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Abstract

The paper aims to analyze and implement an optimal hybrid movie recommendation system using artificial intelligence on a
large dataset. The research question is how the combination of different artificial intelligence filtering algorithms affects the
accuracy and performance of recommendations in the context of big user data. The methodological framework includes
processing large datasets (Big data), implementing different recommendation algorithms, and evaluating the performance of
the models using relevant metrics (e.g. RMSE, MAE, precision, responsiveness). A dataset with millions of entries was used to
compare the performance of three key techniques: content-based filtering, collaborative filtering, and a hybrid model that
combines the advantages of both approaches. The main findings confirm that the hybrid approach, integrating the best
features of the standalone methods, provides the highest accuracy and stability in predicting user preferences in a Big data
environment. Our hybrid model showed an RMSE (Root Mean Squared Error) of 0.89. A lower value is better, as it means that
the model makes fewer errors. Its average RMSE (0.89) is smaller than the RMSE for KNN (0.92). The finding suggests that SVD
is approximately 2.5% more accurate (better) than KNN. In terms of testing speed, SVD is 33.6 times faster than KNN, as the
average testing time for SVD was 0.13 seconds, and for KNN it was 4.37 seconds, indicating a much better model based on
the SVD algorithm. The results showed that the choice of algorithm and the quality of input data have an important impact
on the success of the system. The contribution of the paper provides empirical confirmation of the superiority of hybrid
architectures in the domain of recommender systems and modeling, but also as a practical guide for engineers and a
theoretical basis for future research in the field of personalized artificial intelligence solutions, which directly addresses the
challenges faced by companies such as Netflix, Amazon, YouTube, and applications in other industrial systems, and Big data
analytics. The contribution of the work is also reflected in pointing out the importance of proper data processing and selection
in the development of intelligent recommendation systems.

Keywords: Artificial intelligence; Machine learning algorithms; Big data; Recommendation system; Data analysis; Company
management
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inherent limitations. Collaborative filtering (e.g., SVD
model) effectively exploits the behaviour of similar users,
but suffers from data sparsity and the cold-start problem
for new users or products (McKinsey & Company, 2014).
Content-based filtering (e.g., KNN on movie features)
overcomes the cold-start problem, but often suffers from
a lack of variety (novelty), recommending only what is
closely related to previous choices (Balabanovi¢ &

1. INTRODUCTION

In the context of rapid digital transformation and
exponential growth of available content, companies and
users are faced with the phenomenon of information
overload. Global platforms such as Netflix, Amazon and
Spotify offer catalogues with millions of items. This
abundance of options often results in choice paralysis for

consumers, leading to reduced engagement and potential
churn (Provost & Fawcett, 2013). For management, this
presents a critical challenge: how to guide the user
through a massive catalogue to maximize customer
retention and Customer Lifetime Value (CLV).

In response to this challenge, Recommender Systems (RS),
hereinafter referred to as “RS”, have been developed, a
sophisticated branch of artificial intelligence that uses
machine learning techniques and big data to predict user
preferences and generate personalized suggestions.

Recommender systems are therefore not only a technical
solution, but also a key strategic lever for improving
decision-making processes and Customer Relationship
Management (CRM) (Lu et al., 2015). Although the
primary approaches — content-based filtering and
collaborative filtering — have proven themselves, each has

Shoham, 1997).

Recommender systems have proven to be key tools for
customer relationship management (CRM) and CLV
optimization, which directly impacts revenue growth.
Research papers have confirmed that hybrid architectures
more effectively overcome the limitations of stand-alone
methods, such as “cold start”, leading to superior accuracy
(Ricci et al., 2015).

The theoretical solution of this paper lies in hybrid
recommender systems, which combine the best features
of both approaches. However, finding the optimal hybrid
architecture that achieves superior accuracy while
maintaining operational efficiency on large datasets
remains a central research question in the RS field (Burke,
2002).
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This paper aims to empirically validate the performance
of a hybrid movie recommendation system by applying
different algorithms (including SVD and KNN) on a massive
dataset. The research question is: How does the
combination of factorial and neighbourhood-based
models affect the prediction accuracy (RMSE) and
operational efficiency (test time) of recommendations in
the context of big data?

