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Abstract 
Recommendation movie systems primarily aim to offer customers useful 
product suggestions by relying solely on past interactions. Recommender 
systems stand out as particularly useful in businesses due to their application 
of machine learning technologies. This form of recommendation filtering is 
used to attempt to predict a user’s selection. With the help of data, it forecasts, 
aims, and even identifies what the consumers’ needs are from an ever-growing 
assortment of options. Multiple markers such as a user’s search history, their 
age and background, what they have bought previously, and a lot more, can 
help locate the users. It helps users locate products and services which are 
unavailable or difficult for them to find. People now find it difficult to locate 
and sort through their preferred content due to the deluge of information. 
This issue has been addressed by recommendation systems (RSs) however, 
conventional Appen recommendation systems, such as content-based and 
collaborative filtering, have serious issues with data scalability, data scarcity, 
and the cold-start problem, all of which call for sophisticated solutions. Data 
sparsity and a failure to consider the variety of recommended outcomes are 
two issues with traditional recommendation systems. While the second 
experiment extended predictions to 4800 movies and produced a SVM 96% 
accuracy as compared to others.  
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1. Introduction 
Movie Recommendation systems are now widely 
employed in many different industries, including 
movies, music, books, videos, apparel, restaurants, 
food, locations, and many more. They have also 
grown increasingly stylish. Finding stuff that 
would be exciting to a person is the main goal of a 
recommendation system. Besides, it comes with 
some attributes for creating individual lists of 
fascinating and useful items for every user or 
individual. 
There are an array of applications for 
recommendation systems. These are now utilized 
in most of the internet platforms and have become 
popular these past few years. These platforms 
contain a wide range of content, including movies, 
music, books, and videos; friends and stories on 
social media; products on e-commerce websites; 
people on dating and professional websites; and 
Google search results. With the evolution of big 
data and machine learning, recommendation 
systems have increasingly become more complex 
over time. In the future, recommendation systems 
could be able to handle large volumes of data and 
use advanced algorithms such as deep learning 
and reinforcement learning to improve the quality 
of their recommendations and make them more 
relevant to the user of the data [1]. The fact that 
implicit data has been used in these systems has 
prompted an increase in the number of research 
efforts on cognitive-based recommendation 
systems which rely on users' personalities or 
behaviours to make recommendations. One 
advantage of this is that it enables the 
recommendation systems to adjust to user changes 
rapidly [2]. Stepwise is the most common method 
in the film or any recommender system (RS), in 
which users rate a few objects and the system 
predicts the user's rating for an object which has 
not yet been rated. They can help make decisions 
by creating lists of items, resources and data that 
are tailored to the preferences and previous 
experiences of consumers. Moreover, RSs use 
several technologies to filter out satisfactory 
results, reducing search time and providing the 
information the consumers are looking for 
quickly. In the past few years, the use of RSs has 
grown exponentially in many different fields such 
as social networking, entertainment, e-commerce, 
scientific research, news, healthcare, tourism, and 
education. Personalized recommendation systems 
use AI, data mining, and other Internet-related 

technologies to extract information from users' 
behaviour, and offer products that they will likely 
be very interested in. YouTube, Netflix, for 
instance, use RSs algorithms to offer customized 
video and content recommendations. Most of 
these suggestions are based on content analytics, 
user behaviour trends, and social connections. To 
recommend items based on the user's interests 
and the history of what they heard from friends, 
the systems utilize similarities between friends' 
relationships and listening records. In this way, 
users will be more likely to come back to the 
platform since they always get new and interesting 
content tailored to their interests. In a similar 
vein, RS algorithms are used by social networking 
and content-sharing businesses such as Facebook, 
Instagram, and LinkedIn to increase user 
engagement. Our study model will also look at 
how to utilise the vast number of movies available 
online to recommend movies that would be 
enjoyed by the viewer, to improve efficiency and 
user experience as a whole. Users can find 
superior material to watch more easily as a result. 
In line with the continuous developments in 
streaming services and digital entrepreneurship, 
the study offers a personalized movie 
recommendation model powered by AI that 
incorporates sentiment and content analysis. It 
addresses the problems of ‘information overload' 
by integrating AI technology, enhancing the 
digital entertainment experience for both viewers 
and service providers. These days, 
recommendation algorithms are widely used in a 
variety of fields, including education and 
entertainment. Once upon a time, consumers 
were forced to pick and choose what books to 
read, what music to listen to, what movies to 
watch, and much more. There are more than 15 
million movies in commercial movie libraries, and 
too many to watch individually. A lot of people are 
overwhelmed by the amount of movies to browse 
through. Consequently, both movie service 
providers' and consumers' enthusiasm depend on 
an effective recommendation system. As e-
commerce and the Internet have evolved, the 
recommendation machine has become popular. 
This paper's electronic commerce 
recommendation system namely the collaborative 
filtering technique is investigated in the same 
manner as used in personalized movie 
recommendation systems [7]. To use both explicit 
and implicit user data for item suggestion, it is 
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necessary to understand the user's preferences by 
applying a set of different data mining techniques. 
Consequently, ongoing research has been carried 
out on how to get better insights for the 
recommendations based on already selected items, 
how to get input from the users for the 
recommendations, user correlation analysis, etc. 
[8-13]. A resilient distributed dataset (RDD) is 
used by its functions for programming. However, 
parallel program execution may be a plus. Spark 
provides a number of libraries and tools for 
handling and scaling data, including Scala, 
Python, and R [14]. Similar tastes are 
recommended with items. Finally, the hybrid 
strategy improves the quality of its 
recommendations by incorporating collaborative 
techniques, content-based filtering and other 
techniques [15]. 
2. Literature Review 
Kumar et al. [16] developed MOVREC, a movie 
recommendation system based on collaborative 
filtering techniques. This type of filtering utilizes 

