parameter sets are used to find the
selection that gives the most accurate recommendations. For
this paper, 2 selections of data features will be used for the - nltk

experiment done in this paper for reference of parameters in nltk.corpus in

item-based collaborative filtering. 12:123‘:‘ : )
n (. TokKenl

"t stopwords

word_tokenize

III. MATERIALS AND METHODS
Figure 1. code to import necessary libraries
A. Machine Learning Algorithms
We first setup the experiment by importing the
necessary packages such as NumPy, pandas, re and nltk.

e Jtem-Based Collaborative Filtering
e Similarity-based Collaborative Filtering

Item-Based collaborative filtering and similarity-based
collaborative filtering are techniques in machine learning
algorithms that analyze item parameters and generate relevant
recommendations. The source code used in this paper was
created by User Erin Ward in Kaggle. We have modified the
parameters of this code for this work. Similarity-Based
Collaborative filtering recommends similar videos that share
similar parameter types selected by us and recommends the
top 10 videos based on said selected parameters.

il
'

data = pd.read csv(

data.head )

Figure 2. loading the dataset and shows the top 10
entries

Next, we have to load the dataset which is
“Netflix_titles.csv”’. This dataset holds thousands of
entries of movies and shows hosted on the Netflix
streaming service.

B. Software Requirements
e Python

e Google Collab

The source code has been imported from Kaggle to Google
Collab to be run by Google’s provided servers for Collab.
Running it on Google Collab also gives us the opportunity to
edit the parameters from anywhere.

data = data.dropna(subset=['cast’, ‘country’, ‘rating’])

Figure 3. code that drops empty entries

Before we continue with building the
recommendation engine, we first need to drop any null
values found in the dataset.

IV. ALGORITHM IMPLEMENTATION

A. Purpose
This paper was conducted to investigate how item-based e drector TSmOy H5Eln
llab 4 filteri d similarity-b d llab 4 0 719 JorgeMichelGau  Demin Bichi, Héclor Bonlla, Oscar Serraro, Mezico TVMA Dramas, Inermational Movies
co a_ ora. 1ve nltering a_n similarity- a.se collaborative 1 235  GlbetChan Tedd Chan, Stella Chung, Herley i, Lawrence ..~ Singapore R Horor Movies, Infemational Movies
filterlng 1S used to pl‘edlct reCOmmendathns fOI‘ the user. 2 9 ShaneAcker  Eljah Wood, John C. Reily, Jennfer Connelly . United States  PG-13 Action & Adventure, Independent Movies, Sc-Fi

Robert Luketic Jim Siurgess, K y, Kale Bosworth, Aar...  United States  PG-13 Dramas

Using the selected parameters, the code recommends other
movies/shows when they have matching parameters. Our
goal here is to find out which sets of parameters would give
us the best accuracy for recommendations.

Yasir Al Yasiri - Amina Khall, Ahmed Dawoo \hred. Egypt TVMA Hartor Mavies, Intemational Movies

Figure 4. code that drops unwanted parameters

actors = []

for i in movies
actor = re -
actors.append(actor)

B. Parameters

e Recommendation system using country, cast, director,

ratings, and genre. flat_list - []
for sublist in actors:
for item in

The first parameter set takes account of the country of
flat_list.append(item)

origin, the members of the cast, the director of the

film/show, user ratings of the show and the genre it actors_list - sorted(set(flat_list))
belongs in. This gives the algorlthm a good set of binary actors — [[0] * © for i in range(len(set(flat 1ist)))]
parameters to find recommendations for the user.
for 1 in movies['c
e Recommendation system using show description. e e mee
. .. if j in
This second parameter set only uses the description binary actors[k].append(1.6)
provided by the show’s page to find relevant shows to elses .
binary_actors[k].append(&.8)
recommend to the user. k-1

binary_actors = pd.DataFrame(binary_actors).transpose()

