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1. Introduction 

In the current era characterized by an explosion of information and a thriving film 
industry, viewers are confronted with an overwhelming variety of movie 
options.In order to effectively assist users in selecting films that align with their 
personal tastes and preferences from this vast selection, movie recommendation 
systems have emerged. These systems analyze multidimensional data, including 
users' past viewing behaviors, preferences, ratings, and social network 
information, with the goal of providing personalized movie recommendation 
services. However, as the user base expands and the movie library continuously 
updates, how to further enhance the personalization and accuracy of 
recommendation systems has become an important research topic. 
Clustering technology, as an effective data analysis method, plays a pivotal role in 
movie recommendation systems. By clustering users and movies, the system can 
more accurately capture users' interests and preferences, as well as the inherent 
characteristics of movies, thereby providing recommendations that are more 
tailored to users' needs. This paper aims to explore the application of clustering 
technology in movie recommendation systems, analyze its significant role in 
improving personalization and accuracy, and outlook future research directions 
and development trends. Through in-depth research on clustering technology, it is 
expected to inject new vitality into the development of movie recommendation 
systems, bringing viewers richer viewing experiences and higher satisfaction. 

1.1. Machine Learning(ML)Overview 

Machine learning(ML)is a subset of artificial intelligence that focuses on the 
development of computational methods to enable computers to learn from and 
make decisions or predictions based on data[1].The significance of ML lies in its 
ability to automate the extraction of knowledge from complex datasets,which is 
particularly valuable in an era where data is being generated at an unprecedented 
scale. 
The history of ML can be traced back to the early days of computer science,with 
key developments such as the perceptron model in the 1950s and the subsequent 
evolution of neural networks[2].Over time,ML has expanded to include a variety 
of techniques such as decision trees,support vector machines,and more 
recently,deep learning,which has revolutionized the field with its ability to model 
complex patterns in data[1].The evolution of ML has been driven by advancements 
in computational power,the availability of large datasets,and theoretical 
developments in understanding how learning can be achieved through different 
algorithms. 
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In terms of applications,ML is pervasive across various domains.In finance,ML 
models are used for credit scoring and fraud detection by analyzing transaction 
patterns and customer behavior[3].In healthcare,it aids in diagnosing diseases by 
identifying patterns in medical images and patient data[4].Autonomous vehicles 
rely on ML for object detection and decision-making in real-time traffic 
scenarios[5].These applications demonstrate the transformative impact of ML in 
enabling intelligent systems that can operate with a high degree of autonomy. 

1.2. Recommendation Systems Overview 

Recommendation systems are integral to modern e-commerce and content delivery 
platforms,streamlining the process of finding relevant items amidst a sea of 
options[6].These systems leverage user data,such as past behavior,preferences,and 
contextual information,to provide personalized suggestions that enhance user 
experience and satisfaction[7]. 
The categorization of recommendation systems into content-based,collaborative 
filtering,and hybrid methods reflects the different approaches to understanding 
user preferences.Content-based systems focus on the attributes of items and user 
profiles to recommend items with similar features[8].Collaborative filtering,on the 
other hand,relies on the collective intelligence of the user base,identifying patterns 
in user interactions to suggest items that similar users have liked[9].Hybrid 
systems attempt to combine the strengths of both approaches to overcome the 
limitations inherent in each[10]. 
The entertainment industry,in particular,has seen significant benefits from 
recommendation systems.By tailoring content to individual tastes,these systems 
not only improve user engagement but also drive discovery of new 
movies,music,and shows that might otherwise go unnoticed[11].This 
personalization is crucial in an industry where user attention and satisfaction 
directly impact revenue and success. 

1.3. Importance of Movie Recommendation Systems 

In the digital era, movie recommendation systems have become indispensable 
tools for both users and content providers. They help users navigate through the 
overwhelming array of choices available on various streaming platforms, making 
the process of discovering new movies more efficient and enjoyable [12]. By 
analyzing user interactions and preferences, these systems can suggest movies that 
align with individual tastes, increasing the likelihood of user engagement and 
satisfaction [13]. 
Traditional movie recommendation systems, however, face several challenges. 
Data sparsity, where there is insufficient data to make accurate recommendations, 
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particularly for new users or items, is a common issue [14]. The cold start problem 
arises when the system cannot provide recommendations for new users or new 
movies due to the lack of interaction history [15]. Additionally, user preferences 
are dynamic and can change over time, requiring recommendation systems to 
adapt and evolve to maintain their relevance and accuracy [16]. 
To address these challenges, researchers and practitioners are exploring various 
strategies, including the incorporation of additional data sources, the development 
of more sophisticated algorithms, and the use of hybrid approaches that combine 
different types of data and techniques [17]. These efforts aim to enhance the 
performance of movie recommendation systems, making them more robust and 
responsive to the needs of users in the ever-changing landscape of digital 
entertainment. 

1.4. Clustering in Recommendation Systems 

Clustering as a technique in data mining is fundamentally about partitioning a 
dataset into homogeneous subgroups or clusters, where the items within each 
cluster are more similar to each other than to those in other clusters [18]. This 
approach is particularly powerful in the context of recommendation systems, as it 
allows for the identification of natural groupings within the data that can be used 
to improve the personalization and accuracy of recommendations [19]. 
One of the key benefits of using clustering in recommendation systems is its ability 
to reduce the complexity of the recommendation task by focusing on a smaller, 
more relevant subset of items [20]. For example, clustering users based on their 
preferences can help in identifying similar user groups, which can then be used to 
make more informed predictions about what items a particular user might like [21]. 
Similarly, clustering items can help in organizing a vast catalog into more 
manageable segments, making it easier to match items with user preferences [22]. 
Moreover, clustering can also enhance recommendation systems by uncovering 
latent structures in the data that may not be apparent through other means [23]. 
These latent structures can provide insights into the underlying factors that 
influence user preferences and item popularity, which can be used to develop more 
nuanced and effective recommendation algorithms [24]. For instance, clustering 
can reveal trends and patterns in user behavior that can inform the design of more 
engaging and targeted content recommendations [25]. 
Despite its potential, clustering in recommendation systems also presents 
challenges. Determining the optimal number of clusters is a non-trivial task that 
can significantly impact the effectiveness of the clustering approach [26]. 
Additionally, the choice of distance metrics and clustering algorithms can 
influence the quality of the resulting clusters and, consequently, the performance 
of the recommendation system [27]. Therefore, it is crucial to carefully consider 
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these factors when designing and implementing clustering-based recommendation 
systems. 

1.5. Thesis Statement 

The primary objective of this research is to develop a movie recommendation 
system that harnesses the power of clustering methods to overcome the limitations 
of existing systems. By leveraging clustering techniques, the system aims to 
enhance the accuracy and personalization of movie recommendations, thereby 
providing users with a more tailored and satisfying movie-watching experience. 
1.5.1. The contributions 

Methodological Innovation: Propose a novel approach that combines clustering 
algorithms with traditional recommendation techniques. This integration is 
expected to address the data sparsity and cold start problems by grouping similar 
users and movies, enabling more informed recommendations even for new or less 
frequently rated items. 
Feature Engineering: Conduct an in-depth analysis of the movie dataset to identify 
and extract relevant features for clustering. This includes handling categorical and 
textual data, such as movie genres, cast, crew, and plot summaries, through 
appropriate encoding and transformation techniques. The effective utilization of 
these features is anticipated to improve the clustering quality and, consequently, 
the recommendation accuracy. 
Performance Evaluation: Implement a comprehensive evaluation framework that 
employs multiple metrics to assess the performance of the clustering-based 
recommendation system. By comparing the results with existing methods, the 
research will provide empirical evidence of the proposed system's superiority in 
terms of recommendation quality and user satisfaction. 
1.5.2. Expected outcomes 

A Functional Movie Recommendation System: Develop a fully operational movie 
recommendation system that can be integrated into existing streaming platforms 
or movie databases. The system will be capable of generating personalized movie 
suggestions based on user preferences and behavior, as well as the characteristics 
of the movies themselves. 
Enhanced User Experience: Users of the proposed system will benefit from more 
accurate and diverse movie recommendations, leading to increased engagement 
and satisfaction. This, in turn, is expected to improve user retention and loyalty 
for movie streaming services and content providers. 
Insights for Future Research: The findings of this research will contribute to the 
growing body of knowledge in the field of recommendation systems. By 
identifying the strengths and weaknesses of clustering-based approaches, the study 
will provide valuable insights for future research and development in this area, 
potentially inspiring new algorithms and techniques for improving 
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recommendation accuracy and personalization. 
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2. State of the Art and Problem Statement 

2.1. Current State of Movie Recommendation Systems 

A comprehensive review of the existing literature on movie recommendation 
systems reveals a diverse landscape of techniques and approaches aimed at 
enhancing user experience and satisfaction[28].The current trends and 
technologies used in movie recommendation systems can be broadly categorized 
into content-based filtering,collaborative filtering,knowledge-based systems,and 
hybrid approaches[29]. 
A. Content-Based Filtering 
Content-based recommendation systems focus on the attributes of items,such as 
movie genres,cast,and plot summaries,to recommend movies that align with a 
user's past preferences[30].These systems build item profiles and use techniques 
like term-frequency inverse document frequency(tf-idf)scores to find similarities 
in keywords associated with the items[31].Beyond text analysis,content-based 
systems also employ Bayesian methods and Artificial Neural Networks to make 
recommendations[32]. 
B. Collaborative Filtering 
Collaborative filtering(CF)systems,on the other hand,rely on the collective 
preferences of users to generate recommendations.These systems identify users 
with similar tastes and suggest items based on the ratings and preferences of those 
similar users[33].Memory-based collaborative filtering methods,such as user-item 
filtering and neighborhood-based methods,have been widely used due to their 
simplicity and effectiveness[34].Model-based collaborative filtering 
methods,including matrix factorization techniques like Singular Value 
Decomposition(SVD),have also gained popularity for their ability to handle large-
scale datasets and provide more accurate predictions[35]. 
C. Hybrid Recommendation Systems 
Hybrid systems combine the strengths of content-based and collaborative filtering 
techniques to overcome the limitations inherent in each approach[36].These 
systems aim to provide more accurate and personalized recommendations by 
leveraging both item content and user interaction data[37]. 
D. Analysis of Current Trends and Technologies 
Current research in movie recommendation systems is actively exploring the 
integration of multimodal information,including text,video,and audio,to enhance 
recommendation accuracy and personalization[38].Additionally,there is a growing 
interest in the use of knowledge graphs to incorporate emotional and contextual 



7 

data into the recommendation process,providing a more nuanced understanding of 
user preferences[39].Despite the advancements,movie recommendation systems 
face several challenges,including data sparsity,scalability,cold start issues,and the 
need for real-time updates to adapt to changing user preferences[40].The literature 
also highlights the need for more sophisticated evaluation methods and metrics to 
assess the performance of these systems[41]. 

2.2. Limitations of Existing Systems 

Despite the significant advancements in movie recommendation systems,several 
limitations persist that hinder their effectiveness and efficiency.This section 
discusses the gaps and limitations in current approaches,focusing on scalability 
and accuracy. 
2.2.1. Identification of Gaps and Limitations in Current Approaches 

A. Cold Start Problem 
One of the most significant challenges is the cold start problem,which affects both 
new users and new movies.New users lack historical interaction data,making it 
difficult for the system to generate personalized recommendations.Similarly,new 
movies with limited or no ratings face difficulty in being recommended to 
users.This issue is particularly pronounced in rapidly evolving domains like 
entertainment,where new content is continuously introduced[42]. 
B. Scalability Issues: 
As the number of users and items increases,the computational complexity of 
recommendation systems grows,leading to scalability issues.The increased data 
volume can overwhelm traditional algorithms,affecting the system's ability to 
provide timely and accurate recommendations.Scalability is crucial for 
maintaining performance as the system expands,and it is a common challenge 
across various recommendation domains[43]. 
C. Accuracy and Diversity 
There is a trade-off between the accuracy and diversity of recommendations.While 
accuracy is crucial for user satisfaction,diversity is essential for exploring new 
content.Existing systems often struggle to balance these aspects,potentially 
leading to a narrow range of recommendations that do not fully cater to the 
users'evolving interests[44]. 
D. Dynamic User Preferences 
User preferences are dynamic and can change over time.Existing systems may not 
adapt quickly enough to these changes,resulting in recommendations that may no 
longer be relevant.This requires systems to continuously learn from new user 
interactions and update their models accordingly[45]. 



