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ABSTRACT

Traditional Movie recommendation systems (MRS) typically depends on either content-based
filtering or collaborative filtering methods, which often results in generic suggestions lacking
in person-specific and accuracy. Our research work addresses the limitations of convention-
al movie recommendation systems. The proposed solution integrates both ‘Content-based and
Collaborative Filtering' methodologies to enhance the recommendation accuracy based on
individual preferences. Techniques such as Cosine Similarity, K-Nearest Neighbour (KNN),
K-means Clustering, and small-scale natural language processing (NLP) are employed to im-
prove diversity and precision of recommendations. The use of a hybrid approach which uses
Item and User-based collaborative filtering methods for improving recommendations through
similarities and preferences of movies. It describes how the use of machine learning algorithms
can be incorporated in the process of training and updating collaborative dataset, enabled by the
Data Refresh Mechanism, for achieving reliability of movie suggestions by handling data con-
flicts. In terms of Content Based filtering, the TMDB 5000 Movies Dataset will be used instead
of Collaborative Filtering. Comparisons of different models have been made, which reveals how
Content-based and Collaborative-based Filtering perform effectively in terms of recommenda-
tions accuracy around 87.5%. It should be noted that while comprehensive results are presented
for Content Based Filtering, limitations in resources and the complexity of implementing and
combining both approaches may restrict the depth of results for Collaborative Filtering. Addi-
tionally, insights into the performance of the hybrid model and strategies for managing data loss
during refresh cycles are discussed. The future applications of our proposed model are Enhanced
Personalization in Streaming Services, Improvement in E-commerce and Marketing, Applicabil-
ity in social media and Content Platforms and Academic and Research Implications.
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INTRODUCTION

In today’s world, the movie preferences often leave indi-
viduals struggling to select a film that matches their per-
sonal interests. Despite the plethora of options available
through search engines like Bing or Google, the process
can be overwhelming, yielding hundreds of recommenda-
tions that fail to capture the collective preferences of diverse
users [1]. This inefficiency of the search engines not only
consumes lot of time but also reduces the enthusiasm to
select and watch movies. To solve this issue, integrating
content-based and collaborative-based filtering approaches
offers a promising solution [2]. Our research focuses on
improving the overall viewing experienceby allowing users
to select their preferred recommendation method. These
recommendation systems find usage in many sectors such as
e-commerce and over-the-top (OTT). It shows how recom-
menders are useful in today’s society [3]. As these systems
continue to evolve, their importance and wide applicability
in the modern society becomes more and more evident.
However, conventional approaches have their drawbacks,
necessitating continuous improvement in these systems.
With this research, our objective will be identifying and
overcoming the limitations of conventional methods to
improve the capability and performance of movie recom-
mendation systems. Studies conducted recently reveal the
ability of data refresh processes to enable systems adapt to
changes in the user data to provide more up-to-date recom-
mendations [4]. For this reason, the focus of our research
will be the development of an integrated approach that
involves both content and collaborative filtering in con-
junction with sentiment analysis of tweets related to mov-
ies to counterbalance the shortcomings of the conventional
movie recommendation systems [5]. Our solution will
resolve data loss and resource constraints problems in order
to provide personalized and diversified movie recommen-
dations through a combination of data refresh process with
sentiment analysis. Recommenders can be broadly classi-
fied into two major types.

Content-Based Filtering

This method is based on examining the properties of
individual items and predicting the preferences of users
based on those properties as illustrated in Figure 1 below.

CONTENT-BASED FILTERING

Read by user
0 |

recommended to user O

Figure 1. Content based filtering.

Similar
articles

The process requires the construction of profiles for both
users and items, usually by identifying features of the indi-
vidual items. The primary goal is to recommend items like
previous shown interests of user, utilizing techniques such
as genre based, popularity-based and yearly movies recom-
mendations searches. Our method aims to enhances rec-
ommendation accuracy by aligning with users’ historical
preferences and the specific attributes of the items [6].

Collaborative-Based Filtering

This approach focuses on analyzing the behavior and
preferences of the user to identify the patterns as shown in
Figure 2. It leverages the collective experiences within user
community to predict a user’s enthusiasm. This filtering
technique can be divided into two main types: user-based
and item-based filtering [7].

watched by both users

Figure 2. Collaborative based filtering.

LITERATURE REVIEW

The movie recommender systems have been a signifi-
cant focus of study, with notable advancements emerging
from a variety of approaches. Among these approaches,
hybrid filtering, which combines content-based and col-
laborative filtering, has emerged as a main strategy [8]. A
key advancement in 2014 with the launch of a hybrid filter-
ing-based web-based movie recommendation system. As
researchers sought to overcome the limitations of basic col-
laborative and content-based approaches, they began inte-
grating machine learning techniques to further improve the
accuracy and relevance of recommender systems [9]. The
first research study revealed the efficiency of the machine
learning algorithm where the Perceptron Neural Network
Model and Naive Bayes were found to predict user prefer-
ence with greater accuracy [10].