Figure 5. code segment to sort actors
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For the recommendation engine using cast, director,
country, rating, and genre all parameters except the selected
parameters are dropped to load the dataset faster. Now we
read all actors and count them into the “binary_actors” list to
better read the data as it goes through the recommender, all
other parameters go through the same process and placed in
their respective lists.

recommender{searc

n binary.iloc[i

y_list.append(i
np.array{bina
al for subl
nge({len{movie
nary_list2 = []
~ k in bina
bin i
point2
point2
dot_produ

val in sublist]

m{point2)
uct / (norm_1 * norm_2)

nction

Once all of the parameters are properly prepared, it
runs through the recommender function where the Item-
based collaborative filtering is coded in. the entry typed
in the search argument of the function is then compared
with the rest of the dataset and the top 5 results are then
showed in a table as recommendations for the user.

description

After a devastating earthquake hits Mexico Cit...
When an army recruit is found dead, his fellow...
In a postapocalyptic world, rag-doll robots hi...

A brilliant group of students become card-coun...

After an awful accident, a couple admitted to ...

Figure 7. extraction of title and description

For the recommendation system using the
description of the shows, only the title and description
parameters are saved into the list for further use in the
system.

r word in text_tokens if not word

)
append (filtered)

sublist in 1 in sublist]

Cmesfr AT e g o e N e W]

After a devastating earthquake hits Mexico Cit...  after devastating earthquake hits mexico city m

When an army recruit is found dead, his fellow... when army recruit found dead soldiers
In a postapocalypic world, rag-doll ro postapocalyptic world , rag-doll robots hid
Abrilliant group of students become card-coun...  a brilliant group students card-counting exper.

ATter an awrul accident, a couple admitted 10 ... afler awful accident , coupie admitied grisly.

Figure 8. description is put in lowercase and each word
is given a token.
The dataset is further processed by putting all works
in the description to lowercase and then any unique words
is given a token for the recommender system to read.

index.item()

-1)
in sublist]

rm_1 * norm_2)

Ea\ ;‘]aﬁcsnding:
Figure 9. The code block for the description
recommender system

Once the dataset is prepared, it is run through the
recommender system comparing the tokens of the
description with the data entry selected for the function’s
argument to tally up the amount of tokens that match with
the selected entry before displaying the top 5 in a table for
the user to get their recommendations from.

B. Results

title  dirs ountry rating Listed_in

Patrick Wikon, Rose Byme. Unded Stales United "
Insdous  James Wan PG-13
Kingdom

Horror Movies, Thiilrs

ik Dupas, s ey - Horror Movies, Independent y.;;,‘m

lers

Vincenzo Parick Wison, Laysta De

d s TVMA
o Canada, | e TV-MA

Horror Movies, Thlers

e Mak Uit T HororNoves

Jaim Paige, Ayshia Ochse, Tooy Nchos, (aati i e

Figure 10. results of the recommender system on the movie
“The Conjuring”

The results shown in figure 4 are from the recommendation
system using the 5 parameters. The algorithm took around 5
minutes to generate the recommendations. Manually
reviewing the top recommendations shown at figure 4 that
they share the thriller genre tag thus making the
recommendation valid.

Figure 11. results of the description recommender system on
the move “Dr. Suess’ The Cat in the Hat

The results here in Figure 11 show the recommendations
of the description recommender system. As it currently
stands, this version of the recommender system does not have
any code to conduct semantic analysis thus taking each
unique word as the same meaning leading to unreliable
recommendations like the one shown in figure 11 where it
recommended horror genre movies when a movie under the
kids genre is used for the search.
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VI. CONCLUSIONS

In conclusion, the recommendation system is able to be
used with a wide selection of parameters but might become
unreliable if given complex parameters such as descriptions.
Our testing has shown that when given set values in
parameters such as genre, ratings, or country. Complex
parameters such as descriptions need to be processed by
hybrid recommendation systems that incorporate other
algorithms such as the Natural Language Processing (NLP)
model. In future works, we would attempt to make such
advanced recommendation systems to further our
understanding of the Recommendation system algorithm.
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