8 

2.2.2. Discussion on the Scalability and Accuracy of Existing Systems 

The scalability of recommendation systems is closely tied to their accuracy.As 
systems grow to handle more users and items,maintaining high accuracy becomes 
increasingly challenging.The need for real-time updates to adapt to changing user 
preferences adds another layer of complexity.Furthermore,the accuracy of 
recommendations is often measured using metrics such as precision,recall,and F1 
score,but these may not fully capture the user experience,particularly in terms of 
diversity and serendipity.To address these limitations,researchers are exploring 
various solutions,including the use of more sophisticated algorithms,such as deep 
learning and reinforcement learning,to improve recommendation 
quality.Additionally,there is a growing interest in explainable AI to enhance 
transparency and trust in recommendation systems[46]. 

2.3. Problem Statement 

The research presented in this paper is designed to address the limitations of 
current movie recommendation systems,focusing on the need for a new approach 
that utilizes clustering methods to enhance scalability and accuracy. 
2.3.1. Clearly Define the Problem the Research Aims to Address 

The core problem this research aims to address is the inability of existing movie 
recommendation systems to effectively manage the vast and growing dataset of 
user interactions and content,leading to issues such as data sparsity,cold start 
challenges,and the inability to adapt quickly to changing user preferences.These 
limitations result in a suboptimal recommendation quality that fails to meet the 
diverse and dynamic needs of modern users. 
2.3.2. Justify the Need for a New Approach Using Clustering Methods 

Clustering methods offer a promising avenue for overcoming these limitations.By 
grouping similar users or items together,clustering can help in reducing the 
dimensionality of the recommendation problem,making it more manageable and 
scalable.This approach can also provide insights into natural groupings within the 
data that traditional recommendation algorithms might overlook,leading to more 
personalized and diverse recommendations. 
Clustering can help in addressing the cold start problem by clustering new users 
or items with similar profiles,allowing the system to make more informed 
recommendations based on the behavior of similar groups.This method can also 
improve the diversity of recommendations by ensuring that less popular but similar 
items are recommended to users,thus breaking the popularity bias often observed 
in recommendation systems. 
The need for a new approach is further justified by the evolving nature of user 
preferences and the increasing variety of content available.Clustering methods can 
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help in dynamically adapting to these changes by continuously updating the 
clusters based on new data,thus providing a more flexible and responsive 
recommendation system. 
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3. Selection of Optimal Tools for Solving the Problem 

In the development of a movie recommendation system using clustering methods, 
the selection of appropriate tools plays a pivotal role. The right set of tools can 
significantly enhance the system's efficiency, improve the accuracy of clustering, 
and ultimately lead to better recommendation results and higher user satisfaction. 
Efficient tools enable faster processing of large movie datasets, accurate clustering 
ensures that similar movies are grouped together effectively, and this in turn 
provides users with more relevant movie suggestions, thereby increasing their 
satisfaction with the recommendation service [47].  

3.1. Algorithms 

3.1.1. K-Means Clustering 

K-Means is a widely-used partitioning-based clustering algorithm.Its objective is 
to partition a given dataset into 𝐾𝐾 pre-defined clusters. The algorithm initiates by 
randomly selecting 𝐾𝐾 centroids.Then, it iteratively performs two main steps. In the 
first step, each data point 𝑥𝑥𝑖𝑖 is assigned to the cluster whose centroid 𝑐𝑐𝑗𝑗 is the 
closest, typically measured by the Euclidean distance formula 

𝑑𝑑�𝑥𝑥𝑖𝑖 , 𝑐𝑐𝑗𝑗� = ��
𝑛𝑛

𝑘𝑘=1

�𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑐𝑐𝑗𝑗𝑗𝑗�
2 

 
where 𝑛𝑛 represents the number of dimensions of the data, 𝑥𝑥𝑖𝑖𝑖𝑖 is the 𝑘𝑘-th dimension 
value of data point 𝑥𝑥𝑖𝑖,and 𝑐𝑐𝑗𝑗𝑗𝑗 is the 𝑘𝑘-th dimension value of centroid 𝑐𝑐𝑗𝑗 . In the 
second step, the centroids of each cluster are recalculated as the mean of all the 
data points within that cluster, that is 𝑐𝑐𝑗𝑗 = 1

𝑁𝑁𝑗𝑗
∑𝑥𝑥𝑖𝑖∈𝐶𝐶𝑗𝑗 𝑥𝑥𝑖𝑖,𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑁𝑁𝑗𝑗 is the number of 

data points in cluster𝐶𝐶𝑗𝑗 .The iteration continues until the centroids no longer change 
significantly, indicating convergence [48].  
In the context of movie recommendation systems, K-Means is suitable for 
clustering movies based on numerical features such as movie ratings and box 
office revenues. For example, by clustering movies according to rating intervals, 
it can separate high-rated, medium-rated, and low-rated movie groups, which helps 
the recommendation system target different audience preferences and recommend 
movies accordingly. 
3.1.2. Hierarchical Clustering 

Hierarchical clustering operates in two main strategies: agglomerative and 
divisive. The agglomerative approach starts with each data point as an individual 
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cluster and then successively merges the most similar clusters. The similarity 
between clusters can be measured in various ways. For instance, in single-
linkage, the distance between two clusters 𝐶𝐶𝑖𝑖 and 𝐶𝐶𝑗𝑗 is defined as the minimum 
distance between any two points from the two clusters, i.e,  

𝑑𝑑�𝐶𝐶𝑖𝑖 ,𝐶𝐶𝑗𝑗� = 𝑚𝑚𝑚𝑚𝑚𝑚
𝑥𝑥∈𝐶𝐶𝑖𝑖,𝑦𝑦∈𝐶𝐶𝑗𝑗

𝑑𝑑(𝑥𝑥,𝑦𝑦) 

In complete-linkage, it is the maximum distance between any two points of the 
two clusters, and in average-linkage, it is the average distance between all pairs of 
points from the two clusters. The divisive approach functions in the reverse 
manner, initiating with all data points in one cluster and subsequently splitting 
them incrementally. A dendrogram is frequently employed to visually depict the 
hierarchical structure of the clustering process, illustrating how clusters are 
merged or split at each stage [49]. 
In movie recommendation systems, hierarchical clustering excels at categorizing 
movie genres in a hierarchical fashion. It can organize movie genres from broad 
categories such as "Drama" to more specific sub-categories like "Youth Romantic 
Drama" or "Retro Literary Drama," thereby facilitating the construction of a 
hierarchical recommendation catalog that satisfies users' needs for exploring 
preferences from general to specific. 
3.1.3. Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

DBSCAN is predicated on the concept of data point density. It defines core points 
as points that have at least 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 number of neighboring points within a given 
radius  𝐸𝐸𝐸𝐸𝐸𝐸 . Border points are points that reside in the neighborhood of a core 
point but are not core points themselves, and noise points are those that are neither 
core points nor in the vicinity of any core point. Commencing from the core points, 
points that are density-reachable (if there exists a chain of points where the 
distance between adjacent points is less than 𝐸𝐸𝐸𝐸𝐸𝐸and all points in the chain are 
core points, then the first and the last points are density-reachable) constitute 
clusters. Border points are assigned to the nearest core point's cluster. In this 
manner, it can identify clusters of diverse shapes without the necessity to pre-
specify the number of clusters [50]. 
In the context of movie data, DBSCAN can effectively identify niche or unpopular 
movies that form independent clusters (since these movies' features often resemble 
outliers with low-density distribution in the overall data space), and it can also 
precisely partition regions of mainstream and popular movies with high density. 
This is pivotal for mining niche preferences and enriching the diversity of movie 
recommendations. 
3.1.4. Grid-Based Clustering 

Grid-based clustering partitions the data space into grid cells. It initially 
determines the granularity of the grid division (typically by equally dividing each 
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dimension). Subsequently, it enumerates the number of data points and computes 
the density and other statistical information for each cell. Adjacent cells with high 
density are amalgamated to form clusters, and a threshold can be established to 
filter out valid clusters and disregard low-density noise cells [51]. 
For large-scale movie datasets, grid-based clustering is efficient. When confronted 
with a substantial amount of movie attribute data, it can swiftly locate data-dense 
regions at a coarse-grained level, such as initially screening out the grid regions 
corresponding to popular movie categories and high-activity rating intervals, 
thereby establishing the foundation for subsequent fine-grained clustering and 
accelerating the overall processing. 
3.1.5. Model-Based Clustering 

Model-based clustering presumes that the data is generated by a specific 
mathematical model. A frequently employed model is the Gaussian Mixture 
Model (GMM). GMM utilizes multiple Gaussian distributions to fit the data 
distribution. The Expectation-Maximization (EM) algorithm is leveraged to 
iteratively estimate the model parameters, encompassing the weights, means, and 
covariances of each Gaussian component. Data points are assigned to clusters 
based on their probabilities of belonging to each Gaussian component, with the 
point being allocated to the cluster with the highest probability [52]. 
In movie data exhibiting complex multi-modal distribution characteristics (such as 
considering the combined style disparities of movies from different eras and 
regions), GMM clustering can closely correspond to the multi-modal features and 
precisely delineate clusters of movies with distinct styles. This is suitable for 
analyzing intricate viewing preferences in a multicultural context. 

𝐿𝐿(𝜃𝜃|𝑋𝑋) = �
𝑁𝑁

𝑛𝑛=1

�
𝐾𝐾

𝑘𝑘=1

𝜋𝜋𝑘𝑘𝑁𝑁(𝑥𝑥𝑛𝑛|𝜇𝜇𝑘𝑘 ,𝛴𝛴𝑘𝑘) 

where 𝜃𝜃 represents the model parameters, 𝜋𝜋𝑘𝑘 is the mixing coefficient, 𝑁𝑁 is the 
normal distribution, and 𝜇𝜇𝑘𝑘 and 𝛴𝛴𝑘𝑘 are the mean and covariance of the k-th 
component. 
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3.1.6. Comparative Analysis of Algorithms 

Table 1: Comparison of Clustering Algorithms 

Algorithm Advantages Disadvantages 

K-Means 
Simple,fast for large 
datasets,converges quickly. 
Good for spherical clusters. 

Sensitive to initial centroids,needs 
preset. 
Struggles in high dimensions. 

Hierarchical No preset cluster 
number,reveals data structure. 

Computationally costly for big data. 
Hard to fix optimal cluster number. 

DBSCAN Finds arbitrary shapes,handles 
noise well. 

Sensitive to parameters. 
Weak in varying density datasets. 

Grid-Based Efficient for large data,easy to 
implement. 

Cluster quality hinges on grid specs. 
Can't capture complex shapes well. 

Model-Based 
Uncovers data's hidden 
structure,suits probabilistic 
data. 

Needs complex parameter 
estimation,computationally intense. 