The presented findings serve as a practical guide for
information systems managers in making decisions about
implementing and optimizing RS architectures. The paper
is divided into the following chapters: introduction and
theoretical background, description of methodology and
data, results and discussion, conclusion and literature.

2. DESCRIPTION AND ANALYSIS OF THE
RECOMMENDATION SYSTEM

2.1. Introduction

Recommender systems are based on monitoring browsing
behaviour and browsing history of users to create
different patterns and find similarities in the data. The
simplest approach to how these systems work is that after
using some software or system, the user leaves a lot of
their private data, about their habits or the products and
services they are interested in. Organizations then use this
collected data to extract relevant information from this
data and build a unique description of the user, which
helps them improve their offer based on the knowledge
gained. Some of the leading companies that use these
systems in their applications are Netflix, Amazon, Spotify,
Google (YouTube), Pandora, Apple Music and many others
(Adomavicius & Tuzhilin, 2011).

The data that is collected and used is also called “Big
data”. These are large data sets, in the millions, that serve
to filter different users, products, and services, and match
them based on similarities. The factors that are part of this
data can vary from different types of information, such as
browsing or purchasing history, to much deeper data that
can provide more precise results, including demographic
data. This approach can achieve recommendations that
are not only related to the user’s personal preferences,
but also to their status, origin, culture, language, and
many other parameters that can be reached. In this way,
the user can also reach products or services that he would
not otherwise find on his own, but the system can
conclude that he might like such result recommendations.
On the other hand, when it comes to the products or
services themselves, parameters such as the number of
views, clicks, likes, comments, reviews, or purchases are
used to filter and classify them. The application areas of
recommendation systems are widespread in various
industries, including supply chains, e-commerce, media
and entertainment, social networks, financial services,
travel and hospitality. The benefits of using
recommendation systems in applications and systems can
significantly increase revenue, as well as the number of
views (clicks), and various other metrics. The key factor is
the satisfaction and retention of existing members and

customers. We will list some of the types of
recommendation systems in the following text.

2.2. Content-based Filtering

Content-based filtering is one of the types of
recommendation systems that, as the name suggests, is
based on content itself. The question is what constitutes
“content” in a specific context. Content comprises the
items or characteristics of an individual product or
service. This principle takes all the characteristics of a
product or service and compares them with the already
known data (products or services) with which the user has
previously interacted (Loops at al., 2012).

For example, if the user’s characteristics, age, gender,
status, and other specific attributes are taken into
account, this type will find all products or services that
meet the above conditions. In this specific example, if it is
a 20-year-old male student from Vitez, the system could
recommend only products that are intended for younger
people (between 18 and 25 years old), male, who are
studying, and that are available in their store in Vitez.
Especially, if it is already known that the user is interested
in this type of product, given that he has already
purchased similar products once. Of course, this is only a
rough (naive) example of the application of this type of
recommendation. In practice, this procedure would be
much more advanced and complex. The main segment of
this type of recommendation is the extraction of key
features from the content itself. The modelling of this
system is based on determining relevant attributes, which
could be interesting for study. One of the classic examples
of the application of this type is the keyword-based
model, which is also called the vector space model with
the frequency weighting of the inverse frequency of the
document. This algorithm will be explained in more detail
later in the paper.

Figure 1. | Example of content-based filtering
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2.3. Collaborative Filtering

One of the most effective types used in recommender
systems is collaborative filtering. The collaborative
filtering method is based on analyzing user behavior and
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finding similarities in their preferred choices. This
approach takes into account the concept that people who
have shown similar behavior (preferences) in the past will
also show similar behavior in the future (likely). A simple
example is that if there are users who share similar tastes
in food, so that they have previously purchased and rated
products from the same company. For example, users
have tried a number of the same products, and share the
opinion that these products are really acceptable for them
(tasty, interesting or any other descriptive attribute).
Thus, the system will very easily mark these users as
“similar”. The next step is that if there is a product that
one user has tried (rated, bought), but another user has
not. Here this system comes into play by “assuming” that
this product will also be liked by the other user, and
therefore it is recommended to him. Also, as in the
previous type, this is just a trivial example, with two users
and several products, but in reality it is a large number of
different users and products. This type of
recommendation is also called “user-user” collaborative
filtering, because it is based on the similarities of the users
themselves.