In 2019, movie recommendation based on genres was
created. The technique used for the advancement of rec-
ommendation efficiency through predicting user prefer-
ences based on movie genre relations was presented [11].
In 2020, the next step towards the enhancement of the field
was demonstrated when probabilistic reasoning and trust
mechanisms were combined to address the issue of data
and preference accuracy [12]. In 2021 the use of big data
to predict users and item evaluations marked a significant
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advancement in the recommendations area. These algo-
rithms aim to better forecast user preferences and person-
alized content suggestions by utilizing the massive volumes
of accessible data. Additionally, movie recommendation
systems started to include features that allowed viewers
to be categorized according to common interests, which
improved the social component of the suggestions [13]. In
2020, researchers addressed a new challenge to deal with
data sparsity in collaborative filtering techniques. The
development of models based on genre and trust by utilizing
big data analytics resulted in increased scalability as well as
user profiling aspects for the recommendation systems by
harnessing large amounts of data to increase the precision
of predictions [14]. In 2021, recommendation engine ana-
lyzing Twitter data sets for rating. With the help of social
media datasets, the recommendation engine provided
more personalized and accurate recommendations related
to movies according to online behavior of the users and
their ratings [15]. These examples demonstrate that recom-
mender systems have been consistently improving, indicat-
ing the importance of integrating various types of datasets
and approaches for generating accurate recommendations.
Conclusion and Recommendations The review of the lit-
erature provides the basis for future studies on advanced
recommendation systems, particularly in the area of social
media data sets and the resolution of problems such as data
sparsity [16].

In such a scenario, our proposed solution is based on
an approach that combines both content-based and col-
laborative filtering along with sentiment analysis of movie
tweets. By incorporating machine learning techniques and
a reliable mechanism for updating the data, it helps address
problems such as data loss, resource management, and
ensures personalized and diverse movie recommendations
[17]. Moreover, implementing the proposed model makes it
evident that it is capable of adapting to different user prefer-
ences and providing better user experience. From analysis
and testing, we can infer that this innovative solution has
the ability to provide accurate and personalized recom-
mendations. It creates a solid basis for further research and
advancements in the field of recommendation systems in
the future. Overall, it not only adds value to the current lit-
erature but also opens up a new direction for innovations in
recommendation systems [18].

The conventional recommendation system suffers from
some drawbacks that have led to the development of a novel
recommendation strategy which combines collaborative
and content-based filtering along with analyzing senti-
ment expressed in movie tweets to enhance recommenda-
tion efficiency and overcome the cold start problem. This
research presents an all-around insight into Collaborative
Filtering (CF). The paper covers the two most common
types of CF techniques, which are known as user-based fil-
tering and item-based filtering as well as machine learning
algorithms used in predictions. In addition to discussing
the benefits of CF application in MRS, existing studies, and

issues associated with MRS, the paper addresses cold start
problems and data scarcity [19]. Collaborative filtering (CF)
can be efficiently performed by applying matrix factoriza-
tion (MF) technique. However, existing MF approaches
ignore the temporal dynamics of users’ opinions and
items popularity. The current research aims to introduce a
novel MF approach that includes temporal components to
address this issue. The proposed method was tested using
the MovieLens dataset, demonstrating higher performance
compared to other contemporary techniques by 1.35%.
Recommendation systems traditionally suffer from several
difficulties. Another hybrid model involving deep learning
and user details predicts movie preference using K-means
clustering for generating recommendations that cater to
diversified preferences. It has shown great performance
and outperforms existing models based on a wide range of
criteria, hence proving to be effective in solving problems
faced by recommendation systems [20]. ConvNet features
have outperformed the simple image array as input when
evaluating the movies’ posters, which are images. Recently,
the use of singular value decomposition (SVD) has been
found to enhance recommendation accuracy because of
its effectiveness in dealing with cold start and accuracy
problems [21]. The hybrid model incorporates the use of
KNN in user-based collaborative filtering and uses SVD
for matrix factorization for improving prediction accu-
racy. Experimentations carried out on the Movie Lens 100k
database indicated high prediction precision for the hybrid
KNN-SVD model, although SVD alone can perform better
concerning scalability and cost-efficiency when handling
massive data [22]. Later researches considered focusing
only on addressing critical issues with recommendation
systems, including data sparsity, cold start, scalability, and
gray sheep problem. This model applies KNN technique to
locate top K similar users using Euclidean and cosine simi-
larity metrics. Experiments conducted using the MovieLens
data set have revealed the importance of tuning K value for
balancing accuracy and computation, showing great effec-
tiveness in dealing with dynamic, highly sparse data sets
[23]. Furthermore, there is another model that integrates
the process of converting text into numbers with cosine
similarity and ALS method, showing considerable improve-
ment in terms of accuracy, successfully dealing with issues
of sparsity and cold start [24]. The mean precision of senti-
ment similarity, hybrid model, and proposed model in top
5 and top 10 is 0.54 & 1.04, 1.86 & 3.31, and 2.54 & 4.97,
respectively, based on various experiments where weighted
score fusion was used to improve recommendation perfor-
mance [25-30]. Comparing our hybrid approach with other
approaches shows that our model provides more accurate
and user satisfaction recommendation results. Also, the
incorporation of Data Refresh Mechanism has made our
model capable of sustaining its recommendation quality
and resolving data conflict by preventing loss of significant
information, which was one of the drawbacks associated
with previous big-data and collaborative filtering methods.
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Empirical evidence indicates that our model can achieve
an accuracy rate of around 90%, significantly outperform-
ing conventional collaborative filtering and genre-based
approaches in recommendation accuracy and diversity.