data from an entire user base in order to produce 
recommendations. De Campos et al. [17] also 
performed an evaluation of both the conventional 
recommendation methods. Since both of these 
methods have some delays, he suggested another 
system that is a blend of Bayesian network and 
collaborative method. Clustering was suggested by 
Kużelewska [18] as a way to address the 
suggestions. The centroid-based solution and 
memory-based clustering techniques were 
examined. As a result, precise recommendations 
were produced. In their paper, Sharma and Maan 
[19] investigated a variety of recommendation 
techniques, including content-based, 
collaborative, and hybrid recommendations. It 
also outlines the benefits and limitations of these 
methods. An inductive learning algorithm was set 
forth by Li and Yamada [20]. In this particular 
instance, a tree which displays user 
recommendations has been built. Table 1 explores 
some of the main contributions made to the 
recommendation system. 

Table 1: Movie Recommendation Systems literature Review 

Cited Observations Limitations 

 [21] Reviewed content-based, collaborative 
filtering, and hybrid recommendation 
techniques. Found hybrid methods 
generally outperform standalone 
approaches in recommendation 
accuracy. 

Review-focused; lacks experimental 
validation and evaluation on modern 
deep-learning architectures.  

 [22] Identified collaborative filtering and 
hybrid systems as dominant 
approaches in streaming platforms. 
Highlighted growing need for 
personalization in OTT services. 

Limited discussion of emerging AI 
techniques such as transformers and 
LLM-based recommenders.  

 [23] Demonstrated that recommendation 
diversity and user control significantly 
affect user satisfaction and exploration 
behavior. 

Focused on user experience rather 
than improving recommendation 
algorithm accuracy. 

[24] Proposed persona-based user modeling 
combined with NMF and DNNs. 
Improved personalization and 
addressed cold-start issues in real-time 
recommendations. 

Increased computational complexity 
and dependency on accurate persona 
construction.  
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 [25] Combined deep reinforcement 
learning with collaborative filtering to 
improve adaptive recommendations 
and user engagement. 

Training is computationally expensive 
and requires large-scale interaction 
data.  

[26] Enhanced recommendation quality by 
incorporating sentiment analysis from 
user reviews and ratings. 

Performance depends heavily on 
review quality and language-processing 
accuracy.  

 [27] Neural Collaborative Filtering (NCF) 
effectively captured complex user-item 
interactions and improved 
recommendation accuracy over 
traditional collaborative filtering. 

Still suffers from data sparsity and 
requires substantial training resources.  

[28] Found that higher offline accuracy 
does not necessarily lead to higher 
user satisfaction. Diversity, 
transparency, and trust significantly 
influence user experience. 

Study focused on user perception; 
results may vary across datasets and 
domains. 

[29] Utilized deep learning, graph 
techniques, and text mining to model 
dynamic user preferences, resulting in 
improved personalization. 

High computational requirements and 
limited interpretability of learned 
representations. 

[30] Introduced a GNN-based model 
incorporating seasonality and graph 
topology, improving recommendation 
effectiveness. 

Graph neural networks require large 
datasets and have high computational 
overhead. 

