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Abstract

With the onset of the new age, consumers are overwhelmed by the many choices
of movies that can be watched. A solution gives rise to the need for a recommendation
system (RecSys) that will suggest a title to the user based on user requirements. The new
RecSys must be able to address the issues that exist within the plethora of general RecSys.
In this work, we have implemented a novel Tag-based RecSys to improve the quality and
usefulness of recommendations based on user information and movie tags. This paper
proposes a bi-clustering approach for simultaneously clustering movies and users. This work
is implemented using the MovieLens datasets. In trying to gauge the efficacy of the new
RecSys, the final RMSE of our Tag-based RecSys is 0.9984, and the MAE is 0.8450. The system
also produces more personalised results for users by personalising scores. The system
evaluation shows considerably positive results.

Subject Classification: Primary 93A30, Secondary 49K15.

Keywords: Tag-based recommendation system, Movies tag analysis, Tag-based movie recommender.

1. Introduction

Due to the overwhelming growth in the amount of digital data and
consumable content, users have been faced with the risk of being inundated by
irrelevant media. It leads to a massive amount of user-generated metadata and a
potential challenge of information overload, which further results in the slow
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acquisition of resources of interest on the internet [2]. These recommendation
systems often help users by suggesting items they are likely to be interested in
and estimating how much they might prefer each item, making it easier to
discover relevant content. A lot of the user metadata on the internet is available
in the form of tags that indicate some degree of preference of a user for that
particular resource [1]. The frequent occurrence of a tag indicates the intensity
of the user's preference for that resource. For instance, in the case of watching
movies online, tagging is often used to add comments or opinions about the
content, which expresses the users' interests and preferences. These tags can be
used to predict and estimate other similar content that the user might enjoy and
provide such recommendations, which is explored further in this paper. In this
paper, we submit a tag-based recommender system based on the concept of bi-
clustering [4]. Bi-Clustering helps to understand the result of overlapping
multiple clusters simultaneously as a co-cluster [3]. The paper is organised into
multiple sections for better clarity. Section 3 explains the movie tagging system,
and Section 4 explains the bi-clustering method. Section 5 showcases the
general architecture of a Tag-based Recommendation System.

2. Background of work

Due to a variety of factors, tags are increasingly being used to produce
efficient recommender systems. In a customer service environment that can
store or gather numerous types of user data, recommendation systems are
information filtering systems that offer personalised product recommendations
to users. Information filtering, which is mostly employed in recommendation
systems, can be tailored to a user's preferences or limit recommendations to
content that has been determined to be helpful to the user [5, 6, 7].

By estimating the user's general preferences at the present from various
tags based on various time intervals, [7] develops a content-based recommender
system. There have been multiple demonstrations of the advantages of using tag-
based profiles for tailored music suggestions on Lastfim [7]. When tailoring
recommendations provided by a tag-based collaborative recommender system
[6], similar knowledge of the product items as the subject of the
recommendations is taken into account as another element in addition to the
similar tags [8]. Tags can serve a variety of purposes, and the act of tagging
itself can be affected by a variety of conditions [9]. There are solutions available
where social bookmarking tagging gives recommender systems context [10] in
the form of context cues from tags and connections among users to enhance the
collaborative recommender system [11].

Collaborative filtering is the most widely known algorithm in this domain
[12, 13]. This algorithm uses user activity and its subsequent history to simulate
user choices and preferences. The first paper that paved the way for future
studies on collaborative filtering was released by GroupLens [2], and it based its
findings on user-based collaborative filtering and pioneered a path for future
studies.
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Content-based filtering is a simple one, that is, to suggest goods that hold
meaning or relevance to previous favourites of the user [14]. There are many
ways to model an item, but the most widely known and famous one is the vector
space model [15].

A hybrid recommendation system combines the collaborative filtering
capabilities with Content-based filtering methods [1].