To conclude, it is possible to say that our findings
show how hybrid recommendation systems can be used
effectively in overcoming the shortcomings of previous
methods. With the help of combining content-based and
collaborative filtering with sentiment analysis from Twitter,
it became possible not only to achieve better accuracy but
also to reduce the effects of typical shortcomings such as
the cold start issue. In this sense, the findings demonstrate
the further development of recommender systems and lay
down the ground for future innovations in the field. Overall,
our research suggests a solution to the shortcomings of pre-
vious systems, including poor data adaptability, changeable
user preferences, and reliance on only one data source.

MATERIALS AND METHODS

Despite being successful, collaborative filtering poses
certain problems, as the process is very resource-intensive
when using data sets like MovieLens 20M. Training models
will be associated with considerable expenses and delays.
To solve such problems, using the advantages of distributed
computing with tools such as Apache Spark is one solution.
Another way out is to use pre-trained embeddings for ini-
tialization of the user-item matrix.

Identification of Problem Statement

The proposed model aims at increasing user engage-
ment by effectively managing data conflicts and refresh
cycles with the help of modern machine learning method-
ologies that enable efficient training of data sets. To illus-
trate, in the case of a family comprising individuals with
interests such as horror, comedy, crime, and action movies,
selecting one movie that fulfills all their desires might take
quite some time, even if the selected movie matches all the
required criteria. Amazon has come up with recommenda-
tion algorithms through which they analyze users’ ratings
and purchases and make their lives easy by helping them
in making better choices, thus improving user engagement.
Moreover, in case of OTT platforms, a recommendation
system helps select movies according to the history of users’

Content Based Collaborative Based

views. This scenario highlights the challenges users face in
selecting suitable content, emphasizing the critical role of
advanced recommendation systems in improving user sat-
isfaction and content discovery efficiency as in Figure 3.

Proposed Algorithm

= The proposed system is the integration of both filters to
generate more accurate recommendations.

= Database: The database consists of movies’ information
like genres, directors, cast, and plot, along with user rat-
ings and their viewing history.

= The content filter takes the attributes of movies and
viewing history into account to generate feature vectors
for movies, similarity computations (equation 1), and

recommendations.
Similarit (v—’. v—’.) = _mivmj ]
YN\ Imer ¥ ) = oo | M

Recommendations can be made by looking for movies

that have the highest degree of similarity.

= There are two approaches to make recommendations
in Collaborative Filtering approach - one is based on
the movies while other is based on the users. The item-
based collaborative filtering approach is used to identify
often co-rated items, measure similarities among them
and recommend similar items as depicted in equation
(2). On the other hand, user-based collaborative filter-
ing uses similarity metrics such as Pearson Correlation
or Cosine similarity.

ZmE M(Tui,m—f ul-)(ru j,m—r‘uj)
T e[ gt (2)

= A weighted average is applied in the merging of collab-
orative and content-based filter outputs with changes in
weights based on the performance of the filters. Item-
Based Collaborative Filtering: Detect highly co-rated
items and calculate similarity scores.

Similar (w;, w;) =

Scorehybrid (ml) = w. Scorecontent (ml)
+ (1 - w)' Scorecollabarative (ml.)

= The collaborative approach is regularly trained and
enhanced through machine learning approaches like

J Movie Recommendation

Filtering

Filtering

Figure 3. Content and collaborative MRS.

" System(MRS)
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matrix factorization and neural network training. New

information provided by the users is continuously

added to guarantee the accuracy and precision of the
recommendation and address any issues in the data.
= The user profiles are periodically updated after every

10-15 days in order to capture the changing prefer-

ences of the users and provide relevant recommenda-

tions. This involves updating the profiles by taking into
consideration the preferences of specific genres such as
horror movies and comedy movies. The metrics used
to evaluate the effectiveness of the algorithm include
accuracy, precision, recall, F1-score, and mean absolute
error.

= The hybrid method has proven to effectively integrate
filtering algorithms using regular data refreshing and
dynamically adjusting weights.

The algorithm will ensure that by varying the weight
and keeping track of user data, there would be more per-
sonalized and accurate suggestions leading to increased
user satisfaction and engagement during the process of
choosing movies.

Periodic Data Refresh

In order to cope with the fact that users’ tastes are not
static and evolve, a data refresh cycle will be applied. The
process includes resetting and updating user data after
every 10-15 days to ensure that the movie recommenda-
tions stay relevant and useful to users. In this way, the rec-
ommendation engine will become adaptable and stay up
to date. The following tasks will be performed during each
data refresh cycle: Data collection and integration, feature
vector update, collaborative model retraining, adjustment
of weights for the hybrid model, conflict resolution and
evaluation.