Figure 2. | An example of colloborative filtering
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3. METHODOLOGY AND
IMPLEMENTATION OF THE
RECOMMENDATION SYSTEM

3.1. Introduction

In this part of the work, the practical part of the
recommendation system implementation will be
described. Since the domain of this system is films, a
ready-made (collected) data set will be used, which will be
explained in more detail below. Also, the aforementioned
types will be used, along with the accompanying
recommendation  algorithms. Although it is a
recommendation  system for movies, another
recommendation system could be implemented in a
similar way, of course with adequate data, such as music,
books, online stores and others.

3.2. Work Methodology and Tools Used

The implementation was done using the Python
programming language (version 3.10.0). Python is the

best choice for such projects, because it has a very large
ecosystem of libraries, visualization capabilities, flexibility,
community support, and platform independence. For this
reason, it is an ideal candidate for the needs of machine
learning and data analysis. Advanced Python libraries
were used that provide efficiency and simplicity in their
applications, which are characterized by readability and
easy syntax. Certain libraries were used such as numpy,
pandas, seaborn, matplotlib, scikit-learn,
tensorflow/keras, and surprise. The code itself was
written in a tool called Jupyter Notebook. Jupyter
Notebook provides support for creating and sharing a
document containing “live” (executed) code, which is
accompanied by visualization and a descriptive part of the
text. When it comes to the implementation itself, a brief
overview of the data set was first done, and their brief
analysis and processing for further use were performed.
The first method (algorithm) is to create and test a neural
network model, and then apply content-based filtering
using the TF-IDF algorithm. Finally, a comparison of the
two algorithms KNN and SVD is presented using the
example of collaborative filtering.

The dataset used for the implementation of the practical
part is the MovielLens Dataset. Behind this dataset is the
organization Grouplens Research, which collected and
made available data on reviews (ratings) from the
MovielLens website. The data was collected in different
time periods, and there are sets of different sizes (number
of data). The data was taken from the Kaggle website.
Kaggle is a site that allows users to find datasets for use in
building artificial intelligence models. It is also possible to
publish your own datasets, work with other scientists and
engineers, as well as participate in various competitions
and challenges related to solving problems in the field of
“data science”. The Movielens dataset itself contains user
ratings for certain movies (in addition, user tags assigned
to movies, but they will not be considered in this paper).

The period in which the data was created is between
1995-2015, and the dataset was generated in 2016. Users
were selected randomly, and their data does not include
any demographic data, but only a unique identifier (ID).

In the following analysis, it can be determined that a total
of 138,494 different users left a rating (at least one).
Before generating the recommendation system, it is
important to prepare the data itself, so that the
recommendation results are as accurate as possible. This
refers to the removal or cleaning of redundant or
incomplete data. These operations can refer to:

= removing duplicates (if any),

= removing N/A values (if any),

=  omitting movies or users who are not “active”
(users who have left a small number of reviews
or movies that have received a small number of
reviews).
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Figure 3. | Dataset overview

movieIld title \
Toy Story (1995)
Jumanji (1995)
Grumpier Old Men (1995)
Waiting to Exhale (1995)
Father of the Bride Part II (1995)

genres
Adventure|Animation|Children|Comedy|Fantasy
Adventure|Children|Fantasy

Comedy | Romance

Comedy | Drama | Romance

userId movieIld
18 4141

timestamp
Mark Waters 2009-04-24 18:19:40
65 208 dark hero 2013-085-10 ©01:41:18
65 353 dark hero 2013-85-10 ©01:41:19
65 noir thriller 2013-05-10
dark hero 2013-85-10

userId movield rating timestamp
1 2 3.5 2005-04-02 23:53:47

29 5 2005-04-02 23:31:16

32 - 2005-04-02 23:33:39

47 c 2005-04-02 23:32:07

50 - 2005-04-02 23:29:40

The next step is to visualize the available data, so that
certain trends and connections can be more easily seen.
For example, for a full understanding, it is useful to know
some grouped data that cannot be easily found by
reviewing the “raw” data. Some of the interesting
graphical displays can include:
= distribution of reviews (overview of the number
of reviews per category),
=  calculation of the mean and median value of
reviews,
=  average of reviews per user and film,
= average number of reviews per user and film,
= distribution of film genres,
= state of reviews by year.