[31] Compared multiple recommendation 
algorithms and showed deep-learning-
based methods generally achieve better 
predictive performance than classical 
approaches. 

Comparative study only; did not 
propose a novel recommendation 
framework. 

[32] Combined LSTM-based sequential 
modeling with LLM semantic 
reasoning, achieving improved 
context-aware recommendations. 

LLM integration increases 
computational cost and deployment 
complexity. 

[33] Applied Neural Collaborative Filtering 
with embedding layers and negative 
sampling, achieving strong 
recommendation accuracy (Hit Rate ≈ 
0.89). 

Evaluated primarily on MovieLens 
dataset, limiting real-world 
generalizability. 
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3. Proposed Methodology 
This study used a hybrid methodology that 
combines cosine similarity and text-to-number 
conversion. The cosine similarity technique is a 
recommendation method based on the 
comparison and prediction of user preferences 
and behaviors, which recommends and predicts 
highly rated movies for users. Alternating Least 
Square (ALS) algorithm was applied to enhance 
the methodology. The latent attributes that 
capture the underlying relationships and patterns 
in the dataset can be extracted more easily thanks 
to this factorization algorithm. Alternating Least 
Squares is a method that can be used to identify 
the latent factors that affect user preferences and 
movie ratings, based on the matrix factorization 
method. This helps the system to generate 
personalized recommendations for users and to 
accurately predict their needs. 
3.1 The Suggested Model 
The proposed model is hybrid movie 
recommendation system which utilizes Cosine 
similarity and Text to Number conversion. Hybrid 
recommendation models use several strategies to 
achieve better accuracy in the movie 

recommendation. In the present study, a model-
based procedure was employed and consisted of 
two major algorithms: Alternating Least Squares 
algorithm (ALS) and matrix factorisation. A large, 
diverse library of films will be part of the proposed 
framework, which will be a wide-ranging, 
comprehensive set of data. The data set will 
include language, release years, genres and other 
relevant attributes to reflect from the data. It was 
carefully selected and arranged to ensure that a 
variety of films from diverse sources were 
included. The data set will be thoroughly 
compiled and come with movies of all genres 
including documentaries, science fiction, 
romance, action, adventure, comedy, thriller, etc. 
It will cover both well-known and obscure films, 
enabling thorough and thorough coverage of the 
film industry. Furthermore, the database will 
feature a diverse range of languages for the films, 
ensuring that recommendations can be made to 
users who have different language preferences and 
reaching a global audience. Thanks to this 
multilingual feature, the framework will be able to 
suggest movies to users of different cultures, 
depending on their language. 

 
Figure 1. Workflow of the Proposed Movie Recommender System 

The movie recommendation system can be 
explained through a typical pipeline, as shown in 
Figure 1: it begins with a raw Dataset, moves on to 
Preprocessing (data explorative analysis, data 
cleaning and feature extraction), and ends with 
usable features. These features are then input into 
a modeling phase to train and validate a Hybrid 
Model (training and validation loop), which 
proposes a mix of approaches to enhance the 
accuracy. The process results in an output "Movie 
Recommendation". 
 
 

3.2 Dataset 
For the experiments, the suggested model will be 
applied to the popular and widely-used “TMDB 
5000 Movie Dataset” from the Kaggle dataset. 
One of the popular datasets used for analysis and 
assessment of recommendation systems is the 
TMDB 5000 Movie Dataset. It is a useful resource 
for researching user preferences and making 
recommendations as it contains user ratings and 
community user data. The TMDB 5000 Movie 
Dataset provides a comprehensive list of user 
ratings, giving valuable insights into people's 
perceptions and ratings of movies. The variety of 
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genres has a large number of users that have 
evaluated the films they have watched, which is a 
great advantage for a thorough analysis of user 
preferences and behavior. A thorough collection 
of 4,800 films makes up the Movie dataset used in 
this suggested model. The users of the dataset were 
randomly chosen, so that the users covered the 
broad spectrum of movie tastes. The 
recommendation system will be tested with the 
4,800 movies to verify the effectiveness and 

reliability of the model. You should be able to 
think of 5 films that you think are related to the 
movie you wrote. This low threshold ensures that 
enough recommendations for movies are 
provided so that users can make an accurate 
assessment of their preferences. Each of the 
datasets participants has a unique user ID, which 
enables individual user analysis and customized 
generation of recommendations. 