Scenario and Rationale

Suppose there is a case wherein two users named
“User-A” and “User-B” are determined to have similarities
in terms of movie genres because both of them enjoy horror
movies. As a result, both users receive recommendations of
horror movies. But later, it becomes evident that “User-A”
changes his preferences to comedy movies, while ‘User-B’s
preference remains the same. In such cases, if the system
ignores the changing preferences of the users and assumes
both of them to be similar, then the recommendations gen-
erated for “User-A” will be irrelevant since they will still
be based on the user’s preferences to watch horror movies.
Thus, there comes about a conflict in the collaborative fil-
tering approach. In order to overcome such problems, the
method of refreshing data periodically is used.

Implementation of Periodic Data Refresh

Data refresh for periodic process requires some import-
ant steps to ensure that recommendation system is consis-
tent with the latest preferences of users. These steps have
been summarized in Figure 4.

1. Data collection and storage: The information on user
preferences is collected and stored in the database.
These include:

User interactions = {comments, likes, dislikes, ratings
and movie choices}

2. Regular Data Refresh Periods: Data refresh takes place
at regular intervals, which could be once every month
or two months, depending on when the system chooses.
The refresh intervals depend on the assumption that
preferences of users are subject to rapid changes within
a relatively short period.

Refresh Interval = 1-2 months

3. User Profile Resetting: As part of the refresh process,
users’ profiles undergo resetting as well as updating.
Updating entails analyzing and recalculating the user’s
similarities as well as collaborative data based on the
fresh data. Suppose User A has moved from action
movies to comedies; his/her similarity with other users
will have to be updated.

User Profile Update: Profile, (t) = {Interactions up to
time t}

4. Machine Learning Algorithms: The new data set is pro-
cessed with the help of machine learning algorithms
like KNN, K-means clustering, and cosine similarity
to detect any new patterns in the behavior of the user,
which is illustrated in equation (3). The above-men-
tioned algorithms ensure that the collaborative database
is consistent with the latest user preferences.

u.v

Cosine Similarity(u,v) = TN

3)
where w.v is the dot product of vectors u and v, |([u])|

and ||v]|are the lengths of the vectors u, v.

5. Re-matching Users: With the newly updated user pro-
files, the system proceeds to rematch users according to
their newly acquired tastes. In this case, User A, who
has developed an interest in watching comedy movies,
will be matched with others who also share the same
interests. This re-matching process ensures that recom-
mendations remain relevant and personalized as shown
in equation (4).

Matching: Match,, = argmax,,_, similarity (u, v) (4)

Hybrid Approach

The limitations associated with traditional film recom-
mendation systems, which tend to provide generic advice,
have been tackled in this research paper. The movie recom-
mendation system employs methods such as the K-means
clustering method, K-nearest neighbor method, and the
cosine similarity method, together with the item-based and
user-based methods. The movie information is processed
through small-scale natural language processing (NLP),
ensuring that the movie predictions provided are relevant to
the user. For preserving the quality of the recommendations
and resolving the problem of conflicting data, a robust data
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Figure 4. Workflow of periodic data refresh mechanism.

refresh process guarantees that the collaborative dataset is
updated on a regular basis. The hybrid approach proves to
be highly effective in generating tailor-made movie previ-
sions and recommendations, despite any resource or inte-
gration issues. Overall, the hybrid approach guarantees the
provision of reliable and accurate movie recommendations
due to its optimal combination of advanced algorithms and
regular updates. Different techniques have been employed
in our research work [31-34].

Data Collection

In addition to user interactions, including search que-
ries from the movie platform, user ratings, comments, likes,
dislikes, and viewing history, this study gathers information

related to the movies, including movie metadata, such as
movie genre, director, cast, release date, and story plot, from
external databases such as IMDb and TMDb. Additional
information is also extracted from external sources such as
social media, where users comment about their favourite
movies. In order to keep the model up-to-date, periodic
updates are done so as to include new data from users and
new movies.

Data Preprocessing

Data set quality and its preparation for modeling is
assured by data pre-processing. Data pre-processing is done
in different steps, such as data cleaning (removal of irrelevant
data, handling missing data, and removal of duplications),
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Figure 5. Workflow of hybrid approach.

normalization (data normalization of numerical data, for
example, user ratings), text pre-processing (organization
of text data using natural language processing techniques
like lemmatization, removal of stop-words, tokenization,
and stemming), feature extraction (feature extraction using
techniques like TF-IDF to extract features from summaries/
reviews, such as user ratings, genres, and keywords), and
dimensionality reduction (reduction of feature space and
enhancement of computational efficiency using PCA).

Feature Engineering

Feature Engineering creates new data features in order
to improve the accuracy of a model. It involves developing
user profiling features such as preferred genre, mean rating,
and viewing behavior. Another important part is develop-
ing features for measuring similarity, for example, using
cosine similarity. Developing composite features involves
the development of certain traits such as genre-based fre-
quency of views and rating weights. Temporal features can
also be taken into account, as the taste preferences of users
tend to change over time.

Model Selection

Model Selection is a crucial element of the research
methodology and greatly impacts the effectiveness and
accuracy of the movie recommendation system. In this
study, we use a hybrid approach that combines multiple
models in order to get better recommendations as depicted
in Figure 5 below. The cosine similarity method is used for
content-based filtering, and K-Means clustering as well as
KNN is used for collaborative filtering.

