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Abstract 
The paper aims to analyze and implement an opƟmal hybrid movie recommendaƟon system using arƟficial intelligence on a 
large dataset. The research quesƟon is how the combinaƟon of different arƟficial intelligence filtering algorithms affects the 
accuracy and performance of recommendaƟons in the context of big user data. The methodological framework includes 
processing large datasets (Big data), implemenƟng different recommendaƟon algorithms, and evaluaƟng 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, collaboraƟve filtering, and a hybrid model that 
combines the advantages of both approaches. The main findings confirm that the hybrid approach, integraƟng the best 
features of the standalone methods, provides the highest accuracy and stability in predicƟng user preferences in a Big data 
environment. Our hybrid model showed an RMSE (Root Mean Squared Error) of 0.89. A lower value is beƩer, 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 (beƩer) than KNN. In terms of tesƟng speed, SVD is 33.6 Ɵmes faster than KNN, as the 
average tesƟng Ɵme for SVD was 0.13 seconds, and for KNN it was 4.37 seconds, indicaƟng a much beƩer 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 contribuƟon of the paper provides empirical confirmaƟon of the superiority of hybrid 
architectures in the domain of recommender systems and modeling, but also as a pracƟcal guide for engineers and a 
theoreƟcal basis for future research in the field of personalized arƟficial intelligence soluƟons, which directly addresses the 
challenges faced by companies such as Neƞlix, Amazon, YouTube, and applicaƟons in other industrial systems, and Big data 
analyƟcs. The contribuƟon of the work is also reflected in poinƟng out the importance of proper data processing and selecƟon 
in the development of intelligent recommendaƟon systems. 
 
Keywords: ArƟficial intelligence; Machine learning algorithms; Big data; RecommendaƟon system; Data analysis; Company 
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1. INTRODUCTION 
In the context of rapid digital transformaƟon and 
exponenƟal growth of available content, companies and 
users are faced with the phenomenon of informaƟon 
overload. Global plaƞorms such as Neƞlix, Amazon and 
SpoƟfy offer catalogues with millions of items. This 
abundance of opƟons oŌen results in choice paralysis for 
consumers, leading to reduced engagement and potenƟal 
churn (Provost & FawceƩ, 2013). For management, this 
presents a criƟcal challenge: how to guide the user 
through a massive catalogue to maximize customer 
retenƟon and Customer LifeƟme Value (CLV). 

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

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

inherent limitaƟons. CollaboraƟve filtering (e.g., SVD 
model) effecƟvely 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 oŌen suffers from 
a lack of variety (novelty), recommending only what is 
closely related to previous choices (Balabanović & 
Shoham, 1997). 

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

The theoreƟcal soluƟon of this paper lies in hybrid 
recommender systems, which combine the best features 
of both approaches. However, finding the opƟmal hybrid 
architecture that achieves superior accuracy while 
maintaining operaƟonal efficiency on large datasets 
remains a central research quesƟon in the RS field (Burke, 
2002). 
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This paper aims to empirically validate the performance 
of a hybrid movie recommendaƟon system by applying 
different algorithms (including SVD and KNN) on a massive 
dataset. The research quesƟon is: How does the 
combinaƟon of factorial and neighbourhood-based 
models affect the predicƟon accuracy (RMSE) and 
operaƟonal efficiency (test Ɵme) of recommendaƟons in 
the context of big data? 

The presented findings serve as a pracƟcal guide for 
informaƟon systems managers in making decisions about 
implemenƟng and opƟmizing RS architectures. The paper 
is divided into the following chapters: introducƟon and 
theoreƟcal background, descripƟon of methodology and 
data, results and discussion, conclusion and literature.   