3. Movie Tagging System

A tag is defined as a word freely added to a movie by a user. Usually, there
is no limitation on the number of tags that can be added to a movie. Adding tags
provides descriptions of movies and facilitates searching among movies [15]. A
tag recommender system generally uses a database of user-assigned tags and
movie experts' assigned tags to generate new recommendations [16]. With the
rise of Artificial Intelligence and Machine Learning, recommendation systems
have become an integral part of modern digital platforms [3].

fi itact— 4N
great endlng

life philosophy

childhood chi du.

good goodsgreat movie

py ending

book
kids kids fun movie

fantasy fan

special effects

fun ﬂl
deLdBy wor ld
destiny dialogue
big h_u dget
Figure 1

Concept of Biclustering

There is a recommendation system operating in the background to provide
suggestions to the user based on the tags associated with a specific movie, the
tags (more specifically pertaining to movies) being genre, actors, and director of
a movie, as well as other keywords that describe the content or themes that exist
within the movie. A movie tag-based recommendation system leverages
descriptive keywords or tags linked to movies to suggest relevant titles to users
based on their interests [17].

These tags can include information such as the genre, actors, and director
of a movie, which may deal with more sensitive and in-depth information, such
as keywords that describe the movie's content or themes. Figure 1 shows the tags
for the Jumanji Movie, including the number of times it was repeated. Research
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in this area typically involves studying the effectiveness of these tags for
generating recommendations [7].

4. Bi-Clustering Methods for RecSys

Bi-clustering is a data mining method that allows clustering of the rows
and columns of a matrix [4]. We have users in rows and movies in columns, and
the intersection denotes the ratings for each movie by each user. A bi-clustering
will cluster users as well as movies to find small Bi-clusters [18]. The constraint
on each movie is that it must have a minimum of 10 tags and a minimum of 10
ratings from users.

5. Tag-Based RecSys Architecture

The tag-based RecSys first performs bi-clustering based on a set of movies
and a set of users. Bi-clustering can help predict the group ratings of various co-
clusters. The following steps will help us produce the recommendations and test
the results of tag-based recommendations.
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Figure 2
Tag-Based Recommendation Architecture using Bi-clustering

6.1 Data Processing

The first step in creating a model for a tag-based recommendation system
consists of collecting vast amounts of movie data, which includes multiple
parameters of online movie viewing, user details, movie details, ratings, tags,
comments, etc [19]. It includes the interaction that occurs between users and the
movie platform, which involves ratings, tags, and comments that indicate the
user's interest in that particular movie.
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6.2 Bi-Clustering

The next step in this process is applying the hybrid and then the bi-
clustering algorithms to create a recommendation system [20] as shown in
Figure 2. The user clusters contain relevant user data, and the movie clusters
contain relevant information about the movie, its genre, the ratings received, the
popularity ratings, the run time (which may be a subjective preference based on
the genre), etc.
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Tag-based Fusion similarity and Relevance Score calculation

Bi-Clustering allows simultaneous clustering of the rows (users) and
columns (movies). The clustering of these leads to the eventual production of
the cluster ratings for each user cluster based on their relevance.

6.3 Find Tag-Based Fusion Similarity

In this segment, we find the relevance of multiple tags pertaining to a
particular movie. Subsequently, in Figure 3, we have computed a ranking table
according to the relevance associated with a specific movie, which in this case is
a popular cult fantasy movie called Jumanji [6].

6.4 Compute Tag Relevance Scores

Based on the relevance scores recorded above, a ranking is computed.
Figure 3 is computed [21]. Ranks are allotted in accordance with the value of
relevance scores; the highest relevance score gets rank 1, and other subsequent
tags with an inferior level of relevance allotted by the model will be delegated
lower ranks. These ranks show the order of relevance of the tags associated with
the movie [21].

6.5 Rank and Present Recommendations

After finding the high-ranking tags of a particular movie, we can infer their
relevance to other similar movies and use their metadata to find other seemingly
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similar movies. This list of movies is shortlisted by finding movies in which the
relevance of those same tags is high as well. The Jaccard index is used for this in
order to compute the degree of association or similarity between 2 movies that
have the same tags. The movies are ranked based on Jaccard's similarity.