 

3.2. Software and Programming Languages 

When considering the development of a movie recommendation system utilizing 
clustering methods, the selection of an appropriate programming language is a 
critical decision. The languages under consideration include Python, R, C, and 
Java, each with distinct characteristics that make them suitable for different 
aspects of the project. The following sections provide an overview of each 
language and their relevance to the task at hand. 
3.2.1. Python 

Python is recognized for its readability and versatility, making it a preferred choice 
for data analysis and machine learning applications. Its extensive library 
ecosystem, including data science frameworks such as NumPy, Pandas, and Scikit-
learn, facilitates complex data manipulation and algorithm implementation. 
Python's dynamic typing and interpreted nature offer flexibility and rapid 
development capabilities. 
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3.2.2. R 

R is a programming language and environment specifically designed for statistical 
computing and graphics. It boasts a rich collection of packages dedicated to 
statistical analysis and data visualization, positioning it as a strong contender for 
data-centric projects. R's focus on statistical methodology and its ability to handle 
complex data structures make it a valuable tool in analytical tasks. 
3.2.3. C 

C is a procedural programming language known for its efficiency and flexibility. 
It offers fine-grained control over system resources and is often the go-to language 
for system programming and performance-critical applications. C's compiled 
nature ensures faster execution, which can be advantageous for computationally 
intensive tasks. 
3.2.4. Java 

Java is an object-oriented programming language that emphasizes portability and 
maintainability. Its "write once, run anywhere" philosophy, along with its robust 
standard library, makes Java a popular choice for developing large-scale, cross-
platform applications. Java's strong typing and compilation model contribute to 
the creation of reliable and efficient software. 
Based on the evaluation of the aforementioned languages, Python has been 
selected for the development of the movie recommendation system. Python's 
strengths in data manipulation, machine learning, and its supportive community 
make it the most suitable choice for the project. Its ability to handle large datasets 
and integrate with various data science libraries will be instrumental in the 
implementation of the clustering-based recommendation system. 

3.3. Software Libraries and Feature Engineering Tools 

For the development of a movie recommendation system using clustering 
methods,a selection of software libraries and feature engineering tools is 
essential.These tools are crucial for data preprocessing,feature extraction,and 
model development. 
3.3.1. Software Libraries: 

3.3.1.1. NumPy and Pandas 

These foundational libraries enable efficient data manipulation and analysis.They 
support large,multi-dimensional arrays and matrices of numeric data,along with 
tools for data manipulation and analysis. 
3.3.1.2. Scikit-learn 

This comprehensive machine learning library offers a variety of clustering 
algorithms,model selection techniques,and tools for evaluating results. 
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3.3.1.3. Matplotlib and Seaborn 

Essential for data visualization,these libraries help in understanding complex data 
structures and presenting findings clearly. 
3.3.2. Feature Engineering Tools: 

A. Text Processing Libraries(e.g.,NLTK,SpaCy):Vital for handling textual data 
such as movie descriptions,these libraries facilitate text tokenization,stop word 
removal,and extraction of meaningful features. 

B. Natural Language Processing(NLP)Tools:Tools like Gensim are used for topic 
modeling,uncovering hidden patterns in movie genres and tags,thus enhancing 
the feature set for clustering. 

3.4. Visualization Tools 

Visualization plays a critical role in understanding the outcomes of data clustering 
and assessing the performance of the recommendation system. 
A. Matplotlib and Seaborn:These tools create static,animated,and interactive 

visualizations of clustering results,providing insights into the distribution and 
characteristics of formed clusters. 

B. Plotly:An interactive graphing library that allows for the creation of complex 
visualizations,which can be particularly useful for presenting dynamic changes 
in clustering results over time. 

3.5. Data Sources 

The data source selected for this study is the TMDB 5000 Movie Dataset from 
Kaggle.This dataset was chosen due to its comprehensive nature,which includes a 
wide array of features such as movie titles,genres,cast information,crew 
details,and user ratings—all essential for developing a robust recommendation 
system. 
The TMDB 5000 Movie Dataset offers a rich set of features that facilitate the 
application of clustering algorithms to segment the movie data effectively.The 
selection of this dataset is also influenced by its availability on Kaggle,a reputable 
platform for sharing and collaborating on datasets within the data science 
community. 
While a more detailed explanation of the data will be provided in subsequent 
sections,it is important to note that the TMDB 5000 Movie Dataset serves as a 
solid foundation for the development and evaluation of the proposed movie 
recommendation system.The dataset's breadth and depth provide a robust basis for 
clustering and for generating accurate movie recommendations. 
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4. Implementation Description 

4.1. Describe the dataset 

4.1.1. Dataset Source and Acquisition 

The dataset is sourced from Kaggle(https://www.kaggle.com/datasets/tmdb/tmdb-
movie-metadata), a renowned platform for data science competitions and sharing 
of datasets. It is made publicly available by TMDB (The Movie Database), an 
extensive movie database that aggregates data from various sources within the film 
industry. The dataset is provided in a comma-separated values (CSV) format, 
which is a common and convenient structure for handling tabular data, facilitating 
seamless import into multiple data analysis and machine learning frameworks. The 
open-access nature of this dataset on Kaggle allows researchers and developers 
worldwide to leverage it for diverse applications, fostering innovation and 
collaboration in the domain of movie analytics and recommendation systems. 
4.1.2. Dataset Size 

The TMDB 5000 Movie Dataset, as the name implies, comprises approximately 
5000 movie entries. Each entry represents a distinct movie, encapsulating a 
comprehensive set of attributes related to that particular film. While 5000 records 
might seem relatively modest compared to the entire universe of movies ever 
produced, it strikes a balance between manageability for computational processing 
during development and experimentation, and still being large enough to capture 
meaningful patterns and trends across different movie genres, production eras, and 
popularity levels. 
The dataset is divided into two main CSV files: “tmdb_5000_movies.csv” with a 
size of 5.7MB and “tmdb_5000_credits.csv” sized at 40MB. The 
“tmdb_5000_movies.csv” file contains the core movie information such as titles, 
genres, release dates, vote averages, budgets, revenues, and overviews. The 
relatively smaller size of this file is due to the fact that most of the fields are either 
categorical or numerical values that can be efficiently stored. For example, the 
genre field, although it can have multiple values per movie, is stored in a text 
format that doesn't take up excessive space. The numerical values like vote 
average, budget, and revenue are typically represented as floating-point or integer 
values, which also have a reasonable storage footprint. 
The “tmdb_5000_credits.csv” file, on the other hand, is larger as it likely contains 
more detailed information about the movie credits, such as the cast and crew 
members. This information is often more text-heavy, with names and potentially 
short descriptions or roles associated with each person. The larger size indicates 
that this file contains a significant amount of detailed textual data that could be 
valuable for further analysis, such as understanding the influence of specific actors 
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or directors on a movie's success or clustering movies based on the creative talent 
involved. 

Table 2 : Dataset File Sizes 

NO. File Name SIZE 

1 tmdb_5000_movies.csv 5.7MB 

2 tmdb_5000_credits.csv 40MB 

 
4.1.3. Dataset Features 

The dataset encompasses a rich variety of features, each offering unique insights 
into the nature and characteristics of the movies it represents. 
4.1.3.1. Categorical Features 

A. Genres 

Description: This is a multi-valued categorical feature where each movie can be 
tagged with one or more genres. It ranges from broad classifications like "Action", 
"Drama", "Comedy", to more niche ones such as "Film-Noir", "Western", and 
"Thriller". There are over 20 distinct genre labels present in the dataset. 
Suitability for Clustering: Genres are highly relevant for clustering as movies 
within the same genre often share thematic, stylistic, and audience appeal 
similarities. For example, in K-Means Clustering, we can one-hot encode the genre 
feature (if using a simple binary encoding for each genre) to create a binary vector 
for each movie indicating which genres it belongs to. This encoded vector can then 
be combined with other features to form the input for the clustering algorithm. In 
Hierarchical Clustering, genre information can help in determining the initial 
similarity between movies and guide the agglomerative or divisive process of 
forming clusters. For DBSCAN, it can contribute to identifying dense regions of 
movies with common genres. In Grid-Based Clustering, genre can be an additional 
dimension to consider when partitioning the data space. In Model-Based 
Clustering, assuming a model that can incorporate categorical variables (like a 
Bayesian mixture model with appropriate priors for genres), it can help in 
uncovering latent groups based on genre combinations. 
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Figure 1 : genres 

 
B. Original Language 

Description: Denotes the language in which the movie was primarily filmed. 
English is the most common, accounting for approximately 60% of the movies in 
the dataset, followed by Spanish, French, and other languages in descending order 
of frequency. 
Suitability for Clustering: Language can be an important factor for clustering as it 
relates to the target audience and cultural context of the movie. For instance, in K-
Means Clustering, we can use label encoding (assigning a unique integer to each 
language) to incorporate this feature. In Hierarchical Clustering, it can help in 
creating hierarchical groupings where movies in the same language are grouped 
first and then further divided based on other features. DBSCAN can identify 
clusters of movies in the same language if there are dense regions in the data space 
defined by language and other features. Grid-Based Clustering can partition the 
data based on language as one of the grid dimensions. In Model-Based Clustering, 
it can be incorporated as a categorical variable in models like Gaussian Mixture 
Models with appropriate adaptations to handle it. 

Figure 2 : Original Language 

 
C. Production Companies 

Description: Lists the production entities involved in making the movie. There are 
hundreds of unique production companies, with some well-known studios like 
Warner Bros., Universal Pictures, and Paramount Pictures being frequently 
represented. The presence of multiple production companies for a single movie is 
not uncommon, especially for big-budget blockbusters that often involve co-
productions. 
Suitability for Clustering: Production companies can indicate certain production 
qualities, styles, and marketing strategies associated with the movies they produce. 
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Similar to genres, we can one-hot encode the production companies feature for use 
in clustering algorithms. For example, in K-Means Clustering, this encoded 
information can contribute to forming clusters of movies with similar production 
backgrounds. Hierarchical Clustering can use it to build hierarchical structures 
based on the relationships between production companies. DBSCAN can detect 
dense regions corresponding to movies from specific production companies or 
groups of collaborating companies. Grid-Based Clustering can consider 
production companies as a dimension when dividing the data space. In Model-
Based Clustering, it can be integrated into models to discover latent clusters related 
to production characteristics. 

Figure 3 : C.Production Companies: 

 
D. Homepage 

Description: Contains the URL of the movie's official homepage. In the dataset, 
the data quality shows that around 64% of the entries have valid URLs like 
"http://www.thewildonesmovie.com/", while the remaining 36% fall into other 
categories (such as being empty, malformed, or leading to non-existent pages). 
Suitability for Clustering: This feature is ill-suited for clustering purposes. URLs 
are essentially strings that serve as web addresses and do not intrinsically convey 
information about the movie's content, thematic essence, stylistic traits, or 
audience appeal. Quantifying and computing similarity based on homepage URLs 
is challenging. In clustering algorithms like K-Means Clustering, the URL strings 
would not meaningfully contribute to defining the distance between movies in the 
feature space. Hierarchical Clustering wouldn't benefit much from this feature 
either as it wouldn't provide clear cues for initial similarity determination or the 
hierarchical structuring process. DBSCAN struggles to identify meaningful dense 
regions using homepage data as the URLs lack a direct connection to the core 
movie characteristics relevant for clustering. Grid-Based Clustering also finds it 
hard to partition the data space effectively when using the homepage as a 
dimension since the URL values don't align with typical clustering-relevant 
metrics. In Model-Based Clustering, incorporating the homepage as a variable 
would require complex encoding and transformation that still might not yield 
useful latent groups related to the movie's substance. 
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4.1.3.2. Numerical Features 

A. Vote Average 

Description: Represents the average rating given by users on a scale of 0 to 10. 
The distribution of vote averages in the dataset is somewhat skewed, with a 
concentration of movies having ratings between 5 and 7. 
Suitability for Clustering: Vote average is a direct measure of user satisfaction and 
can be used to group movies based on their perceived quality. In all the clustering 
algorithms, it can be used as a feature directly. For K-Means Clustering, it helps 
in defining the distance between movies in the feature space (along with other 
features). In Hierarchical Clustering, it influences the similarity calculation 
between movies during the clustering process. DBSCAN can identify dense 
regions of movies with similar vote averages. Grid-Based Clustering can partition 
the data based on vote average ranges. In Model-Based Clustering, it can be 
modeled as a continuous variable in appropriate probabilistic models (like in a 
Gaussian Mixture Model where it can contribute to the likelihood calculation). 