2. DESCRIPTION AND ANALYSIS OF THE 
RECOMMENDATION SYSTEM 

2.1. IntroducƟon  
Recommender systems are based on monitoring browsing 
behaviour and browsing history of users to create 
different paƩerns and find similariƟes in the data. The 
simplest approach to how these systems work is that aŌer 
using some soŌware or system, the user leaves a lot of 
their private data, about their habits or the products and 
services they are interested in. OrganizaƟons then use this 
collected data to extract relevant informaƟon from this 
data and build a unique descripƟon 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 applicaƟons are Neƞlix, Amazon, SpoƟfy, 
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 similariƟes. The factors that are part of this 
data can vary from different types of informaƟon, such as 
browsing or purchasing history, to much deeper data that 
can provide more precise results, including demographic 
data. This approach can achieve recommendaƟons 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 recommendaƟons. 
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 applicaƟon areas of 
recommendaƟon 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 
recommendaƟon systems in applicaƟons and systems can 
significantly increase revenue, as well as the number of 
views (clicks), and various other metrics. The key factor is 
the saƟsfacƟon and retenƟon of exisƟng members and 

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

2.2. Content-based Filtering 
Content-based filtering is one of the types of 
recommendaƟon systems that, as the name suggests, is 
based on content itself. The quesƟon is what consƟtutes 
“content” in a specific context. Content comprises the 
items or characterisƟcs of an individual product or 
service. This principle takes all the characterisƟcs 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 characterisƟcs, age, gender, 
status, and other specific aƩributes are taken into 
account, this type will find all products or services that 
meet the above condiƟons. 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 applicaƟon of this type of 
recommendaƟon. In pracƟce, this procedure would be 
much more advanced and complex. The main segment of 
this type of recommendaƟon is the extracƟon of key 
features from the content itself. The modelling of this 
system is based on determining relevant aƩributes, which 
could be interesƟng for study. One of the classic examples 
of the applicaƟon of this type is the keyword-based 
model, which is also called the vector space model with 
the frequency weighƟng 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 

 

Source: NVIDIA. 

2.3. CollaboraƟve Filtering 
One of the most effecƟve types used in recommender 
systems is collaboraƟve filtering. The collaboraƟve 
filtering method is based on analyzing user behavior and 
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finding similariƟes 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, interesƟng or any other descripƟve aƩribute). 
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 
recommendaƟon is also called “user-user” collaboraƟve 
filtering, because it is based on the similariƟes of the users 
themselves. 

Figure 2.  | An example of colloboraƟve filtering 

 

Source: NVIDIA.  

3. METHODOLOGY AND 
IMPLEMENTATION OF THE 
RECOMMENDATION SYSTEM 

3.1. IntroducƟon 
In this part of the work, the pracƟcal part of the 
recommendaƟon system implementaƟon 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 aforemenƟoned 
types will be used, along with the accompanying 
recommendaƟon algorithms. Although it is a 
recommendaƟon system for movies, another 
recommendaƟon 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 implementaƟon 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, visualizaƟon capabiliƟes, flexibility, 
community support, and plaƞorm 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 
applicaƟons, 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 
wriƩen in a tool called Jupyter Notebook. Jupyter 
Notebook provides support for creaƟng and sharing a 
document containing “live” (executed) code, which is 
accompanied by visualizaƟon and a descripƟve part of the 
text. When it comes to the implementaƟon 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 collaboraƟve filtering. 

The dataset used for the implementaƟon of the pracƟcal 
part is the MovieLens Dataset. Behind this dataset is the 
organizaƟon GroupLens Research, which collected and 
made available data on reviews (raƟngs) from the 
MovieLens website. The data was collected in different 
Ɵme 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 arƟficial intelligence models. It is also possible to 
publish your own datasets, work with other scienƟsts and 
engineers, as well as parƟcipate in various compeƟƟons 
and challenges related to solving problems in the field of 
“data science”. The MovieLens dataset itself contains user 
raƟngs for certain movies (in addiƟon, 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 idenƟfier (ID). 