7. Experimentation and Evaluation Metrics

The work is performed and tested on an HP desktop all-in-one PC with an
Intel i5 CPU having a speed of 2.33 GHz and 8GB of RAM. It has 1TB of SSD
memory to place the dataset for faster access and optimum performance. We
used three datasets, MFRISE [21], ML _latest [5], and ML _25M [5], of different
sizes for experimentation. The MFRISE dataset is mainly used to validate the
recommendations, which has 2100 users, 10000 movies, and 855600 user
ratings. The dataset contains data on actors, directors, countries, and tag
assignments. The evaluation of the recommendation system algorithm is not as
simple as other traditional machine learning algorithms, because the result of the
recommendation system algorithm is different for each user [2]. The most
popular error metrics, Mean Absolute Error (MAE), Mean Square Error (MSE)
and Root Mean Square Error (RMSE) [2] are used in our experimentation. The
time required for processing and fitting the model is also used as a performance
evaluation metric. A recommendation algorithm implemented with huge data
sets may consume considerable time. The time taken to fit the algorithm with the
given model of data is called the Fit Time, and the time required to execute the
algorithm on test data is the Test Time.

6. Results and Discussion

The section will present an analysis of experimental results obtained after
the implementation of a novel Tag-Based recommender system. The bi-
clustering method helped the system to predict the group rating for each bi-
cluster (combination of a movie cluster and a user cluster). The bi-cluster score
is computed using the ANOVA method, which helps us to address the problem
of cold start. The tag-based RecSys produces more personalised results for
movies with many tags associated with them. The results for new movies or
movies with fewer tags depend on the bi-clustering ratings. The bi-clustering
method handles the cold start issue better, as the RMSE values for cold movies
are almost similar to those of other movies.

The Tag-based recommender system was evaluated using three different
datasets of different sizes, as shown in Figure 4. The personalisation scores are
computed for all benchmarking algorithms and compared with the Tag-based
recommender system. The personalisation score was computed by computing
dissimilar results given to multiple users. The score is computed by calculating
the cosine similarity of results and subtracting one to get dissimilarity. This
score gives the Personalisation introduced by our new tag-based algorithm to
each user by offering personalised recommendations. The ideal recommender
system must offer different movie recommendations to different users. A higher
Personalisation score indicates that each user got recommendations for different
movies.



TAG-BASED RECOMMENDATION SYSTEM 2027
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Personalisation Scores of all Benchmarking Algorithms

The Tag-based recommender system was also evaluated using three
different datasets of different sizes, as shown in Figure 5. The RMSE and MAE
scores are computed for all benchmarking algorithms and compared with the
Tag-based recommender system. The various error metrics are computed for our
tag-based recommender, like root mean square error(RMSE) and mean absolute
error (MAE), which are found as 0.9984 and 0.845. So, a tag-based
recommender is performing at par with the benchmarking recommender

methods.
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Figure S
MAE and RMSE Performance Metrics for Benchmarking Algorithms

5. Conclusion

Recommender systems are a necessity of the information age; they help to
suggest a set of movies to a group of users from the available movies. In this
paper, we presented a novel tag-based RecSys using biclustering. After much
experimentation, it's observed that the efficiency of the recommender algorithm
is mainly hampered by the type of dataset used for experimentation. We used the
hybrid tag-based recommender algorithm to offer the benefits of content-based
and collaborative filtering. Our recommender's error metric values are on par
with other benchmarking methods. Root mean square error (RMSE), mean
absolute error (MAE), Fit Time, and Fit Time are 0.9984, 0.845, 0.067, and
0.05, respectively. Our proposed work with respect to processing time is at par
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with the existing methods. The Personalisation score of 0.82 in Figure 4 shows
that the recommendation of the top 10 movies for two different users has almost
eight movies that are different from the other user's recommendation list. It
concludes that a tag-based recommender system suggests very personalised
recommendations that are in the user's interest. Finally, we can conclude that
this work has given a novel Tag-based recommendation system with lower
RMSE and MAE errors compared to many recommender systems. This new
recommender system also offers more personalised results based on users'
interests. The bi-clustering feature can help to generate an implicit rating for a
group of users. In the future, we will incorporate some more features in the
dataset to improve the accuracy of recommender systems using the SVD
algorithm.
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