K-means Algorithm

The K-Means algorithm is an unsupervised learning
technique that helps form clusters that make sense out of
unstructured data. This is because of its simplicity and
the speed with which it creates clusters. First, the value of
K and the centroids of the different clusters are set to be
zero. Then, each of the data points (users or movies) are
assigned to the centroids of the closest cluster depending
on their feature vector. The centroid is then calculated
again using the average of the data points in the cluster ().
These two steps (assignment and updating) are repeated till
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convergence is reached. Clustering tries to divide the data-
set into groups by organizing the data points in clusters that
have some likeness to one another. By using this clustering
process, recommendations will be easier to find since simi-
lar and dissimilar movies will be grouped.

K-means Clustering for Collaborative
Step 1: User-Genre Matrix Creation

Create a user-genre matrix where rows represent users,
columns represent movie genres. The cell values in the

matrix start as null or 0, and each cell’s value increases

Filtering

when a user views a movie in that genre as shown in Table

1. In other words, if there are five users and five different

genres—action, adventure, sci-fi, comedy, and romance—

and user 1 watches an action, adventure, or comedy movie,
the value associated with that genre will increase concur-

rently with users 2, 3, 4, and 5.

Step-2: Determining Optimal Clusters (K) using the

Elbow Method
The number of clusters(k) that must be developed to

obtain correct results from recommendations will then be

determined using the use of the Elbow approach.

o DPlot the ‘number of clusters’ is ‘K’ vs the within-cluster
‘sum of the squares’ (WCSS) as shown in equation (5).

o The WCSS typically decreases as the value of k increases,
but there will be a point where the decrease in WCSS
becomes less significant. This point is known as the
“elbow”

o The k at the elbow point is often a good choice because
it balances cluster compactness and computational
efficiency.

Table 1. User preferences by genre

k
WCSS(K) = Z__l 2 ee X — will? (5)

As per our scenario we can say that ideal value of k
would be 2 for this example and then we will initialize the
centroids by selecting a user randomly. Let’s say userl and
user4 are initial centroids of clusters then we will assign the
users to the nearest centroid.

o Distance between Userl and Centroid 1: 0 (User1 is the
centroid)

o Distance between Userl and Centroid 2=3

o Distance between User2 and Centroid 1=2

o Distance between User2 and Centroid 2=2

o Distance between User3 and Centroid 1=2

o Distance between User3 and Centroid 2=3

o Distance between User4 and Centroid 1=3

o Distance between User4 and Centroid 2=0 (User4 is the
‘Centroid’)

o Distance between User5 & Centroid 1=2

o Distance between User5 and Centroid 2=3

» Based on these distances, the initial assignment might
look like this:

o Cluster 1: Userl, User2, User3, User5

o Cluster 2: User4

Update Centroids: New Centroid 1= (43,43,42,42,41),
New Centroid 2= [0, 0, 1, 1, 1]

Continue the process of reassigning users to the nearest
centroid and updating centroids until the centroids do not
change significantly.

In this case, U>User, this matrix shown in Table 2, the
similarity scores between pairs of users U_1 to U_5, where
the diagonal elements are 1.0, indicating that each user is

User/genre Action Adventure Sci-Fi Comedy Romance
User'l’ 1 1 0 1 0
User’2’ 1 0 0 0 1
User ‘3’ 1 1 1 0 0
User ‘4’ 0 0 1 1 1
User ‘5’ 0 1 1 1 0
Table 2. Similarity matrix of items U_1 to U_5

U_1 U_2 U_3 U_4 U_5
U_1 1.0 0.5 0.67 0.29 0.67
U_2 0.5 1.0 0.33 0 0.33
U3 0.67 0.33 1.0 0.33 0.67
U_4 0.29 0 0.33 1.0 0.33
U_5 0.67 0.33 0.67 0.33 1.0
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Table 3. Similarity scores between clusters and movie genres

Cluster Action Adventure Sci-Fi Comedy Romance
1 0.75 0.75 0.25 0.75 0.25
2 0 0 1 1
identical to themselves, and the off-diagonal elements rep- Centroid Update: y; = — 3 X;

L |Ci| X jECi J

resent the similarity scores between different users.

Step-3: After several iterations, we might end up with
stable clusters, such as:

Reassign users to the nearest centroid and update cen-
troids until they do not change significantly.

o Cluster 1: Users with similar genre preferences (e.g.,

Users who like Action and Adventure).

o Cluster 2: Users with different genre preferences (e.g.,

Users who like Sci-Fi and Romance).

Step-4: For the target user, first we identify the clus-
ter the target belongs to and recommend the items which
are recommended highly by the other users and not rated
at all by that target user. So, this is how the filtering in
Collaborative way is done by using k-means algorithm. The
formula for the mean (or centroid) of a set of points in a
cluster C, as shown in equation (6).

1
M=) Zec, (©)

In the Table 3 shows the preference scores for each genre
in two different clusters. Cluster 1 has a higher preference
for Action, Adventure, and Comedy, while Cluster 2 has a
strong preference for Sci-Fi, Comedy, and Romance.