3.3. Implementation of the

Recommendation System

After preparing and analysing the data, we can start
creating a movie recommendation system. Since the data
set has been researched, filtered, and is ready for use, we
can start implementing various algorithms. These
algorithms will demonstrate their accuracy, precision, and
performance in predicting the ratings a user would give to
movies they have not watched (rated), and generating
recommendations based on movies the user has watched
(rated) or based on similarities between users and movies
and other movies.

Neural Network Model

To create the neural network model, it was necessary to
additionally prepare the data. Due to the large amount of
data (over 20 million reviews), the neural network training
process is slow, and the performance depends
significantly on the hardware specifications themselves.
For this reason, the ratings were additionally filtered in a
way that "rejects" lower ratings, leaving only ratings 4 and
5. This approach left 12 million reviews. In this way, a

binary classification can be simulated, so that a rating of 5
is considered a film that the user would like (or that he
would rate as such), while a rating of 4 represents a film
that he "likes" less. In this context, it is a film that he "does
not like", because the remaining ratings are only 4 and 5,
which can be mapped to the values 0 and 1. An additional
step is to filter users, in order to further reduce the
number of reviews. For this, filtering is used that excludes
30% of randomly selected users, and thus their following
reviews. At the very end, we finally reached a
“satisfactory” amount of data for training the model
(about 3.6 million reviews). Before creating the model, it
is still necessary to transform the data using Label
Encoder. This procedure is very important, because the
data is transformed into normalized values, so that the
model can process them more easily and better. Then the
data is divided into two groups: training and test data
(80% training and 20% test data).

The neural network model is created using tensorflow and
keras libraries, and consists of the following parts:

L input layers - user_input and movie_input,
which represent unique identifiers,

= users and movies embedding layers -
user_embedding and movie_embedding, which
are used to learn,

. representations of users and movies, i.e.
transform identifiers into densely distributed
vectors,

= flatten layers - user_flatten and movie_flatten,
which serve to "flatten" the results,

=  from the embedding layers, which is achieved
by converting matrices into vectors,

= concatenation layer - serves to merge the
results from the flatten layers into a single
vector,

= dense layers - fully connected layers (128
neurons and a "relu" activation function),

L output layer - contains 1 neuron (representing
one output) and has a linear activation function.

Finally, the model is defined by passing the previously
created input and output layers.

The next step is to "compile" the model using the "adam"
optimizer, which uses "mean squared error" for loss, and
has "mean average error" as a metric. The model is then
trained using previously divided training data into input
(user and movie) and output (rating). The training process
is divided into 10 epochs, which took approximately 3 and
a half hours. Of course, with different hardware
specifications, variations in the execution time of the
training process are possible. After training, the model
itself can be saved (or the trained weights) to the disk
itself. So that in the future these trained weights can be
reused, and so that the model can be improved. After
loading the saved model (or continuing to work on the
current model), predictions are made based on the test
data. Based on these predictions, the “mean square
error” and “precision” of the model can be calculated,
which in this case are 0.33 (rounded to two decimal
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process, some random identifiers for users and movies
can be selected.

places) and 0.48 (rounded to two decimal places). In order
to test the model on some “real” data, i.e. using data from
the rating.csv file that is not included in the model training

Figure 4. | The process of creating a neural network model

> e
user_input = tf.keras.layers.Input(shape
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Figure 5. | Neural network model score predictions

print(f"Predvidene ocjene za korisnika {user_id_to_predict}:
~ movie_id, rating in sorted_predictions

movie_title = movies_data[movies_data[ ‘'movield’'] == movie_id][ 'title'].values[®
print(f"Film ID {movie_id}: {movie_title}, Predvidena ocjena {int(rating)}"

Predvidene ocjene za korisnika 11:

Film ID 973: Meet John Doe (1941), Predvidena ocjena 5

Film ID 2178: Frenzy (1972), Predvidena ocjena 5

Film ID 5411: Summer Holiday (1963), Predvidena ocjena 4

Film ID 320: Suture (1993), Predvidena ocjena 4

Film ID 18: Four Rooms (1995), Predvidena ocjena 4

Figure 6. | View neural network model recommendations

top_n_movies = ©
print(f"Preporuke za korisnika ID {user_id to_recommend}:"
~ movie_id, rating sorted_recommendations
movie_id in movies_data| ‘'movieId’].values
movie_title = movies_data[movies_data[ ‘movield’'] == movie_id][ 'title'].values[®
print(f“Naziv filma (ID {movie_id}): {movie_title}"
top_n_movies 1
top_n_movies

Preporuke za korisnika ID 12:

Naziv filma (ID 1154): T-Men (1947)

Naziv filma (ID 255): Jerky Boys, The (1995)

Naziv filma (ID 3659): Quatermass 2 (Enemy from Space) (1957)
Naziv filma (ID 221@): Sabotage (1936)

Naziv filma (ID 6256): House with Laughing Windows, The (Casa dalle finestre che ridono, La) (1976)
Naziv filma (ID 1356): Star Trek: First Contact (1996)

Naziv filma (ID 313): Swan Princess, The (1994)

Naziv filma (ID 1@93): Doors, The (1991)

Naziv filma (ID 68@3): Phenomena (a.k.a. Creepers) (1985)
Naziv filma (ID 2637): Mummy's Hand, The (1940)

The goal of this is to first determine the movies that the
user has not rated based on the randomly selected user
identifier, and then, based on the identifiers of those
movies, predict what ratings the user would give those
movies. In the specific 13 example, ID 11 was selected for
the user, and the random IDs of his unrated movies were
taken (2178, 18, 973, 320, 5411 — 5 of them in this case).

When the model is passed these the data is the result of
the predicted rating for those movies by the selected user.
Since they are on at the beginning, only grades 4 and 5
were left, so the results vary between 4 and 5 (in the form
of decimal of numbers rounded to a few decimal places),
and for simplicity of display they are rounded to
approximate values.
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Based on this data, it is now necessary to predict the
ratings of all unrated movies for a user, and then simply
sort these results from highest to lowest. The movie
recommendation to the user in this case is based on
displaying the first N results (in most examples, the first
10 results are used). In the same way as in the previous
case, the user ID is selected, the IDs of his unrated movies
are determined, and after the prediction, sorting is
performed based on the rating, and the first 10 results are
displayed.

Using TF-IDF Algorithm

The TF-IDF (Term Frequency — Inverse Document
Frequency) algorithm was used to implement content-
based filtering. TF (Term Frequency) is the number of
occurrences of a word in a document divided by the total
number of words in the document. Each document has its
own term frequency. IDF (Inverse Data Frequency) is the
log of the number of documents divided by the number
of documents containing that word. The inverse data
frequency determines the weight of rare words in all
documents in the corpus. The TF-IDF algorithm is used in
natural language processing and is used to find
information in order to determine the importance of
terms in a document. Words that appear frequently in a
document will have a low weight value, while words that
are rare will have a higher rarity.

The first step in using this algorithm is text vectorization,
or transforming the text into numerical vectors that can
be processed by machine learning algorithms.The
approach used here is to remove “stop” words and other
unnecessary terms (symbols). Stop words are words that
occur frequently, but do not carry any significant
information, so they can significantly affect the processing
results. These words are actually words from standard
language, such as conjunctions and prepositions
(examples in English: a/an, the, and, in, at, on). The words
are then tokenized into a list of terms, and a “dictionary”
of all unique terms is then created, where each term is
assigned a weight value based on the number of
occurrences in the document. The scikit-learn library in
Python provides a transformer called “TfidfVectorizer” to
calculate the weight values.

The second step is to create a matrix based on cosine
similarity. Cosine similarity is a measure of similarity
between two nonzero vectors in a high-dimensional
space. Calculating cosine similarity is reduced to
calculating the dot product of two vectors, which is the
sum products of their respective elements. Then the dot
product is divided by the product their magnitudes to
obtain the cosine of the angle between the two vectors.
The result is a similarity measure two vectors, where a
value of 1 indicates that the vectors are identical and a
value of 0 indicates that they are are completely different
vectors. In the specific example, the cosine similarity
comparison between more documents, those that are
most similar to each other are identified and grouped
accordingly.