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

 removing duplicates (if any), 
 removing N/A values (if any), 
 omiƫng movies or users who are not “acƟve” 

(users who have leŌ a small number of reviews 
or movies that have received a small number of 
reviews).
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Figure 3.  | Dataset overview 

 

The next step is to visualize the available data, so that 
certain trends and connecƟons 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 interesƟng 
graphical displays can include: 

 distribuƟon of reviews (overview of the number 
of reviews per category), 

 calculaƟon of the mean and median value of 
reviews, 

 average of reviews per user and film, 
 average number of reviews per user and film, 
 distribuƟon of film genres, 
 state of reviews by year. 

3.3. ImplementaƟon of the 
RecommendaƟon System 

AŌer preparing and analysing the data, we can start 
creaƟng a movie recommendaƟon system. Since the data 
set has been researched, filtered, and is ready for use, we 
can start implemenƟng various algorithms. These 
algorithms will demonstrate their accuracy, precision, and 
performance in predicƟng the raƟngs a user would give to 
movies they have not watched (rated), and generaƟng 
recommendaƟons based on movies the user has watched 
(rated) or based on similariƟes between users and movies 
and other movies. 

Neural Network Model 
To create the neural network model, it was necessary to 
addiƟonally 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 specificaƟons themselves. 
For this reason, the raƟngs were addiƟonally filtered in a 
way that "rejects" lower raƟngs, leaving only raƟngs 4 and 
5. This approach leŌ 12 million reviews. In this way, a 

binary classificaƟon can be simulated, so that a raƟng of 5 
is considered a film that the user would like (or that he 
would rate as such), while a raƟng of 4 represents a film 
that he "likes" less. In this context, it is a film that he "does 
not like", because the remaining raƟngs are only 4 and 5, 
which can be mapped to the values 0 and 1. An addiƟonal 
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 
“saƟsfactory” amount of data for training the model 
(about 3.6 million reviews). Before creaƟng the model, it 
is sƟll 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 beƩer. 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: 

 input layers - user_input and movie_input, 
which represent unique idenƟfiers, 

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

 representaƟons of users and movies, i.e. 
transform idenƟfiers into densely distributed 
vectors, 

 flaƩen layers - user_flaƩen and movie_flaƩen, 
which serve to "flaƩen" the results, 

 from the embedding layers, which is achieved 
by converƟng matrices into vectors, 

 concatenaƟon layer - serves to merge the 
results from the flaƩen layers into a single 
vector, 

 dense layers - fully connected layers (128 
neurons and a "relu" acƟvaƟon funcƟon), 

 output layer - contains 1 neuron (represenƟng 
one output) and has a linear acƟvaƟon funcƟon. 

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" 
opƟmizer, 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 (raƟng). The training process 
is divided into 10 epochs, which took approximately 3 and 
a half hours. Of course, with different hardware 
specificaƟons, variaƟons in the execuƟon Ɵme of the 
training process are possible. AŌer 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. AŌer 
loading the saved model (or conƟnuing to work on the 
current model), predicƟons are made based on the test 
data. Based on these predicƟons, 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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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 raƟng.csv file that is not included in the model training 

process, some random idenƟfiers for users and movies 
can be selected.

 

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

 

Figure 5.  | Neural network model score predicƟons 

 

Figure 6.  | View neural network model recommendaƟons 

 

 

The goal of this is to first determine the movies that the 
user has not rated based on the randomly selected user 
idenƟfier, and then, based on the idenƟfiers of those 
movies, predict what raƟngs 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 raƟng for those movies by the selected user. 
Since they are on at the beginning, only grades 4 and 5 
were leŌ, 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 
raƟngs of all unrated movies for a user, and then simply 
sort these results from highest to lowest. The movie 
recommendaƟon 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 aŌer the predicƟon, sorƟng is 
performed based on the raƟng, 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 
informaƟon 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 vectorizaƟon, 
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 
informaƟon, so they can significantly affect the processing 
results. These words are actually words from standard 
language, such as conjuncƟons and preposiƟons 
(examples in English: a/an, the, and, in, at, on). The words 
are then tokenized into a list of terms, and a “dicƟonary” 
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. CalculaƟng cosine similarity is reduced to 
calculaƟng the dot product of two vectors, which is the 
sum products of their respecƟve 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 idenƟcal 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 idenƟfied and grouped 
accordingly. 