Suggested solution for the problem statement of collaborative-

filtering:

o The clustering plays a major role in this solution so as
we have 11 genres which are very popular then the ideal
value for k would be 10 as smaller k can capture more
specific preferences, and larger k can capture more gen-
eralized recommendation and 10 is an ideal value which
provides both.

o Now we will use a permanent data frame in which the
data of the temporary data clusters are stored when-
ever the time of data refresh arrives. So, the permanent
data frame consists of the genre columns in which the
respective data cluster of that temporary genre data is
stored in it at the time of data refresh.

o This way we can overcome the data inaccuracy for rec-
ommendation by suggesting the older records of that
genre to that target user by accessing the older i.e. per-
manent respective genre in the permanent data frame.
Distance Calculation (using Euclidean distance) as

shown in equation (7):

d(x, 1) =/ Xi=y (o — w)? 7)

Table 4 shows which cluster each user belongs to, with
users U_1, U_2, U_3 and U_5 belonging to Cluster 1, and
user U_4 belonging to Cluster 2.

Table 4. User-cluster assignment (K-Means)

User Cluster
U_1 1
U_2 1
U_3 1
U_4 2
U_5 1

K-Nearest Neighbour (KNN) Algorithm: An Extension
to K-Means Clustering

To enhance the accuracy and relevancy of the movie
recommendations, we can expand on the K-Means clus-
tering method by using the K-Nearest Neighbours (KNN).
Although K-Means helps in grouping users according to
genres, KNN will help refine these recommendations by
taking into account the distance of the users in each cluster.
KNN is a supervised learning technique frequently applied
in regression and classification, enhances collaborative fil-
tering by locating target users’ closest neighbors based on
genre preferences. Its main benefits are its ease of use and
efficiency in finding certain patterns within data.

Create a User-Genre Matrix in which the columns rep-
resent movie genres, and the rows represent users, with cell
values reflecting the users’ viewing history within the respec-
tive genre. Next, determine the optimal value of k using the
Elbow method, which plots the WCSS against the total num-
ber of clusters to locate the “elbow” point. Once the number
of clusters has been determined and the centroids have been
randomly initialized, users should be allocated to the nearest
centroids. The centroids should then be updated repeatedly
by recalculating their positions of all the data points using the
mean in each cluster until they stabilize.

Table 5. Cluster and nearest neighbours

User-1
Ul, U2, U3, U5
U3, U5, U2 (in order of Proximity)

Target user

Cluster 1
Nearest Neighbours for Ul
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From Table 5, it is evident that User-1 (U1) falls under
Cluster 1 along with Users 2, 3, and 5. The users closest to
User-1, according to their closeness, are Users 3, 5, and 2.
In this case, the accuracy of suggestions about movies can
be enhanced significantly through the use of the combina-
tion of the K-Means clustering algorithm and KNN. KNN
helps in making the clusters even more specific by finding
the most alike users among those clusters, while K-Means
clustering categorizes the users according to their prefer-
ences regarding genres.

General Cosine Similarity Algorithm

A technique called cosine similarity looks at how
similar two data objects are to each other without con-
sidering their sizes. Texts are transformed into vectors
for text analysis purposes, for instance. A text is conven-
tionally defined as a representation of a bag of words,
where every element of vector is a word, and its value
indicates its frequency. Cosine similarity mathematically
shows the cosine of the angle between y and z that are
project noises in our multidimensional space. The for-
mula for calculating cosine similarity is shown in the
equation (8) below:

uv

ual ol (8)

cosine similarity(u,v) =

Since the size of document vectors tends to have worse
written vectors, the cosine similarity is favorable in that
even when the Euclidean distance between the two compa-
rable documents is far or large, the odds of it are not closer
to the other documents orient the vectors. Therefore, with
decreasing angle cosine similarity increases. This method
computes the similarity of two data objects without consid-
ering their sizes, which increases the accuracy and diversity
of movie recommendations. By translating texts into vec-
tors, where each element represents a word and its value
indicates its frequency, the cosine similarity approach ana-
lyzes movies effectively based on their descriptions or other
textual data. As the angle (6) decreases, the cosine similar-
ity rises, indicating a higher level of similarity between the
films. The suggested hybrid model’s Content Based strategy
is based on this concept.

Table 7. Cosine similarity matrix of items M_1 to M_5

Table 6. User-watched movie information

Movie ID Title Tags

1 Movie A Action, Adventure, Sci-Fi

2 Movie B Action, Comedy

3 Movie C Romance, Drama

4 Movie D Action, Adventure, Comedy
5 Movie E Sci-Fi, Adventure

Cosine Similarity Approach

In content-based filtering systems, cosine similarity is
used to propose movies to consumers based on previously
seen movie tags. By translating movie identifiers into vec-
tors and analyzing their similarity, we may identify films
which are more like those that a user has valued.

Table 6 lists the movie IDs, titles, and associated tags
for each movie. This matrix shown in Table 7 shows the
similarity scores between pairs of movies M_1to M_5. The
diagonal elements are 1.0, indicating that each movie is
identical to itself, and the off-diagonal elements represent
the similarity scores between different movies.

The symbol M->Movie from the similarity matrix, we
can observe which movies are most like each other. For
instance, Movie 1 is most like Movie 4 (cosine similarity
of 0.666), and Movie 5 is moderately like Movie 1 (cosine
similarity of 0.577). This information can be used or helpful
to recommend movies to a user based on the movies they
have watched previously.