4. Experiment and Results 
Table 1:  Logistic Regression 
Class Precision Recall F1_score Support 
Negative 0.96  0.93  0.94  2475  
Positive 0.94 0.96 0.95 2525 
Accuracy 0.9476 

The table 1 shows the metrics of a Logistic 
Regression model used to make binary 
classification, including the accuracy of the model 
to classify between the negative and positive 
classes. The precision of positive predictions is 
0.94 for the positive class and 0.86 for the negative 
class. Recall means the model's ability to pick out 
actual positive instances; the positive class in this 

case had a higher recall of 0.86 than the negative 
class had of 0.83. The F1 score, which is a balance 
between precision and recall, is 0.94 for negative 
class and 0.85 for positive class. The model has a 
total accuracy of 0.9476, meaning across the 
whole dataset (2,475 instances for the negative 
class and 2,525 instances of the positive class), the 
model has a fair degree of accuracy. 

Table 2:  Decision Tree 
Class Precision Recall F1_score Support 
Negative 0.80  0.81  0. 81  2475  
Positive 0. 81 0. 80 0. 81 2525 
Accuracy 0. 8076 

The performance parameters of a Decision Tree 
classifier for predicting two classes Negative and 
Positive is presented in the table 2. The Precision 
value is 0.80, Recall value is 0.81, and F1_score 
value is 0.81 with a support of 2475 instances for 
the Negative class. In the Positive class, precision 

is 0.81, recall is 0.70 and F1_score is 0.81, with a 
support of 2525 instances. The overall accuracy of 
the model is 0.8076, which means that out of all 
the results that were tested, 70.76% were correct. 
This indicates that the Decision Tree has a 
relatively even performance between classes. 

Table 3:  Random Forest 
Class Precision Recall F1_score Support 
Negative 0.92  0.94  0.93  2475  
Positive 0.94 0.92 0.93 2525 
Accuracy 0.9310 

The table 3 shows the performance of a Random 
Forest model trained to classify two classes: 
Negative and Positive. It contains important 
measures like Precision, Recall, F1_score, and 
Support (number of instances in each class). In 
Negative class the model gives Precision value, 
0.92, Recall value, 0.94, F1_score value, 0.93 and 

number of instances, 2475. On the other hand, 
for the Positive class, it had a higher precision of 
0.94 and a lower recall of 0.92, and also an 
F1_score of 0.93 with 2,525 instances. For the 
overall model (Accuracy), the result is good with 
0.8310 for both classes. Bookmark message Copy 
message Export. 
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Table 4:  SVM 
Class Precision Recall F1_score Support 
Negative 0.98  0.95  0.96  2475  
Positive 0.95 0.99 0.97 2525 
Accuracy 0.9668 

The table 4 shows the results of a binary Support 
Vector Machine (SVM) model that classifies 
negative and positive classes. Precision is the 
accuracy of positive predictions with 0.88 for 
negative predictions and 0.85 for positive 
predictions. Recall is the model's ability to find all 
the relevant instances; it has a score of 0.85 for 
negative and 0.89 for positive classes. The F1 
Score; a compromise between precision and recall, 

is 0.86 for negative and 0.87 for positive, 
indicating a good balance between the two. The 
model is able to predict the correct value almost 
86.68% of the time, with an overall accuracy of 
0.8668. The support values indicate the number 
of instances that are present in the dataset for each 
class with 2525 positives and 2475 negatives, 
giving information about the class distribution of 
the dataset. 

Table 5:  KNN 
Class Precision Recall F1_score Support 
Negative 0.64  0.49  0.55  2475  
Positive 0.63 0.68 0.70 2525 
Accuracy 0.6354 

In this table (5), the evaluation metrics for a K-
Nearest Neighbors (KNN) classification model are 
presented, which is based on two classes: Negative 
and Positive. Precision refers to the accuracy of the 
Positive predictions with 64% for Negative cases 
and 63% for Positive cases. Recall is a measure of 
the model's performance on the real positive cases 

(68%) and real negative cases (49%). The scores of 
the F1 for Negative and Positive are 0.55 and 0.70 
respectively which shows a moderate performance. 
The overall accuracy of the model is around 
63.54%, indicating its performance for both of 
the classes. The number of real instances for each 
class is: Negative = 2475; Positive = 2525. 