Figure 4 : A.Vote Average 

 
B. Vote Count 

Description: Records the number of votes received by each movie. There is a wide 
variance in vote counts, from movies with only a handful of votes (possibly indie 
or niche films) to those with thousands of votes (mainstream blockbusters). 
Suitability for Clustering: Vote count provides an indication of the popularity or 
visibility of a movie. Similar to vote average, it can be used as a feature in all 
clustering algorithms. In K-Means Clustering, it helps in differentiating between 
widely discussed movies and those with less exposure. Hierarchical Clustering can 
use it to group movies based on their level of engagement. DBSCAN can detect 
dense areas of movies with comparable vote counts. Grid-Based Clustering can 
divide the data space according to vote count intervals. In Model-Based 
Clustering, it can be incorporated as a variable to model the popularity aspect in 
probabilistic models. 
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Figure 5 : Vote Count 

 
C. Revenue 

Description: The Revenue field indicates the total income generated by the movie 
through different channels like box office sales, home video sales, streaming 
rights, and merchandise related to the movie. 
Suitability for Clustering: Revenue is less suitable for clustering compared to other 
features. While it does provide information about the financial success of a movie, 
it is highly influenced by external factors such as marketing efforts, release timing, 
and competition at the time of release. Two movies with similar content and 
production qualities may have vastly different revenues due to these externalities. 
For example, a movie released during a crowded holiday season may face more 
competition and earn less revenue than if it were released at a different time, even 
if its inherent quality is comparable. In clustering algorithms, this variability 
makes it difficult to group movies based on revenue in a meaningful way that 
reflects their intrinsic characteristics. In K-Means Clustering, the wide variance in 
revenue values can lead to unstable cluster formation as it may not correlate well 
with other features. Hierarchical Clustering may not produce meaningful 
hierarchical structures based on revenue alone due to its lack of consistency in 
representing movie similarity. DBSCAN may struggle to identify meaningful 
dense regions as the revenue distribution is often skewed and affected by non-
content-related factors. Grid-Based Clustering would also face challenges in 
partitioning the data space based on revenue as the ranges would be highly variable 
and not necessarily indicative of movie similarity. In Model-Based Clustering, 
modeling revenue as a continuous variable may not contribute effectively to 
capturing the latent groups related to the movie's content and other essential 
aspects.  
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Figure 6 : Budget and Revenue 

 
D. Id 

Description: Each movie is assigned a unique identifier within the dataset. These 
identifiers are sequential numbers or alphanumeric codes that serve the purpose of 
differentiating one movie entry from another in the database context. All the IDs 
in the dataset are valid, without any cases of missing or mismatched values. 
Suitability for Clustering: The movie ID is merely a distinct label for identification 
and holds no inherent information about the movie's content, style, or any other 
aspect relevant to clustering. It doesn't play a role in clustering movies based on 
their characteristics, as clustering aims to group movies with similar content, 
popularity, or other meaningful traits rather than relying on an arbitrary 
identification number. 
4.1.3.3. Textual Features 

A. Overview 

Description: A brief synopsis or description of the movie's plot, typically a few 
sentences long. This text-based feature holds valuable semantic information that 
can be exploited through natural language processing techniques. 
Suitability for Clustering: The overview can be used to capture the semantic 
similarity between movies. For instance, by applying word vectorization methods 
like GloVe or BERT embeddings, the overview text can be transformed into a 
numerical vector representation. These vectors can then be used in clustering 
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algorithms. In K-Means Clustering, the distance between these text-based vectors 
can be calculated along with other features to group movies with similar storylines. 
Hierarchical Clustering can build a hierarchy based on the semantic similarity of 
the overviews. DBSCAN can identify dense regions of movies with similar plot 
themes based on these vectors. Grid-Based Clustering can partition the data space 
considering the semantic space defined by the overview vectors. In Model-Based 
Clustering, the text vectors can be incorporated into appropriate probabilistic 
models to discover latent groups based on story content. 
Code Example for Extracting Text Vectors from Overview (using simple bag-of-
words approach as an example, more advanced techniques like word embeddings 
can be used instead) 

Figure 7 : Overview 

 
 
B. Tagline 

Description: A catchy, short phrase that encapsulates the essence of the movie, 
often used for promotional purposes. 
Suitability for Clustering: Similar to the overview, the tagline can be processed to 
extract semantic cues. Although it is shorter than the overview, it can still provide 
valuable hints about the movie's key aspects. The same techniques used for the 
overview (like converting to vectors) can be applied. In clustering algorithms, it 
can contribute to grouping movies with similar promotional themes or key 
concepts. For example, in K-Means Clustering, the tagline vectors can be 
combined with other feature vectors to determine cluster membership. 
Hierarchical Clustering can use it to build hierarchical structures based on the 
similarity of taglines. DBSCAN can identify dense regions of movies with 
comparable tagline semantics. Grid-Based Clustering can partition the data space 
considering the semantic information from taglines. In Model-Based Clustering, 
tagline vectors can be incorporated into models to discover latent groups based on 
these short promotional descriptions. 

Figure 8 : Tagline 
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C. Keywords 

Description: A set of relevant keywords associated with the movie, which can 
cover aspects such as the genre, plot elements, characters, or themes. In the dataset, 
about 9% of the entries have specific keyword sets like ['id': 1038, 'name': 
'Independent film'], while around 90% fall into other situations (potentially being 
empty or having less descriptive keyword collections). 
Suitability for Clustering: Keywords can be quite valuable for clustering. For K-
Means Clustering, they can be processed (such as through word vectorization 
similar to the overview) and incorporated into the feature vector to help group 
movies with related semantic content. Hierarchical Clustering can build 
hierarchical structures based on the similarity of the keyword sets, clustering 
movies with overlapping or closely related keywords first and then further 
subdividing. DBSCAN can identify dense regions of movies sharing common 
keywords, which might imply shared thematic or genre characteristics. Grid-Based 
Clustering can partition the data space considering the semantic space defined by 
the keywords, treating them as an additional dimension for clustering. In Model-
Based Clustering, the keyword vectors can be integrated into appropriate 
probabilistic models to uncover latent groups based on the movie's associated 
semantic tags. 

Figure 9 : Keywords 

 
D. Cast 

Description: Comprises the list of actors who play roles in the movie. The cast can 
range from a few principal actors in smaller productions to a large ensemble in 
big-budget blockbusters. The reputation, acting styles, and fan bases of the actors 
can vary widely, influencing the movie's appeal and potential success. 
Suitability for Clustering: Cast information can be used for clustering in multiple 
ways. In K-Means Clustering, one could assign unique identifiers to each actor 
and then use one-hot encoding or other encoding schemes to represent the presence 
of particular actors in a movie. This encoded data could then be combined with 
other features to form the clustering input, potentially grouping movies with 
similar casts together. Hierarchical Clustering could start by clustering movies 
based on shared lead actors and then further subdivide based on other 
characteristics. For DBSCAN, if there are groups of movies with common casts 
that form a relatively dense region in the data space (in terms of the encoded cast 
information along with other features), they could be identified as clusters. 
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However, the complexity of encoding and the fact that many movies have diverse 
casts means that using cast as a sole or dominant clustering feature may lead to 
overcomplicated or less meaningful results without proper consideration of other 
factors. 
E. Crew 

Description: Encompasses all the personnel involved in the production of the 
movie, including directors, writers, producers, cinematographers, and more. Each 
crew member plays a crucial role in shaping the movie's style, narrative, and 
overall quality. For example, directors with distinct visual or narrative styles (like 
Christopher Nolan's complex narratives and unique visual palettes) can give a 
particular identity to their films. 
Suitability for Clustering: Crew information can be incorporated into clustering 
algorithms. In Model-Based Clustering, for instance, the style or reputation of a 
director could be modeled as a categorical variable (if possible to quantify in some 
way), and movies directed by similar directors could be grouped together. In 
Hierarchical Clustering, one could first group movies based on the director or 
producer and then expand the clustering structure by incorporating other crew 
members' characteristics and other features like genre and budget. DBSCADN 
could identify dense regions of movies produced by a particular crew or with 
similar crew compositions in the data space defined by relevant crew-related 
metrics along with other features. However, the challenge lies in quantifying the 
influence and similarity of different crew members in a way that is both accurate 
and useful for clustering. 
In summary, the features that are very suitable for clustering are Genres (movie 
types), Original Language, Production Companies, Keywords, Cast, and Crew. 
These features can reflect different aspects of movies such as content, style, 
language, production background, and the people involved, which are helpful for 
forming meaningful movie clusters. 
 
Less suitable features include Homepage (as URLs are hard to translate into 
clustering-relevant data), Id (mere identification numbers), and Original_Title 
(which doesn't directly convey content traits without elaborate NLP processing). 
These features are either difficult to quantify and calculate similarity or do not 
reflect the essential characteristics of movies for clustering. 
 
Title has some potential for clustering when analyzed with advanced NLP 
techniques, but it's less straightforward compared to many other features. 
Although Cast and Crew can be used for clustering, due to their complex nature 
and the need for proper encoding and quantification, they require careful handling 
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and combination with other features to yield meaningful clustering results. 
4.1.4. Data Exploration 

To conduct a thorough initial exploration and analysis of the dataset, we will 
employ Python, leveraging libraries such as Pandas for data manipulation, 
Matplotlib and Seaborn for visualization, and Scikit-learn for preliminary data 
analysis. Here are the detailed steps. 
4.1.4.1. Importing Libraries and Loading Data 

import pandas as pd 
import matplotlib.pyplot as plt 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
from sklearn.feature_extraction.text import TfidfVectorizer 
from sklearn.metrics.pairwise import cosine_similarity 
movies_df = pd.read_csv('/data/notebook_files/tmdb_5000_movies.csv') 
credits_df = pd.read_csv('/data/notebook_files/tmdb_5000_credits.csv') 

A. Importing Libraries 

✔ import pandas as pd: Imports the Pandas library and abbreviates it as pd. 
Pandas is an open-source Python data analysis library that is highly suitable 
for quickly performing complex data analysis and data processing. It has been 
imported twice here, but only one import is necessary. 

✔ import matplotlib.pyplot as plt: Imports the pyplot module from the Matplotlib 
library and abbreviates it as plt. Matplotlib is a Python plotting library, and 
pyplot is its plotting framework, providing a MATLAB-like plotting system. 
It has also been imported twice, but only one import is needed. 

✔ import numpy as np: Imports the NumPy library and abbreviates it as np. 
NumPy is a Python scientific computing library that provides a large number 
of mathematical function tools, especially useful for large-scale 
multidimensional array and matrix operations, as well as advanced 
mathematical function computations. 

✔ import seaborn as sns: Imports the Seaborn library and abbreviates it as sns. 
Seaborn is a Python data visualization library based on Matplotlib that 
provides a high-level interface for creating statistical graphics. 

✔ from sklearn.feature_extraction.text import TfidfVectorizer: Imports 
TfidfVectorizer from the scikit-learn library. scikit-learn is an open-source 
Python machine learning library, and TfidfVectorizer is a tool for converting 
text data into TF-IDF feature matrices, which is very suitable for text analysis. 
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✔ from sklearn.metrics.pairwise import cosine_similarity: Imports the 
cosine_similarity function from the scikit-learn library. This function is used 
to calculate the cosine similarity between two vectors, which is a method for 
evaluating the similarity between two texts. 

B. Loading Data 

✔ movies_df = pd.read_csv('/data/notebook_files/tmdb_5000_movies.csv'): 
Uses the read_csv function from Pandas to read the CSV file 
tmdb_5000_movies.csv, which contains information about movies such as 
titles, descriptions, ratings, etc., and stores the read data in the movies_df 
DataFrame object. 

✔ credits_df = pd.read_csv('/data/notebook_files/tmdb_5000_credits.csv'): 
Similarly, uses the read_csv function to read another CSV file 
tmdb_5000_credits.csv, which contains cast and crew information for movies, 
such as directors, actors, etc., and stores the data in the credits_df DataFrame 
object. 

4.1.4.2. Data Overview and Basic Information Review 

A. Data Overview 
merged_data = pd.merge(movies_df, credits_df, left_on='id', 
right_on='movie_id', suffixes=('', '_credits')) 
merged_data.drop('movie_id', axis=1, inplace=True) 
merged_data.drop('title_credits', axis=1, inplace=True)  
mad_merged_data = merged_data.head() 
mad_merged_data 

✔ To facilitate subsequent processing, two DataFrames containing movie 
information were merged (one with basic movie details and the other with cast 
and crew information). Afterwards, the column that was no longer necessary 
after the merge 'movie_id', 'title_credits' was deleted. Lastly, the initial few 
rows of the merged dataset were extracted for viewing or further analysis. 