A simple example in the implementation of the above is
the TF-IDF text vectorization which is composed of movie
titles and genres. After text vectorization and cosine
similarity calculation the method for determining
recommendations is passed the name of the movie, on
the basis of which they are found similar films, and the
results of the 10 most similar films are printed. From the
results it can be concluded that the appearance of genres
determines the search results, and this type of
recommendation can be useful for movies that have the
same name (sequels of movies by numbers and years).

Figure 7. | Generating recommendations for the movie
"Contact" as an example of a recommendation
based on the movie title

movie_title Contact
print(movies[movies.title.eq(movie_title)]

movield title genres combined
1584 Contact Drama|Sci-Fi Contact Drama|Sci-Fi

recommendations get_recommendations(movie title

nt(f"Preporuke za film ‘{movie_title}':"

Preporuke za film 'Contact’:
. V (Drama|Sci-Fi)
. It's Me, It's Me (Comedy|Drama|Sci-Fi)
. Love (Drama|Sci-Fi)
. Last Night (Drama|Sci-Fi)
. Day After, The (Drama|Sci-Fi)
. Everything I Can See From Here (Adventure|Animation|Drama|Sci-Fi)
. Day, The (Drama|Sci-Fi|Thriller)
. Making Contact (Fantasy|Horror|Sci-Fi)
. Beyond the Stars (Drama|Sci-Fi)
. Face of Another, The (Drama|Sci-Fi)

Figure 8. | Display of referral generation for a randomly
selected user

recommended_movies = get_movie_recommendations

print(f"Preporuke za korisnika sa ID {user_id}:"
i title, genres) in enumerate(recommended_movies
print(f™ 1}. {title} ({genres})"

Visoko ocijenjeni filmovi korisnika ID 1:
['Cinema Paradiso’, ‘Dracula’, 'French Connection, The', "Tron"]
Preporuke za korisnika sa ID 1:

1. Othello (Drama)

. Dangerous Minds (Drama)

. Cry, the Beloved Country (Drama)

. Restoration (Drama)

. Georgia (Drama)

. Home for the Holidays (Drama)

. Mr. Holland's Opus (Drama)

. Two Bits (Drama)

. Journey of August King, The (Drama)
1@. Margaret's Museum (Drama)

VNN R WwN

Using KNN and SVD Algorithm

Two algorithms were used to implement collaborative
filtering: KNN (K—Nearest Neighbor) and SVD (Singular
Value Decomposition). The KNN algorithm, as the name
suggests, refers to finding K “nearest neighbors”, in this
case either users or movies (since the two already
explained “user-user” and “item-item” approaches were
used). On the other hand, the SVD algorithm uses a matrix
factorization technique that decomposes the matrix into
a product of matrices of lower dimensionality and then
extracts features from highest to least importance.
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KNN represents n movies in a dimensional space defined
by n users (or vice versa depending on the approach
used). The distance between individual points can be
calculated in several ways, such as Euclidean distance, but
in this case, the already explained approach of applying

shown only on the example of the “user-user” approach.
So, this means that the similarity between users will be
used. The method for determining recommendations
performs several steps. Since the method is passed a
unique user identifier (userld), first the films that the user

has not rated are determined. The second step is to find
similar users to the forwarded user. The third step is to
predict the ratings that the user would give to unrated
movies, based on the ratings that have already been given
to that film by similar users. Finally, those predictions are
sorted into in descending order, and the first N
recommendations are printed. For a randomly selected
user, these two algorithms gave different results for the
first 10 recommendations. Of course, this was also
expected, given that different approaches are used.
Subsequent analysis determined that KNN gives a more
"generic" prediction in terms of grades. A separate section
related to the metrics themselves, and efficiency of these
algorithms will be shown below.

cosine similarity will be used, as it gives better results in
terms of performance on high-dimensional datasets.