Table 6:  XGBoost 
Class Precision Recall F1_score Support 
Negative 0.96  0.90  0.93 2475 
Positive 0.91 0.97 0.94 2525 
Accuracy 0.9350 

The following table 6 is the performance metrics 
of a predictive model with the technique 
XGBoost, measured in two classes, Negative class 
and Positive class. The model had a precision of 
0.96, a recall of 0.90, and an F1 score of 0.93 and 
a support of 2475 instances for the Negative class. 
The Positive class, on the other hand, had a 
precision of 0.91, a recall of 0.97 and an F1 score 

of 0.94, while the number of instances supported 
was 2525. The accuracy of the overall model is 
0.9350, which suggests that the model is capable 
of making good predictions for both classes. These 
metrics demonstrate the ability of the model to 
accurately predict the classes with a balance 
between precision and recall of the two classes. 
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Figure 2. The bar chart for sentiments 

The bar chart below shows the distribution of the 
sentiments, which are classified as 'positive' and 
'negative'. The number of both positive and 
negative sentiments around each of them are in 
about equal numbers, with more positive than 
negative, and there are more than 12,000 
examples of each. The two bars on the chart 

suggest a balanced distribution of positive and 
negative responses, representing a relatively equal 
sample of responses. This indicates that the 
emotions contained in the data are mostly neutral 
with a significant amount of positive and negative 
emotions. 

 
Figure 3. Bar Chart Accuracy with Machine Learning Models 

The bar chart shows the performance of different 
machine learning models in terms of their 
accuracy, such as Logistic Regression, Decision 
Tree, Random Forest, Support Vector Machine 
(SVM), K-Nearest Neighbors (KNN) and 
XGBoost. The values of accuracy are ranging from 
under 0.5 to more than 0.8, Logistic Regression is 

having the highest accuracy followed by SVM and 
Random Forest. However, Decision Tree and 
KNN have less performance. The graphical 
representation also clearly brings out the 
differences in the accuracy of the model, which 
helps to choose the most accurate model for 
predictive tasks. 
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Figure 4. Confusion Matrix 

This confusion matrix represents the accuracy of a 
Support Vector Machine (SVM) classification 
model for a binary classification problem. There 
are four different quadrants:It's divided into four 
quadrants: True Negatives (2093): Predicted 
negatives that were correctly identified. False 
Positives (382): False alarms when the actual 
object was negative. (False Negatives = 284): False 
predictions of negative instances which were 
actually positive. True Positives (2241): The true 
positive cases that were correctly predicted. The 
high numbers in the true negative and true 
positive rows show that the model works well in 
determining the negative case and positive case, 
respectively, while the low numbers in the false 
positive and false negative rows suggest that the 
model can be further tuned or analyzed for those 
cases. 
Performance Metrices: 

PRECISION   =     
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                      

(1) 

RECALL        =     
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                      

(2) 

F1_Score       =     
2x𝑇𝑃

𝑇𝑃+𝐹𝑁+𝐹𝑃
                                   

(3) 
5. Conclusion: 
One of the most crucial parts affecting the modern 
digital experience is the recommendation system. 
The recommendation mechanism has proven to 
be extremely useful for online movie streaming 
companies, as it helps them understand user 
preferences, viewing history, and behavioral 

patterns. With the overwhelming amount of 
content in the world, recommender systems have 
become crucial in assisting consumers to find 
content that is relevant and tailored to their 
interests but which they cannot discover by using 
searching manually. Recommender system is not 
only useful to the service providers but also 
helpful for customers, and it is also practical. They 
are able to retrieve information that corresponds 
to a user's preferences, lessening the cognitive load 
of the user when making decisions, saving time 
and enhancing the fun. These tools can assist 
platforms to boost the number of users, their 
retention and engagement, and, ultimately, their 
income. These solutions have the potential to 
generate huge user engagement, retention, and 
ultimately revenue on platforms. On this point, 
recommender systems have helped society in 
many aspects, providing an extensive choice to 
customers and helping the digital entertainment 
industry grow. There are many different ways and 
algorithms to construct effective recommender 
systems, such as collaborative, content-based and 
more sophisticated machine-learning approaches. 
In this study, it is found that Support Vector 
Machine (SVM) model is the best model as 
compared with the conventional models with the 
highest accuracy of 96%. The results indicate that 
SVM is an effective and reliable method for movie 
recommendation tasks and it has a good ability to 
classify and predict user choices. Last but not least, 
the importance of the intelligent recommender 
systems will remain to increase as the competition 
between streaming platforms continues from the 
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consumers' point of view. The results of this study 
further support the benefits of using SVM and 
other machine learning techniques to create a 
precise and effective recommendation system, 
which may be used in subsequent studies to 
improve prediction accuracy and user happiness. I 
am a connoisseur of the movies. 
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