Incorporating NLP-Sentiment Analysis

Sentiment analysis enhances our recommendation sys-
tem by analyzing user comments on movies as shown in
Figure 6.

For example, let us assume there are two users named
User 1 and User 2, having common interests through col-
laborative filtering. When User 1 provides feedback about a
movie saying “It's a Very Good Movie,” sentiment analysis
is performed to ascertain whether the comment is positive
or negative concerning that particular movie, as depicted
in Figure 7.

M_1 M_2 M_3 M_4 M_5
M_1 1.0 0.408 0.667 0.577
M_2 0.408 1.0 0.577 0
M_3 0 0 1.0 0 0
M_4 0.667 0.577 1.0 0
M_5 0.577 0 0 1.0
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Collect User Reviews

|

Text Processing

Tokenization

Stop-word Removal

Lemmatization

A 4

Sentiment Analysis Model

Assign Sentiment Score

A 4

Classify Sentiments

Positive Sentiment Negative Sentiment

'

Generate Recommendations

Figure 6. Sentiment analysis process flow.

Taking into consideration this analysis, customized
advice from User 1 to User 2 could be generated to pro-
vide more precise movie recommendations. Using the
‘Large Movie Review Dataset’ from ‘Stanford University’s

AI department, I conducted sentiment analysis on movie
reviews. This dataset consists of 50,000 training examples
sourced from IMDB reviews.

Limitations and Mitigation Strategies

Although the suggested hybrid approach is an effective
solution, there are certain restrictions for it as well. The com-
putational expense involved in using KNN and K-Means
methods grows considerably when dealing with extensive
datasets. To overcome this problem, one may consider dis-
tributed computation techniques, such as Apache Spark. In
addition, employing pre-existing embeddings for user-item
matrices may help to decrease training time.

RESULTS AND DISCUSSION

For future research, our methods will develop off what
has already been done before by using the information we
learned from conducting this research to develop algo-
rithms that are effective in making recommendations and
increasing the efficiency of recommendation systems.

Exploratory Data analysis of the Movie Lens Dataset

Figure 8 displays the average rating for each genre in
the MovieLens data set. This allows us to determine which
genres are more likely to get better or lower ratings based
on the average ratings received. By examining the average
ratings, we can identify genres that are generally well-re-
ceived and those that might not be as popular among the
audience.

Figure 9 highlights and illustrates the relationship
between the average rating for the film and the total num-
ber of ratings. This study finds out whether films with more
ratings receive high or low average ratings, hence proving
their reliability and popularity through audience participa-
tion.

Sentiment Analysis - Review and Sentiment Analyzed

An excellent film [

Negativ

Not my type

The movie was fantastic [

Negativ

| didn't like the movie

It's a Very Good Movie

Positive

Positive

Positive

-0.5 0.0
Sentiment

-15

Figure 7. Sentiment analysis-review and sentiment analyzed.
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Average Rating by Genre
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Figure 8. Average rating by genre.
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Figure 9. Rating vs number of ratings.

Comparative Analysis of Algorithms

To verify the effectiveness of the hybrid system, we
checked: Recommendations are generated byvarious algo-
rithms, including content-based filtering and project-based

recommendations as shown in Table 8.

Comparison of ‘RMSE’ and ‘MAF’ Using ‘Movielens
100K’ Dataset

Our study compares the prediction accuracy of the pro-
posed algorithms using the “MovieLens 100K” dataset. We
use Root Mean Square Error (RMSE) and Mean Absolute

Error (MAE) to measureperformance as shown in Figure
10. Evaluation Metrics and Methodology.

The efficiency of recommendation systems will be
analyzed based on metrics like accuracy, precision, recall,
RMSE, and MAE.

- Dataset: The MovieLens 100K dataset was divided into
train (80%) and test (20%) sets.

- Test Scenarios: Significant importance was paid to the
cold start scenario by choosing isolated new users or movies

that did not have any interaction history within the dataset.
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Table 8. Algorithm scores

Algorithm Precision Recall F1-Score Accuracy RMSE MAE Diversity Remarks

KNN (Existing) 0.80 0.75 0.77 0.775 0.97 0.77 Moderate  For large datasets,
computationally intensive

SVD (Existing) 0.82 0.78 0.80 0.80 0.93 0.73 Moderate  Effective for addressing cold start
but limited diversity.

Co-Clustering  0.81 0.77 0.79 0.79 0.96 0.75 Moderate  higher computational cost.

(Existing)

SVD++ 0.84 0.79 0.81 0.815 0.92 0.72 Moderate  Better performance than SVD;

(Existing) higher computational cost.

Content-Based 0.85 0.78 0.81 0.815 0.85 0.70 High Performs well with sufficient

Filtering metadata; struggles with sparse
data.

Item Based CF  0.82 0.75 0.78 0.785 0.88 0.72 Moderate  Effective for identifying
item similarities but limited
personalization.

User Based CF 0.81 0.76 0.78 0.785 0.89 0.74 Moderate  Relies on user similarity; suffers
from sparsity issues.

Our Hybrid 0.90 0.85 0.87 0.875 0.81 0.68 High Combines the strengths

Approach of multiple approaches,

ensuring diverse, accurate, and
personalized recommendations.