Thus, KNN iterates over the individual elements, while
SVD considers the matrix as a whole. By decomposing the
user-film matrix, two matrices user and film are obtained.
Then, based on the non-empty cells in the user-film
matrix, the values of cells that do not have values are
predicted. These two algorithms can be easily
implemented using the surprise library in Python, which
provides features such as converting the data set to a valid
format. After loading the data, the data is divided into two
groups: training and test (80% training and 20% test). The
models of both algorithms are simply initialized and
trained with the training data. The application will be

Figure 9. | Display of KNN and SVD algorithm recommendations

display_recommendatio! recommendations_data_svd

: 6016, Naslov: City of God (Cidade de Deus) (2@@2) (Action|Adventure|Crime|Drama|Thriller)
: 1221, Naslov: Godfather: Part II, The (1974) (Crime|Drama)

: 2542, Naslov: Lock, Stock & Two Smoking Barrels (1998) (Comedy|Crime|Thriller)

: 318, Naslov: Shawshank Redemption, The (1994) (Crime|Drama)

: 858, Naslov: Godfather, The (1972) (Crime|Drama)

: 1212, Naslov: Third Man, The (1949) (Film-Noir|Mystery|Thriller)

: 5@, Naslov: Usual Suspects, The (1995) (Crime|Mystery|Thriller)

: 1213, Naslov: Goodfellas (199@) (Crime|Drama)

: 2329, Naslov: American History X (1998) (Crime|Drama)

: 922, Naslov: Sunset Blvd. (a.k.a. Sunset Boulevard) (195@) (Drama|Film-Noir|Romance)

display_recommendations(recommendations_data_knn

: 6, Naslov: Heat (1995) (Action|Crime|Thriller)

: 68, Naslov: French Twist (Gazon maudit) (1995) (Comedy|Romance)

: 188, Naslov: Catwalk (1996) (Documentary)

: 136, Naslov: From the Journals of Jean Seberg (1995) (Documentary)

: 186, Naslov: Nine Months (1995) (Comedy|Romance)

: 203, Naslov: To Wong Foo, Thanks for Everything! Julie Newmar (1995) (Comedy)
: 217, Naslov: Babysitter, The (1995) (Drama|Thriller)

: 263, Naslov: Ladybird Ladybird (1994) (Drama)

: 274, Naslov: Man of the House (1995) (Comedy)

: 279, Naslov: My Family (1995) (Drama)

Figure 10. | Comparison of cross-validation results

cross_validate KNN = ¢ algo KNN, rating df K m s=[ 'RMSE MAE ']

Computing the cosine similarity matrix...
Done computing similarity matrix.
Computing the cosine similarity matrix...
Done computing similarity matrix.
Computing the cosine similarity matrix...
Done computing similarity matrix.
Computing the cosine similarity matrix...
Done computing similarity matrix.
Computing the cosine similarity matrix...
Done computing similarity matrix.
Evaluating RMSE, MAE of algorithm KNNWithMeans on 5 split(s).

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std
RMSE (testset) ©0.9318 ©.9302 ©.9201 ©.9243 ©.9281 ©.9269 ©.8042
MAE (testset) ©.7146 ©.7127 ©.7052 0©.7068 ©.7111 ©.7101 ©.8035
Fit time 5.32 5.25 6.18 5.68 5.64 5.58 8.3e
Test time 4.22 4.23 4.59 4.47 4.34 4.37 .14

cross_validate_SVD = cro at i rating df

Evaluating RMSE, MAE of algorithm SVD on 5 split(s).

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std
RMSE (testset) ©.8962 ©.5143 ©.8875 ©.8872 ©.9019 0.8974 e.e101
MAE (testset) 0.6903 ©.7829 ©.6854 ©.5833 0.6948 ©.6913 0.8679
Fit time 8.89 8.89 8.96 8.85 8.83 8.88 8.es5
Test time 8.13 e.18 0.12 e.1e 9.e9 .13 0.83
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4. RESULTS COMPARISON
PERFORMANCE REVIEW

The metrics used to evaluate the performance of
algorithms are MAE (Mean Absolute Error), MSE (Mean
Squared Error), RMSE (Root Mean Squared Error). MAE or
mean absolute error represents the average of the
absolute difference between the actual and predicted
values in the data set, i.e. it measures the average of the
residuals in the data set. MSE or mean square error
represents the average of the squared difference between
the original and predicted values in the data set, i.e. it
measures the variance of the residuals. RMSE or root
mean square error is the square root of the mean square
error, i.e. it measures the standard deviation of the
residuals. Since the collaborative filtering technique
represents a regression-supervised model, the output is a
numerical value (score).