Figure 10 : Output_View the first few rows of data 
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✔ This will display the first few rows of the merged dataset, allowing us to have 
a quick look at the data structure. We can see the values of various columns 
such as movie titles, genres, release dates, vote averages, and more. This gives 
us an initial understanding of how the data is organized and what kind of 
information is available for each movie. 

B. Shape and Information 
# Check the shape of the dataset (number of rows and columns) 
print(merged_data.shape) 
 
# Examine the data types and the number of non-null values 
print(merged_data.info()) 
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Figure 11 ：Output_Shape and Information 

 
✔ The first number represents the number of rows, which is the total count of 

movies in the dataset. The second number represents the number of columns, 
indicating the different attributes or features used to describe each movie. This 
information helps us understand the scale of the dataset and plan further 
analysis. 

✔ The first number represents the number of rows, which is the total count of 
movies in the dataset. The second number represents the number of columns, 
indicating the different attributes or features used to describe each movie. This 
information helps us understand the scale of the dataset and plan further 
analysis. 

C. The distribution of features across different categorie 

a) Genres 
# Count the distribution of movie genres 
genres_distribution = 
merged_data['genres'].value_counts().reset_index() 
genres_distribution.columns = ['Genres', 'Count'] 
display(genres_distribution) 
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Figure 12 : Output_Genres 

 
✔ This display the frequency of each movie genre in a tabular format. The table 

will have two columns: 'Genres' which shows the different movie genres, and 
'Count' which shows the number of occurrences of each genre in the dataset. 
We can easily observe which genres are more common and which are less 
common. This information helps us understand the genre diversity in the 
dataset and can guide our decisions on how to handle genre information in the 
clustering and recommendation process. We may consider using encoding 
techniques like one-hot encoding or frequency-based encoding to represent 
genres numerically for further analysis. 
b) Original Language 
# Count the distribution of original languages 
original_language_distribution = 
merged_data['original_language'].value_counts().reset_index() 
original_language_distribution.columns = ['Original Language', 'Count'] 
display(original_language_distribution) 
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Figure 13 : Output_original languages 

 
✔ The result show the distribution of the original languages of the movies in a 

table. The table will have columns 'Original Language' and 'Count'. We can 
quickly identify the dominant language(s) in the dataset. Most likely, English 
will be the most common original language. This information is useful for 
understanding the language landscape of the movies and can be incorporated 
into the analysis. For example, we could explore if movies in the same 
language have similar characteristics or user preferences. We might also 
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consider grouping or treating non-English movies differently based on their 
language frequencies. 
c) Production Companies 
# Count the distribution of production companies 
production_companies_distribution = 
merged_data['production_companies'].value_counts().reset_index() 
production_companies_distribution.columns = ['Production Companies', 
'Count'] 
display(production_companies_distribution) 

Figure 14 : Output_Production Companies 

 
✔ This sprint the frequency of each production company in a tabular format. The 

table has columns 'Production Companies' and 'Count'. We can spot the major 
production companies and see how many movies they have produced. This 
information can provide insights into the production trends and the influence 
of different companies. We can analyze if movies from the same production 
company share certain qualities or if there are patterns in user preferences for 
movies produced by specific companies. In the clustering and recommendation 
system, we could potentially use this information to group movies based on 
their production sources or to identify companies that produce similar types of 
movies. 
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d) Keywords 
# Count the distribution of keywords 
keywords_distribution = 
merged_data['keywords'].value_counts().reset_index() 
keywords_distribution.columns = ['Keywords', 'Count'] 
display(keywords_distribution) 

Figure 15 : Output_Keywords 

 
✔ The output presents the distribution of keywords in a tabular form with 

columns 'Keywords' and 'Count'. This allows us to identify the most frequently 
occurring keywords in the dataset. Keywords can provide valuable insights 
into the themes, plots, or characteristics of the movies. We can use this 
information to understand the semantic content of the movies and potentially 
group movies with similar keywords together in the clustering process. It can 
also help in identifying patterns in user preferences related to specific themes 
or elements represented by the keywords. 
e) Cast 
# First, convert the string data in the cast column to a list format 
cast_lists = merged_data['cast'].apply(lambda x: eval(x)) 
# Count the frequency of actors 
cast_frequency = {} 
for cast_list in cast_lists: 
    for actor_dict in cast_list: 
        # Use the actor's name as the unique entity 
        actor_name = actor_dict.get('name', None) 



35 

        if actor_name is not None: 
            if actor_name in cast_frequency: 
                cast_frequency[actor_name] += 1 
            else: 
                cast_frequency[actor_name] = 1 
# Convert the actor frequency dictionary to a DataFrame 
cast_distribution = pd.DataFrame(list(cast_frequency.items()), 
columns=['Actor', 'Count']) 
cast_distribution = cast_distribution.sort_values(by='Count', 
ascending=False) 
display(cast_distribution) 

Figure 16 : Output_cast_distribution 

 
✔ The output is a table presenting the distribution of actors in the dataset. The 

table has columns 'Actor' and 'Count', where 'Actor' represents the name of the 
actor and 'Count' represents the number of movies in which the actor has 
appeared. By using the actor's name as the unique entity, we can accurately 
count the frequency of each actor's appearance. This information is crucial for 
understanding the influence of different actors on the movies. We can identify 
popular actors who appear in many movies and potentially group movies based 
on the presence of certain actors. It can also provide insights into the casting 
trends and the relationship between actors and movie characteristics, which 
can be useful in the clustering and recommendation process.  
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f) Crew 
# Extract the director information  
directors = merged_data['crew'].apply(lambda x: [crew['name'] for crew 
in eval(x) if crew['job'] == 'Director']) 
# Count the frequency of directors 
director_frequency = {} 
for director_list in directors: 
    for director in director_list: 
        if director in director_frequency: 
            director_frequency[director] += 1 
        else: 
            director_frequency[director] = 1 
# Convert the director frequency dictionary to a DataFrame 
director_distribution = pd.DataFrame(list(director_frequency.items()), 
columns=['Director', 'Count']) 
director_distribution = director_distribution.sort_values(by='Count', 
ascending=False) 
display(director_distribution) 

Figure 17 : Output_Crew 

 
The result is a table presenting the distribution of directors in the dataset. The table 
has columns 'Director' and 'Count', where 'Director' is the name of the director and 
'Count' is the number of movies directed by that director. This allows us to identify 
prolific directors and understand their influence on the movies. We can analyze if 
movies directed by the same director share certain stylistic or thematic elements 
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and use this information in the clustering and recommendation system. For 
example, we could group movies directed by a particular director together or 
consider the director's style as an important factor in clustering movies with similar 
creative visions. This can help in providing more personalized and relevant movie 
recommendations based on the user's preference for a certain director's work.  
4.1.5. Data Preprocessing 

4.1.5.1. Deleting Irrelevant Columns 

Some columns in the dataset might not be useful for our clustering analysis. For 
example, columns like 'homepage' and'release_date' don't seem relevant to the 
features we are focusing on for clustering, So, we can remove these columns to 
simplify our dataset and reduce unnecessary data processing. 

columns_to_delete = ['homepage', 'release_date','status'] 
columns_to_delete = [col for col in columns_to_delete if col in 
merged_data.columns] 
merged_data = merged_data.drop(columns=columns_to_delete) 

4.1.5.2. Missing Value Handling 
# Check for missing values 
print(merged_data.isnull().sum()) 

Figure 18 : Output_missing values 

 
Since we've already known the missing value situation before, we'll directly handle 
it now. For the 'overview' column, as there are only a few missing values (3 in 
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total), we decide to delete the rows containing these missing values to maintain 
data integrity and avoid potential biases in the subsequent analysis. 

# Delete rows with missing values in the overview column 
merged_data.dropna(subset=['overview'], inplace=True) 

4.1.5.3. Text Feature Processing 

A. Processing the 'genres' Column 

The 'genres' column is currently in a format like [{"id": 18, "name": "Drama"}, 
{"id": 80, "name": "Crime"}]. We need to convert it into a format more suitable 
for clustering analysis. Here, we'll use one-hot encoding. First, we extract all the 
unique genres from the data and then create a genre matrix where each row 
represents a movie and each column represents a genre. If a movie belongs to a 
certain genre, the corresponding cell in the matrix will be set to 1; otherwise, it'll 
be 0. 

# Extract all the unique movie genres 
all_genres = set() 
for genres_str in merged_data['genres']: 
    if isinstance(genres_str, str):  # Added this check to handle non-
string values like NaN 
        genres_list = eval(genres_str) 
        for genre in genres_list: 
            all_genres.add(genre['name']) 
 
# Create a genre matrix with one-hot encoding 
genre_matrix = pd.DataFrame(0, index=merged_data.index, 
columns=list(all_genres)) 
for i, genres_str in enumerate(merged_data['genres'].tolist()): 
    if isinstance(genres_str, str):  # Added this check for the same 
reason 
        genres_list = eval(genres_str) 
        for genre in genres_list: 
            genre_matrix.at[merged_data.index[i], genre['name']] = 1 
 
# Reset index before merging to ensure consistency 
merged_data.reset_index(drop=True, inplace=True) 
genre_matrix.reset_index(drop=True, inplace=True) 
 
# Merge the one-hot encoded genre matrix with the original data 
merged_data = pd.concat([merged_data, genre_matrix], axis=1) 

B. Processing the 'keywords' Column: 

Extract all the keywords and perform one-hot encoding to create a keyword matrix 
for better utilization in the clustering process. 
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# Extract all the unique keywords 
all_keywords = set() 
for keywords_str in merged_data['keywords']: 
    if isinstance(keywords_str, str):  # Checks if it is a string  
        keywords_list = eval(keywords_str)  
        for keyword in keywords_list: 
            all_keywords.add(keyword['name']) 
 
# Create a keyword matrix with one-hot encoding 
keyword_matrix = pd.DataFrame(0, index=merged_data.index, 
columns=list(all_keywords)) 
for i, keywords_str in enumerate(merged_data['keywords']): 
    if isinstance(keywords_str, str):  # Checks if it is a string  
        keywords_list = eval(keywords_str) 
        for keyword in keywords_list: 
            keyword_matrix.at[i, keyword['name']] = 1 
 
# Add an assert statement here to check for index consistency, and 
raise a specified error message if they are inconsistent. 
assert merged_data.index.equals(genre_matrix.index) 
 
# Merge the one-hot encoded keyword matrix with the original data 
merged_data = pd.concat([merged_data, keyword_matrix], axis=1) 
 

4.1.5.4. Text Cleaning 

A. Cleaning the 'original_language' Column 

Clean this column to make the language names more standardized. For example, 
remove any leading or trailing spaces. 

def clean_original_language(text): 
    if isinstance(text, str): 
        return text.strip() 
    return text 
 
merged_data['original_language'] = 
merged_data['original_language'].apply(clean_original_language) 

B. Cleaning the 'production_companies' Column 

The data in this column is in a format like [{"name": "Company A", "id": 123}, 
{"name": "Company B", "id": 456}], we first extract the company names and then 
clean them by converting to lowercase, removing punctuation, and extra spaces. 
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def extract_company_names(companies_str): 
    if isinstance(companies_str, str): 
        companies_list = eval(companies_str) 
        return [company['name'] for company in companies_list] 
    return [] 
 
def clean_production_companies(company_names): 
    cleaned_names = [] 
    for name in company_names: 
        cleaned_name = name.lower().replace(',', '').replace('.', 
'').strip() 
        cleaned_names.append(cleaned_name) 
    return cleaned_names 
 
merged_data['production_companies'] = 
merged_data['production_companies'].apply(extract_company_names) 
merged_data['production_companies'] = 
merged_data['production_companies'].apply(clean_production_companies) 

C. Cleaning the 'cast' Column 

Assume the 'cast' column contains information in a format like [{"name": "Actor 
A", "role": "Lead"}, {"name": "Actor B", "role": "Supporting"}]. We extract the 
actor names and then perform text cleaning operations such as converting to 
lowercase and removing stop words to make the data more suitable for analysis. 