A simple example in the implementaƟon of the above is 
the TF-IDF text vectorizaƟon which is composed of movie 
Ɵtles and genres. AŌer text vectorizaƟon and cosine 
similarity calculaƟon the method for determining 
recommendaƟons 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 
recommendaƟon can be useful for movies that have the 
same name (sequels of movies by numbers and years). 

Figure 7.  | GeneraƟng recommendaƟons for the movie 
"Contact" as an example of a recommendaƟon 
based on the movie Ɵtle 

 

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

 

Using KNN and SVD Algorithm 
Two algorithms were used to implement collaboraƟve 
filtering: KNN (K–Nearest Neighbor) and SVD (Singular 
Value DecomposiƟon). 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 
factorizaƟon 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 
cosine similarity will be used, as it gives beƩer 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 converƟng the data set to a valid 
format. AŌer 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 iniƟalized and 
trained with the training data. The applicaƟon will be 

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 recommendaƟons 
performs several steps. Since the method is passed a 
unique user idenƟfier (userId), 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 raƟngs that the user would give to unrated 
movies, based on the raƟngs that have already been given 
to that film by similar users. Finally, those predicƟons are 
sorted into in descending order, and the first N 
recommendaƟons are printed. For a randomly selected 
user, these two algorithms gave different results for the 
first 10 recommendaƟons. Of course, this was also 
expected, given that different approaches are used. 
Subsequent analysis determined that KNN gives a more 
"generic" predicƟon in terms of grades. A separate secƟon 
related to the metrics themselves, and efficiency of these 
algorithms will be shown below. 

Figure 9.  | Display of KNN and SVD algorithm recommendaƟons 

 

Figure 10.  | Comparison of cross-validaƟon results 
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4. RESULTS COMPARISON AND 
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 deviaƟon of the 
residuals. Since the collaboraƟve filtering technique 
represents a regression-supervised model, the output is a 
numerical value (score). 

One approach to calculaƟng these metrics is to use the 
built-in “cross validate” funcƟon within the surprise 
library where the algorithms and the data set are passed. 
How an addiƟonal parameter is also passed the number 
of "cross validaƟon 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 Ɵme to compute. The following image 
shows the results of the scienƟfic-experimental paper 
topic. 

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

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

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

 Improving recommendaƟon algorithms such as: 
o Hybrid models – a combinaƟon of 

collaboraƟve filtering and content-
based filtering for more accurate 
recommendaƟons. 

o Deep Learning – using recurrent 
neural networks (RNN) and 
transformer models for more 
sophisƟcated recommendaƟons. 

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

 RecommendaƟon personalizaƟon: 
o Contextual recommendaƟon – taking 

into account the user’s current mood, 
Ɵme of day, or previous acƟviƟes. 

 A nalysis of users’ emoƟonal reacƟons 
to movies using senƟment analysis and 
biometrics. 

Also include natural language processing in 
recommendaƟons. Then implement federated learning to 
protect user privacy when analyzing data. Develop edge 
compuƟng soluƟons to run AI recommendaƟons on the 
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user’s device, reducing server dependency. All of the 
above could improve and advance the recommendaƟon 
system in further and future experimental research on 
this topic.. 

6. CONCLUSION 
Nowadays, when there are many opƟons for choosing a 
product or service, recommendaƟon systems are used in 
personalizaƟon, helping the user to find something they 
like in a very fast and efficient way. Personalizing 
recommendaƟons achieves an improved user experience, 
and for the plaƞorm itself results in increased revenue. 

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 collaboraƟve filtering, but the best results are 
provided by a hybrid recommendaƟon system, which 
combines the best characterisƟcs of both techniques. 
CreaƟng 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 
evaluaƟng the model using various metrics, important 
parameters can be determined, which aim to determine 
the performance and accuracy of the generated 
recommendaƟons.
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