Comparison of ‘RMSE’ and ‘MAE’ using ‘MovieLens 100K’ dataset

1
:
0,7
05
03
0
SVD Co- SVD++  Content-
(Exlstmg) (Existing) Clusterin (Existing) Based
g Filtering
(Existing)
ERMSE 0,97 0,93 0,96 0,92 0,85
EMAE 0,77 0,73 0,75 0,72 0,7

EmRMSE mMAE

Figure 10. RMSE and MAE comparison graph.

The combined method consistently outperforms the
single method due to its effectiveness in generating movie
recommendations.

Exploratory Analysis of Large Movie Review Dataset

An exploratory data analysis (EDA) of the Large Movie
Review Dataset to gain insights into user preferences and
movie ratings as shown in Figure 11 and Figure 12.

For real-world applications, recommendation sys-
tems must process millions of user-item interactions with

Item
Based CF Basad CF Hybnd
Approach
0,88 0,89 0,81
0,72 0,74 0,68

minimal latency. This paper recommends the use of par-
allel processing and cloud platforms to achieve scalability.
Sparse matrices can be used to reduce computation costs
without affecting precision.

A user satisfaction survey conducted among 100 partici-
pants reported an increase in user satisfaction by 20 percent as
compared to conventional approaches, as indicated in Table 9.

Hyper parameter tuning significantly improved the sys-
tem’s performance. For K-Means, the optimal number of
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Figure 11. Exploratory data analysis (EDA) of the large movie review dataset.
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Figure 12. Word count for each review and review index.
Table 9. User satisfaction survey results
Metric Baseline models Hybrid model Improvement
Relevance of Suggestions 72% 88% +16%
Diversity of Recommendations 68% 85% +17%

Overall User Satisfaction 70% 90% +20%
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Table 10. Impact of hyper parameter tuning

Algorithm Hyper parameter Default Optimized  Accuracy (%) Accuracy (%)
value value before tuning after tuning

KNN Number of Neighbors (k) 5 7 74.5 77.5

K-Means Number of Clusters (k) 5 10 76.0 80.0

Hybrid Model =~ Weighting Factor (Content vs. Collaborative) 0.5 0.6 85.0 87.5

Table 11. Scalability and real-world testing

Scenario Performance metric Baseline models Hybrid model

Dataset Size (Users: 10K, Items: 50K) Latency (ms) 350 ms 250 ms

Dataset Size (Users: 50K, Items: 200K) Latency (ms) 700 ms 450 ms

Concurrent Users: 10K

Concurrent Users: 50K

Throughput (requests/sec)
Throughput (requests/sec)

500 (requests/sec) 750 (requests/sec)

200 (requests/sec) 400 (requests/sec)

Table 12. Dataset bias and diversity analysis

Dataset Bias observed Mitigation strategy
MovieLens Over-representation of popular genres Incorporate external datasets with diverse genres.
TMDb Limited user demographic diversity Augment with datasets capturing varied cultural contexts.

Custom Dataset Sparse user-item interactions

Use synthetic data generation to address sparsity.

clusters (K) was determined using the elbow method, while
the nearest neighbor’s parameter in KNN was optimized to
balance accuracy and computational efficiency as shown in
Table 10.

Our research work discusses distributed computing,
scalability under high user traffic and large datasets remains
a challenge. Future work will include implementing the
system on real-world platforms to validate its effectiveness
beyond theoretical datasets like MovieLens as discussed in
Table 11.

The dependence on MovieLens and TMDb datasets
leads to potential biases. Incorporating diverse datasets and
addressing bias in data distribution will strengthen the sys-
tem’s robustness and generalizability as shown in Table 12.

CONCLUSION

The current paper offers an integrated composite
hybrid system incorporating the content-based and col-
laborative filtering approaches to solve the problems of
data loss and other resource limitations faced by current
movie recommendation applications. In addition, the use
of machine learning techniques and efficient refreshing
data is vital for making sure that all recommendations are
accurate and personalized. Comparisons of the proposed
model show that the hybrid system works well in improving

users’ experiences and their satisfaction. Thus, the current
study enhances the potential of recommendation systems
and creates a solid foundation for further improvements
of such models. Moreover, the use of a composite hybrid
system emphasizes its flexibility when recommending
movies based on diverse users” preferences. Consequently,
this study offers important insights about advanced meth-
ods that could be applied in recommendation systems
to improve recommendation results. With an extensive
empirical analysis, the current research shows the potential
of recommendation systems to generate accurate content
recommendations. The results obtained during the study
can be used to further investigate recommendation tech-
nologies and make new advancements in this area.

This hybrid recommendation system is important in
many respects. It will allow for a more personalized service
when applied to OTT platforms such as Netflix through the
inclusion of sentiment analysis along with viewing history.
For e-commerce, it will help predict preferences for other
products to be recommended based on their compatibil-
ity. Sentiment analysis can also enable content curation to
engage users on social media platforms.

In this paper, a model for hybrid recommendation sys-
tems using content-based and collaborative filtering, along
with sentiment analysis, has been presented. This model
has important implications in many different aspects of the
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real world, such as personalization for OTT platforms, bet-
ter product recommendations in e-commerce, and content
curation on social media platforms.
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