import nltk 
 
from nltk.corpus import stopwords 
nltk.download('stopwords') 
stop_words = set(stopwords.words('english')) 
 
def extract_cast_names(cast_str): 
    if isinstance(cast_str, str): 
        cast_list = eval(cast_str) 
        return [actor['name'] for actor in cast_list] 
    return [] 
 
def clean_cast_text(text): 
    if isinstance(text, str): 
        words = text.split() 
        filtered_words = [word.lower() for word in words if 
word.lower() not in stop_words and word.isalpha()] 
        return ' '.join(filtered_words) 
    return text 
 
merged_data['cast'] = merged_data['cast'].apply(extract_cast_names) 
merged_data['cast'] = merged_data['cast'].apply(clean_cast_text) 
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D. Cleaning the 'crew' Column 

Similar to the 'cast' column, for the 'crew' column which might contain information 
about various staff like directors and writers, we first extract the staff names and 
then clean the text. 

def extract_crew_names(crew_str): 
    if isinstance(crew_str, str): 
        crew_list = eval(crew_str) 
        return [worker['name'] for worker in crew_list] 
    return [] 
 
def clean_crew_text(text): 
    if isinstance(text, str): 
        words = text.split() 
        filtered_words = [word.lower() for word in words if 
word.lower() not in stop_words and word.isalpha()] 
        return''.join(filtered_words) 
    return text 
 
merged_data['crew'] = merged_data['crew'].apply(extract_crew_names) 
merged_data['crew'] = merged_data['crew'].apply(clean_crew_text) 

4.1.6. Further Data Preprocessing Checks and Improvements 

4.1.6.1. Duplicate Value Check 

Duplicate rows in the dataset might occur due to data entry errors or overlaps when 
combining different data sources. In clustering analysis, duplicate data can 
interfere with the judgment of data distribution characteristics and affect the 
accuracy of clustering results. Therefore, it's necessary to check and handle them 
first. 

# Convert lists in 'production_companies', 'cast', and 'crew' columns 
to strings 
merged_data['production_companies'] = 
merged_data['production_companies'].astype(str) 
merged_data['cast'] = merged_data['cast'].astype(str) 
merged_data['crew'] = merged_data['crew'].astype(str) 
 
# Check if there are duplicate rows in the dataframe. 
num_duplicates = merged_data.duplicated().sum() 
if num_duplicates > 0: 
    print(f"There are {num_duplicates} duplicate rows in the dataset.") 
    # If there are duplicate rows, in the clustering analysis scenario, 
they can usually be directly deleted. 
    merged_data.drop_duplicates(inplace=True) 
    print("Duplicate rows have been removed.") 
else: 
    print("No duplicate rows found in the dataset.") 
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✔ No duplicate rows found in the dataset. 
4.1.6.2. Outlier Check (Especially when there are more numerical features) 

Outliers can occur for various reasons, such as recording mistakes, real data 
manifestations in special and rare situations, or data deviations caused by system 
failures. In clustering, outliers, because they deviate from the distribution of most 
data, can easily cause the clustering centers to shift and the cluster partitioning to 
be unreasonable. Therefore, it's necessary to carefully identify and handle them. 
Here, we first use descriptive statistics for a preliminary check. 

description = merged_data.describe() 
print(description) 
numeric_feature_column = "numeric_feature" 
if numeric_feature_column in merged_data.columns: 
    mean_value = description.loc['mean', numeric_feature_column] 
    std_value = description.loc['std', numeric_feature_column] 
    lower_bound = mean_value - 3 * std_value 
    upper_bound = mean_value + 3 * std_value 
    outliers = merged_data[(merged_data[numeric_feature_column] < 
lower_bound) | (merged_data[numeric_feature_column] > upper_bound)] 
    num_outliers = len(outliers) 
    if num_outliers > 0: 
        print(f"There are {num_outliers} outliers in column 
'{numeric_feature_column}'.") 
              print(outliers) 
    else: 
        print(f"No outliers found in column 
'{numeric_feature_column}'.") 

Figure 19 : Output_numeric_feature_column 
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4.2. About the library and parameters tuning  

4.2.1. Library Selection 

In the development of a movie recommendation system using clustering methods, 
the selection of appropriate libraries is of utmost importance. The following 
Python libraries are mainly utilized in this paper. 
A. Pandas 

It is employed for data processing and analysis. Pandas provides efficient data 
structures and data analysis tools, enabling convenient operations such as reading, 
cleaning, transforming, and analyzing datasets. For example, the read_csv function 
can be used to read CSV-format datasets, the drop function to delete columns in 
the dataset, and the merge function to perform data merging operations. 

movies_df = pd.read_csv('/data/notebook_files/tmdb_5000_movies.csv') 
credits_df = pd.read_csv('/data/notebook_files/tmdb_5000_credits.csv') 

are used to read the CSV files of movie information and cast and crew information 
respectively, and  

merged_data = pd.merge(movies_df, credits_df, left_on='id', 
right_on='movie_id', suffixes=('', '_credits')) 

is used to merge the two datasets. 
B. Matplotlib and Seaborn 

These libraries are used for data visualization to assist in understanding the 
distribution and characteristics of the data. Matplotlib offers basic plotting 
functions, while Seaborn, built on top of Matplotlib, provides a higher-level 
interface for creating statistical graphics. They can be used to create visually 
appealing and informative visualizations such as bar charts to show the distribution 
of movie genres and line charts to display the trend of ratings. In the data 
exploration stage, these libraries can be used to visualize the various distributions 
of the movie dataset. For instance, after importing the relevant libraries with  

import matplotlib.pyplot as plt 
import seaborn as sns 

corresponding functions can be used to draw charts. 
C. Scikit-learn 

This is a powerful machine learning library that includes implementations of 
various clustering algorithms such as K-Means, hierarchical clustering, DBSCAN, 
etc., and also provides tools for model evaluation and selection. For example, the 
KMeans class can be used to implement the K-Means clustering algorithm. The fit 
method is used to train the clustering model on the data, the predict method is used 
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to predict the cluster to which a data point belongs, and functions like 
accuracy_score can be used to evaluate the accuracy of the clustering results. In 
this paper,  

from sklearn.feature_extraction.text import TfidfVectorizer 
from sklearn.metrics.pairwise import cosine_similarity 

D. NLTK (Natural Language Toolkit) 

It is used for natural language processing tasks such as text cleaning, stemming, 
and building bag-of-words models. When dealing with text data such as movie 
overviews, tags, and keywords, NLTK plays an important role. By removing 
stopwords and extracting keywords, the text data can be transformed into a form 
suitable for clustering analysis. 
E.  NumPy 

NumPy is a fundamental library for scientific computing in Python. It provides 
high-performance multi-dimensional array objects and tools for handling these 
arrays. In data processing and the implementation of clustering algorithms, it is 
commonly used for numerical calculations and matrix operations. For example, 
when calculating distance metrics (such as Euclidean distance) in clustering 
algorithms, the efficient computational capabilities of NumPy arrays can 
significantly speed up the calculation. 
F.  Gensim  

Gensim is a Python library used for topic modeling, document indexing, and 
similarity retrieval. In a movie recommendation system, especially when dealing 
with text data such as movie overviews and tags, it can be used to discover hidden 
topic patterns, thereby enhancing the understanding of movie content and 
providing more meaningful features for clustering. For example, through the 
Latent Dirichlet Allocation (LDA) model, the topic distribution in movie text can 
be mined, and movies with similar topics can be clustered together. 
G. Plotly  

Function: Plotly is a library used to create interactive and high-quality 
visualizations. In presenting clustering results, analyzing user behavior, or 
evaluating the performance of recommendations, it can provide richer interactive 
functions, allowing users to better understand the data and the performance of the 
model. For example, creating an interactive scatter plot to show the distribution of 
movies in different clusters, where users can obtain detailed movie information by 
hovering the mouse, zoom in and out, and pan the chart to observe data in different 
regions. 
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H. Scipy 

Scipy is built on top of NumPy and provides functions for many scientific 
computing and optimization algorithms. In clustering algorithms, some of its 
mathematical functions, optimization algorithms (such as minimizing the 
objective function), or functions related to spatial data structures may be used. For 
example, in the implementation of some clustering algorithms, it is necessary to 
calculate the distance matrix between data points, and the distance calculation 
functions in Scipy's spatial.distance module can provide an efficient 
implementation. 
These libraries provide support for the development of a movie recommendation 
system in different aspects. They contribute to building a fully functional and 
highly efficient movie recommendation system based on clustering methods. In 
practical applications, depending on specific requirements and algorithm choices, 
these libraries or other related libraries may be selectively used to implement 
various modules of the system. 
4.2.2. Parameter Tuning 

In clustering algorithms, the selection of parameters has a significant impact on 
the clustering results. Therefore, parameter tuning is essential to achieve the best 
performance. The following are considerations for some common clustering 
algorithms and their parameter tuning: 
4.2.2.1. K-Means Clustering 

Parameters: The key parameter in the K-Means algorithm is the number of clusters 
𝐾𝐾. 
Tuning Methods: There are several ways to determine the value of 𝐾𝐾. One 
common method is the Elbow Method. By plotting the clustering error (such as 
inertia) curve for different values of K, the value of 𝐾𝐾 corresponding to the "elbow" 
point of the curve is often a good choice. At this point, increasing K does not 
significantly improve the clustering error. Another approach is to determine K 
based on prior knowledge of the data or business requirements. For example, it 
can be set according to the approximate number of movie genres or the 
classification of user groups. In the code, when using the KMeans class, the 
n_clusters parameter needs to be set to an appropriate value of 𝐾𝐾, such as kmeans 
= KMeans(n_clusters=3) (assuming 𝐾𝐾 = 3 here). Additionally, the initialization 
method of centroids can also affect the clustering results. The default initialization 
in Scikit-learn is random, but other methods like k-means++ can be used to 
improve the quality of the initial centroids.  
For example, kmeans = KMeans(n_clusters=3, init='k-means++'). 
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4.2.2.2. Hierarchical Clustering 

Parameters: For hierarchical clustering, the main parameters include the linkage 
method (such as single-linkage, complete-linkage, average-linkage, etc.) and the 
distance metric (such as Euclidean distance, Manhattan distance, etc.). 
Tuning Methods: Compare the clustering results under different combinations of 
linkage methods and distance metrics to evaluate the quality and stability of the 
clustering. For example, use the Silhouette Coefficient to measure the similarity 
between each data point and its own cluster as well as neighboring clusters, and 
select the parameter combination that maximizes the Silhouette Coefficient. In the 
Scikit-learn library, the AgglomerativeClustering class can be used to implement 
hierarchical clustering. The linkage parameter can be used to specify the linkage 
method, such as linkage='ward' (indicating the ward linkage method). The choice 
of distance metric can be set through the metric parameter. For example, to use 
Euclidean distance, it can be set as metric='euclidean'. Moreover, the decision on 
the number of clusters in hierarchical clustering can be based on visual inspection 
of the dendrogram. The dendrogram shows the hierarchical structure of the 
clustering process, and by observing the heights at which clusters merge, an 
appropriate number of clusters can be determined. 
4.2.2.3. DBSCAN (Density-Based Spatial Clustering of Applications with 

Noise) 

Parameters: The key parameters of the DBSCAN algorithm are the neighborhood 
radius Eps and the minimum number of points MinPts. 
Tuning Methods: The value of Eps can be determined by plotting the k- distance 
graph of the data points. Select the distance corresponding to the position where 
the curve changes significantly as Eps. At the same time, adjust the value of 
MinPts according to the density distribution of the data and the expected size of 
the discovered clusters. For example, for high-density data, MinPts can be 
appropriately increased to avoid forming too many small clusters; for sparse data, 
it may be necessary to decrease MinPts to ensure that valid clusters can be found. 
In the Scikit-learn library, the eps and min_samples parameters of the DBSCAN 
class are used to set Eps and 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 respectively, such as dbscan = 
DBSCAN(eps=0.5, min_samples=5) (assuming Eps = 0.5 and MinPts = 5 here). 
During the parameter tuning process, clustering evaluation metrics such as the 
Calinski-Harabasz index can also be used to evaluate the clustering effects of 
different parameter combinations. Additionally, visualizing the clustering results 
for different parameter values can help in understanding how the parameters affect 
the formation of clusters and the identification of noise points. 
4.2.2.4. Model-Based Clustering (e.g., Gaussian Mixture Model - GMM) 