AND

Figure 11. | Comparison of the results of the output test dataset

train_test_KNN =
print{train_test_KNN.head())

One approach to calculating these metrics is to use the
built-in  “cross validate” function within the surprise
library where the algorithms and the data set are passed.
How an additional parameter is also passed the number
of "cross validation folds" (in this case 5 of them). Based
on the results, it can be concluded that SVD has smaller
values for RMSE and MAE at test data set than KNN and
also takes less time to compute. The following image
shows the results of the scientific-experimental paper
topic.

The second calculation method is very similar, but unlike
cross-validation, the model is trained only once, after
which it is tested. In this example, RMSE, MAE, MSE are
printed, as well as a test dataset with the data uid (userld),
iid (movield), r_ui (rating) and est (predicted score). As in
the previous case, based on the results, it is observed that
SVD provides smaller errors, and therefore better
performance than the KNN algorithm, as shown in Figure
11.

train_test_algo(algo KNN, "algo_KNN"

Computing the cosine similarity matrix...

Done computing similarity matrix.
RMSE - algo_KNN ©.9306864728287642
MAE - algo_KNN ©.7122355378981291
MSE - algo_KNN ©.866177318706446
uid iid r_ui est
547 39307 2.5 3.829856
452 38e9 3.8 2.725402
1e2 1e36 4.8 4.199759
184 364 5.8 3.871193
472 7e7e 3.8 4.645791

train_test_SVD =
print(train_test_SVD.head()

RMSE - algo SVD ©.8912553725652782
MAE - algo_SVD ©.6878460760914464
MSE - algo_SVD ©.7943361391264729
uid iid r_ui est

3@ 2611 3.45518@

268 1517 3.761342
1476 = 3.773878

547 1282 : 3.72e801

56 3879 - 3.715933

5. DIRECTIONS FOR FURTHER RESEARCH
For the analysis and development of Al-based movie
recommendation systems, we provide several directions
for further research:

=  Improving recommendation algorithms such as:

o

Hybrid models — a combination of
collaborative filtering and content-
based filtering for more accurate
recommendations.

Deep Learning — using recurrent
neural networks (RNN) and
transformer models for more

sophisticated recommendations.

{*actual_k':
{*actual_k':
{*actual _k"':
{"actual_k':
{‘actual_k':

train_test_algo(algo_SVD

{'was_impossible":
{'was_impossible

{'was_impossible':
{'was_impossible':
{'was_impossible':

details
‘was_impossible': False}
'was_impossible': False}
'was_impossible': False}
‘was_impossible': False}

‘was_impossible’: False}

algo_SVD"

details
False}
False}
False}
False}
False}

o Graph Neural Networks (GNN) -
modeling the relationship between
users, movies, and movie features.

=  Recommendation personalization:

o  Contextual recommendation — taking
into account the user’s current mood,
time of day, or previous activities.

= A nalysis of users’ emotional reactions
to movies using sentiment analysis and
biometrics.

Also include natural language processing in
recommendations. Then implement federated learning to
protect user privacy when analyzing data. Develop edge

computing solutions to run Al recommendations on the
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user’s device, reducing server dependency. All of the
above could improve and advance the recommendation
system in further and future experimental research on
this topic..

6. CONCLUSION

Nowadays, when there are many options for choosing a

There are several techniques that are used to build such a
system, which can be applied in several different areas
and domains. Two popular techniques are content-based
filtering and collaborative filtering, but the best results are
provided by a hybrid recommendation system, which
combines the best characteristics of both techniques.
Creating the best and most accurate system depends on

many factors, such as an adequate data set, and choosing
the best algorithm and model. By analyzing the data and
evaluating the model using various metrics, important
parameters can be determined, which aim to determine
the performance and accuracy of the generated
recommendations.

product or service, recommendation systems are used in
personalization, helping the user to find something they
like in a very fast and efficient way. Personalizing
recommendations achieves an improved user experience,
and for the platform itself results in increased revenue.
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