Parameters: In GMM, the main parameters include the number of components 
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(similar to the number of clusters), the weights, means, and covariances of each 
component. 
Tuning Methods: The Expectation-Maximization (EM) algorithm is used to 
iteratively estimate these parameters. The number of components can be 
determined in a similar way to K-Means, such as using the BIC (Bayesian 
Information Criterion) or AIC (Akaike Information Criterion) to select the optimal 
number of components. These criteria balance the goodness of fit of the model and 
the complexity of the model. In the Scikit-learn library, the 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 
class can be used to implement GMM. The 𝑛𝑛_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 parameter is used to 
set the number of components. For example, gmm = 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑛𝑛_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 3). The initialization of the means, 
covariances, and weights can also affect the results. Scikit-learn provides different 
initialization methods, and the choice can be made based on the characteristics of 
the data. Additionally, the convergence criteria of the EM algorithm can be 
adjusted. The default convergence criteria in Scikit-learn are based on the change 
in the log-likelihood of the model. However, for some datasets, adjusting the 
tolerance level or the maximum number of iterations may be necessary to ensure 
stable and accurate results. 
In practice, it is often necessary to conduct multiple experiments with different 
parameter settings, evaluate the clustering results using appropriate evaluation 
metrics, and combine domain knowledge and the characteristics of the dataset to 
select the most suitable parameter values for the clustering algorithm. This 
iterative process of parameter tuning helps to improve the performance and 
accuracy of the clustering-based movie recommendation system. 

4.3. Parameter Tuning for K-Means Clustering 

4.3.1. Impact of Different Features on K-Means Clustering 

In the context of the movie dataset with features such as genres (which might have 
been one-hot encoded during earlier 
preprocessing), original_language, production_companies, keywords, cast, 
and crew, each feature can have a distinct influence on the clustering process when 
using the K-Means algorithm. 
4.3.1.1. Genres 

 If the genres feature has been one-hot encoded, it will be represented as multiple 
binary columns in the dataset. In this case, we need to consider the high-
dimensionality issue that might arise. We can analyze if these one-hot encoded 
columns alone can form meaningful clusters. For example, we can check if movies 
with similar genre combinations are grouped together. Additionally, we can still 
apply dimensionality reduction techniques like Principal Component Analysis 
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(PCA) to reduce the impact of high dimensionality. The choice of the number of 
principal components would be an additional parameter to tune. For example, we 
could start with a higher number of components and gradually reduce it while 
observing the clustering results. 

genres_data = genre_matrix 
 
# Check if there is data in the Genres columns 
if genres_data.empty: 
    print("Error: Genres data is empty. Please check the one-hot 
encoding process.") 
else: 
    # Handling of missing data 
    genres_data = genres_data.fillna(0) 
     
    # Convert string based cells 
    genres_data = genres_data.apply(pd.to_numeric, errors='coerce') 
     
    # Applying PCA for dimensionality reduction 
    from sklearn.decomposition import PCA 
    pca = PCA(n_components=0.95)  # Retaining 95% of the variance 
    try: 
        genres_pca = pca.fit_transform(genres_data) 
        print("PCA has been successfully applied on the genre data.") 
    except ValueError as e: 
        print(f"PCA error: {e}") 

4.3.1.2. Original Language 

Similar to genres, the original_language feature is categorical. We can use label 
encoding (assigning a unique integer to each language) or one-hot encoding. If we 
use label encoding, we need to be cautious as the numerical values assigned might 
imply an order that doesn't exist in reality. One-hot encoding can avoid this issue 
but may increase the dimensionality. After encoding, we can analyze if this feature 
alone can form meaningful clusters. For instance, we might expect movies in the 
same language to have some similarities in terms of cultural context and audience 
preferences. We can evaluate the clustering quality using metrics like the 
Silhouette Score. 

# Label encoding for Original Language 
from sklearn.preprocessing import LabelEncoder 
label_encoder = LabelEncoder() 
original_language_encoded = 
label_encoder.fit_transform(merged_data['original_language']) 
print("Label Encoding for 'original_language' column has been 
successfully performed.") 
 
# One-hot encoding for Original Language 
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from sklearn.preprocessing import OneHotEncoder 
onehot_encoder = OneHotEncoder() 
original_language_onehot = 
onehot_encoder.fit_transform(merged_data[['original_language']]) 
print("OneHot Encoding for 'original_language' column has been 
successfully performed.") 

4.3.1.3. Production Companies 

production_companies is also a categorical feature. One-hot encoding can be used 
here as well. However, there are often a large number of unique production 
companies, which can lead to a very high-dimensional feature space. We might 
need to consider grouping less frequent production companies or using other 
encoding techniques that can handle high-cardinality categorical variables more 
efficiently. Additionally, we can explore if clustering based on production 
companies alone or in combination with other features provides more meaningful 
results. For example, we could calculate the frequency of each production 
company in the dataset and then create a new feature that represents the 
"popularity" of the production company for each movie. 

# One-hot encoding for Production Companies 
production_companies_encoded = 
onehot_encoder.fit_transform(merged_data[['production_companies']]) 
print("OneHot Encoding for 'production_companies' column has been 
successfully performed.") 
 
# Grouping less frequent production companies 
production_company_counts = 
merged_data['production_companies'].value_counts() 
less_frequent_companies = 
production_company_counts[production_company_counts < 10].index 
merged_data['production_companies'] = 
merged_data['production_companies'].apply(lambda x: 'Other' if x in 
less_frequent_companies else x) 
 
print("Grouping less frequent production companies has been completed 
successfully.") 
 
# Verifying the encoding process 
less_frequent_companies_encoded = 
set(merged_data['production_companies']) 
if 'Other' in less_frequent_companies_encoded: 
    print("Encoding for less frequent production companies has been 
done successfully.") 
else: 
    print("Less frequent production companies are not encoded 
successfully, please check the code.") 
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4.3.1.4. Keywords 

Keywords can provide valuable semantic information about the movies. We can 
convert the set of keywords for each movie into a numerical vector using 
techniques like TF-IDF (Term Frequency - Inverse Document Frequency). This 
would give more weight to keywords that are unique to a particular movie 
compared to those that are common across many movies. The TF-IDF vectors can 
then be used directly in the K-Means clustering. We can tune the parameters of the 
TF-IDF vectorizer, such as the minimum document frequency (to filter out very 
rare words) and the maximum document frequency (to filter out very common 
words). 

# TF-IDF vectorization for Keywords 
from sklearn.feature_extraction.text import TfidfVectorizer 
try: 
    tfidf_vectorizer = TfidfVectorizer(min_df=0.01, max_df=0.9)  # 
Adjusting min and max document frequencies 
    keywords_tfidf = 
tfidf_vectorizer.fit_transform(merged_data['keywords']) 
    print("TF-IDF Vectorization completed successfully.")  
except Exception as e: 
    print(f"Error occurred: {e}") 

4.3.1.5. Cast and Crew 

cast and crew information is more complex as it involves multiple individuals. We 
can represent the presence or absence of specific actors or crew members using 
one-hot encoding. However, this can result in a very high-dimensional feature 
space. Another approach could be to create a "cast popularity" or "crew influence" 
score for each movie. For example, we could calculate the total number of movies 
each actor has been in and use that as a weight for the actor's presence in a 
particular movie. This would reduce the dimensionality while still capturing some 
of the important information. We can also consider using techniques like Latent 
Semantic Analysis (LSA) or Latent Dirichlet Allocation (LDA) to extract latent 
topics or themes related to the cast and crew, which could then be used as features 
in the K-Means clustering. 

# One-hot encoding for Cast (simplified example) 
all_actors = set([actor for sublist in cast_lists for actor in 
sublist]) 
actor_encoding = {actor: i for i, actor in enumerate(all_actors)} 
cast_encoded_matrix = np.zeros((len(merged_data), len(all_actors))) 
 
for i, cast_list in enumerate(cast_lists): 
    for actor in cast_list:  # now we directly iterate over elements in 
'cast_list' 
        cast_encoded_matrix[i, actor_encoding[actor]] = 1 
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# Creating a cast popularity score 
actor_movie_counts = {} 
for cast_list in cast_lists: 
    for actor in cast_list: 
        if actor in actor_movie_counts: 
            actor_movie_counts[actor] += 1 
        else: 
            actor_movie_counts[actor] = 1 
             
merged_data['Cast Popularity'] = merged_data['cast'].apply(lambda x: 
sum([actor_movie_counts[actor] for actor in x]) if isinstance(x, list) 
else 0) 
 
# If all procedures were successful, print success message. 
print("Success: One-hot encoding and 'Cast Popularity' score 
calculation completed.") 

4.3.2.  Tuning the Key Parameter K 

As discussed earlier, the number of clusters K is a crucial parameter in K-Means. 
Elbow Method 
We can calculate the within-cluster sum of squares (WCSS) for different values of 
K and plot the WCSS against K. The point where the rate of decrease in WCSS 
slows down significantly (the elbow) indicates a good choice for K. Here is the 
code to implement this: 

from sklearn.cluster import KMeans 
def calculate_wcss(data, k): 
    kmeans = KMeans(n_clusters=k) 
    kmeans.fit(data) 
    return kmeans.inertia_ 
 
# Generate a range of K values to test 
k_values = range(1, 15)  # You can adjust the range based on your 
understanding of the data 
 
# One-hot encoding for Original Language 
from sklearn.preprocessing import LabelEncoder 
label_encoder = LabelEncoder() 
original_language_encoded = 
label_encoder.fit_transform(merged_data['original_language']) 
 
# One-hot encoding for Production Companies 
from sklearn.preprocessing import OneHotEncoder 
onehot_encoder = OneHotEncoder() 
production_companies_encoded = 
onehot_encoder.fit_transform(merged_data[['production_companies']]) 
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# TF-IDF vectorization for Keywords 
from sklearn.feature_extraction.text import TfidfVectorizer 
tfidf_vectorizer = TfidfVectorizer(min_df=0.01, max_df=0.9)  # 
Adjusting min and max document frequencies 
keywords_tfidf = 
tfidf_vectorizer.fit_transform(merged_data['keywords']) 
 
# One-hot encoding for Cast (simplified example) 
cast_lists = merged_data['cast'].apply(eval)  # Assume the data is in a 
format that can be directly evaluated as a list 
all_actors = set([actor for sublist in cast_lists for actor in 
sublist]) 
actor_encoding = {actor: i for i, actor in enumerate(all_actors)} 
cast_encoded_matrix = np.zeros((len(merged_data), len(all_actors))) 
 
for i, cast_list in enumerate(cast_lists): 
    for actor in cast_list:  # now we directly iterate over elements in 
'cast_list' 
        cast_encoded_matrix[i, actor_encoding[actor]] = 1 
 
# Creating a cast popularity score 
actor_movie_counts = {} 
for cast_list in cast_lists: 
    for actor in cast_list: 
        if actor in actor_movie_counts: 
            actor_movie_counts[actor] += 1 
        else: 
            actor_movie_counts[actor] = 1 
 
merged_data['Cast Popularity'] = merged_data['cast'].apply(lambda x: 
sum([actor_movie_counts[actor] for actor in x]) if isinstance(x, list) 
else 0) 
 
# Combine the relevant features for clustering (assuming Genres has 
been one-hot encoded) 
try: 
    genres_columns = [col for col in merged_data.columns if 
col.startswith('genres_')] 
    genres_data = genre_matrix 
    # Handling of missing data 
    genres_data = genres_data.fillna(0) 
    # Convert string based cells 
    genres_data = genres_data.apply(pd.to_numeric, errors='coerce') 
    # Applying PCA for dimensionality reduction 
    from sklearn.decomposition import PCA 
    pca = PCA(n_components=0.95)  # Retaining 95% of the variance 
    genres_pca = pca.fit_transform(genres_data) 
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    print("PCA has been successfully applied on the genre data.") 
    features_for_clustering = np.concatenate((genres_pca, 
original_language_encoded.reshape(-1, 1), 
production_companies_encoded.toarray(), keywords_tfidf.toarray(), 
cast_encoded_matrix, merged_data[['Cast Popularity']].values), axis=1) 
except ValueError as e: 
    print(f"PCA error: {e}") 
    print("Error: Genres PCA not available. Please check the PCA 
process.") 
    features_for_clustering = 
np.concatenate((original_language_encoded.reshape(-1, 1), 
production_companies_encoded.toarray(), keywords_tfidf.toarray(), 
cast_encoded_matrix, merged_data[['Cast Popularity']].values), axis=1) 
 
wcss = [calculate_wcss(features_for_clustering, k) for k in k_values] 
 
import matplotlib.pyplot as plt 
plt.plot(k_values, wcss) 
plt.xlabel('Number of Clusters (K)') 
plt.ylabel('Within-Cluster Sum of Squares (WCSS)') 
plt.show() 
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Figure 20 : Number of Clusters (K) 

 
Domain Knowledge and Business Requirements 
Based on our understanding of the movie industry and the purpose of the 
recommendation system, we can also make an educated guess for K. For example, 
if we know that there are typically 5 - 8 major movie genres that are widely 
recognized and we expect the clustering to somewhat align with genre groups, we 
might start with K values around this range and then fine-tune based on the 
evaluation. Additionally, if we want to create clusters that can be easily understood 
and presented to users (such as for a user interface where we show a limited 
number of distinct movie groups), we might choose a relatively small K value. 
4.3.3. Considering the Initialization of Centroids 

The default random initialization in K-Means can sometimes lead to suboptimal 
results. We can use the k-means++ initialization method which tends to select 
initial centroids that are farther apart, leading to better convergence. In the code, 
it can be implemented as kmeans = KMeans(n_clusters=K, init='k-means++') 
where K is the determined number of clusters. We can also experiment with other 
initialization methods available in Scikit-learn and compare the results. For 
example, we could try init='random' and see how the clustering results differ in 
terms of cluster quality and stability. 
4.3.4. Evaluating the Clustering Results 

After clustering the data with different parameter settings, we need to evaluate the 
quality of the clusters. Some commonly used evaluation metrics include: 
A. Silhouette Score 

The Silhouette Score measures how well each data point lies within its cluster 
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compared to other clusters. It ranges from -1 to 1, where a higher value indicates 
better clustering. We can calculate the Silhouette Score for different values of K 
and different combinations of features to see which setting gives the best results. 

from sklearn.metrics import silhouette_score 
 
# Start the loop from k=2 to avoid the error 
for k in k_values[1:]:  # Start from the second element of k_values 
(k=2) 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering) 
    silhouette_avg = silhouette_score(features_for_clustering, labels) 
    print(f"For K = {k}, the Silhouette Score is {silhouette_avg}") 

✔ For K = 2, the Silhouette Score is 0.24766617619332426 

✔ For K = 3, the Silhouette Score is 0.10139375968514805 

✔ For K = 4, the Silhouette Score is -0.001187016447291821 

✔ For K = 5, the Silhouette Score is 0.03898562695395789 

✔ For K = 6, the Silhouette Score is 0.24378938947606257 

✔ For K = 7, the Silhouette Score is -0.030134995825578218 

✔ For K = 8, the Silhouette Score is -0.13788283996952064 

✔ For K = 9, the Silhouette Score is -0.016482433279145052 

✔ For K = 10, the Silhouette Score is -0.024598041940325697 

✔ For K = 11, the Silhouette Score is -0.198080632911765 

✔ For K = 12, the Silhouette Score is 0.021347079139185543 

✔ For K = 13, the Silhouette Score is 0.007290469726595461 

✔ For K = 14, the Silhouette Score is -0.03388064865443724 
Analysis of Silhouette Scores: 

✔ The highest Silhouette Score among the tested values is for K = 2 with a score 
of 0.24766617619332426. This indicates that when splitting the data into 2 
clusters, the data points are relatively well - separated compared to other tested 
values of K. 

✔ Values of K such as 4, 7, 8, 9, 10, 11, and 14 have negative Silhouette Scores, 
suggesting that the clustering is not performing well for these values. This 
means that data points are, on average, closer to other clusters than to their 
own. 
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✔ For K = 6, the Silhouette Score is also relatively high at 
0.24378938947606257, indicating good clustering performance similar to K = 
2. 

B. Calinski - Harabasz Index 

This index measures the ratio of between - cluster dispersion and within - cluster 
dispersion. A higher value of the Calinski - Harabasz Index indicates better 
clustering. Similar to the Silhouette Score, we can calculate it for different 
parameter settings. 

from sklearn.metrics import calinski_harabasz_score 
# Start the loop from k=2 to avoid the error 
for k in k_values[1:]:  # Start from the second element of k_values 
(k=2) 
    # Corrected the init parameter to 'k-means++' (removed the extra 
space) 
    kmeans = KMeans(n_clusters=k, init='k-means++')   
    labels = kmeans.fit_predict(features_for_clustering) 
    calinski_harabasz = 
calinski_harabasz_score(features_for_clustering, labels) 
    print(f"For K = {k}, the Calinski - Harabasz Index is 
{calinski_harabasz}") 

✔ For K = 2, the Calinski - Harabasz Index is 1.0056117985009285 

✔ For K = 3, the Calinski - Harabasz Index is 4.1597804540622505 

✔ For K = 4, the Calinski - Harabasz Index is 498.97633007470495 

✔ For K = 5, the Calinski - Harabasz Index is 377.23339692018476 

✔ For K = 6, the Calinski - Harabasz Index is 347.7655067382692 

✔ For K = 7, the Calinski - Harabasz Index is 281.5132065196456 

✔ For K = 8, the Calinski - Harabasz Index is 248.38970325220328 

✔ For K = 9, the Calinski - Harabasz Index is 191.68770569284015 

✔ For K = 10, the Calinski - Harabasz Index is 186.27384634967348 

✔ For K = 11, the Calinski - Harabasz Index is 198.25370232088866 

✔ For K = 12, the Calinski - Harabasz Index is 164.92998465599376 

✔ For K = 13, the Calinski - Harabasz Index is 153.19021132678668 

✔ For K = 14, the Calinski - Harabasz Index is 139.7684643531127 
Analysis of Calinski - Harabasz Index: 
The highest Calinski - Harabasz Index among the tested values is for K = 4 with a 
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value of 498.97633007470495. This indicates that when splitting the data into 4 
clusters, the between - cluster dispersion relative to the within - cluster dispersion 
is the highest compared to other tested values of K. 
For lower values of K like 2 and 3, the index values are much lower 
(1.0056117985009285 and 4.1597804540622505 respectively), suggesting that 
the clustering is less distinct for these values. 
As K increases from 4, the Calinski - Harabasz Index generally decreases, 
indicating that the clustering quality in terms of between - and within - cluster 
dispersion deteriorates. 
4.3.5. Tuning Based on Evaluation Results 

Once we have calculated the evaluation metrics for different parameter settings, 
we can analyze the results to make further adjustments. 
If the Calinski - Harabasz Index is Low: A low Calinski - Harabasz Index suggests 
that the clusters are not well - separated. We can: 
Adjust the value of K as described above. Based on the current results, values 
around K = 4 seem to provide better separation. However, it is important to 
consider the trade - off with the Silhouette Score and the interpretability of the 
clusters. 
Examine the features again. It could be that some features are not contributing 
effectively to the clustering. We might need to remove or transform certain 
features. For example, if a feature has a very small variance across the dataset, it 
might not be useful for clustering and could be removed. 
Try different combinations of features. Maybe a particular subset of features would 
lead to better clustering results. We can systematically test different combinations 
and evaluate the metrics. 
In addition to these two metrics, we can also consider visualizing the clusters to 
get a better understanding of how the data is grouped. For example, we could use 
a scatter plot or a parallel coordinates plot to visualize the clustered data. If the 
clusters are not visually distinguishable or seem to overlap a lot, it indicates that 
further tuning is needed. 
For scatter plots, if we have two numeric features (after appropriate encoding or 
transformation), we can plot the data points with different colors representing 
different clusters. For example, if we use the first two principal components of 
theGenre - encoded data (after PCA) and the Cast Popularity score as the two 
features: 

if 'genres_pca' in locals(): 
    plt.scatter(genres_pca[:, 0], merged_data['Cast Popularity'], 
c=labels) 
    plt.xlabel('First Principal Component of Genres (after PCA)') 
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    plt.ylabel('Cast Popularity') 
    plt.show() 
else: 
    print("Error: Genres PCA not available. Please check the PCA 
process.") 

Figure 21 : Genres PCA  

 

Scatter Plot Analysis: 
The scatter plot shows the relationship between the first principal component of 
Genres (after PCA) and Cast Popularity. 
From the scatter plot, it appears that the data points are somewhat scattered along 
the Cast Popularity axis, with a relatively narrow range of values for the first 
principal component of Genres. 
There is some indication of clustering, as suggested by the different colors of the 
points, but the separation between clusters is not very distinct. This could imply 
that the current features and clustering parameters may need adjustment. 
For parallel coordinates plots, we can use the Plotly library to create an interactive 
visualization. This allows us to see how the different features vary across the 
clusters. Here is a simple example assuming we have selected a few features for 
visualization: 

import plotly.express as px 
 
# Select the features for visualization 
features = ['original_language', 'production_companies', 'keywords', 
'Cast Popularity'] 
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# Assuming 'labels' from your KMeans clustering is available: 
merged_data['cluster_labels'] = labels  # Assign cluster labels to a 
new column 
 
# Create a DataFrame with the selected features and cluster labels 
df_visualization = merged_data[features + ['cluster_labels']] 
 
# Create the parallel coordinates plot 
fig = px.parallel_coordinates(df_visualization, color='cluster_labels') 
fig.show() 

Figure 22 : Parallel Coordinates Plot 

 
Parallel Coordinates Plot Analysis: 
The parallel coordinates plot uses features such as original_language, 
production_companies, keywords, and Cast Popularity to show the distribution of 
clusters. 
The plot shows that different clusters (represented by different colors) have 
varying ranges and distributions across these features. 
However, there is some overlap between the lines of different colors, indicating 
that the clusters are not completely distinct based on these features. 

4.4. Recommendations for Fine - Tuning 

4.4.1. Based on the Scatter Plot 

Feature Engineering: 
Consider adding more relevant features or transforming existing features. For 
example, for the Genres feature, re - evaluate the PCA process. You could try 
different values for n_components to see if a different number of principal 
components captures more meaningful variance. 
For the Cast Popularity feature, explore other ways to represent the influence of 
the cast. Maybe consider not only the number of movies an actor has been in but 
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also other factors such as the box - office performance of those movies. 
Clustering Parameters: 
Given the lack of distinct separation in the scatter plot, try adjusting the number of 
clusters K. You could explore values other than those previously tested, perhaps 
in a more granular range around the values that showed relatively better separation 
in the Calinski - Harabasz Index (around K = 4). 
Experiment with different initialization methods for K - Means. Although k - 
means++ is used, trying other initialization techniques and comparing the results 
could lead to better - separated clusters. 
4.4.2. Based on the Parallel Coordinates Plot 

Feature Selection and Encoding: 
Examine the features that show significant overlap between clusters. For example, 
the original_language and production_companies features seem to have some 
overlap. Consider using different encoding methods or preprocessing techniques 
for these features. 
For keywords, re - evaluate the TF - IDF vectorization process. You could adjust 
the min_df and max_df parameters to filter out more or less frequent terms and see 
if it improves cluster separation. 
Cluster Evaluation and Adjustment: 
Calculate additional clustering evaluation metrics such as the Davies - Bouldin 
Index to get a more comprehensive understanding of cluster quality. 
Based on the visual and metric - based evaluations, consider splitting or merging 
certain clusters. If a cluster has a high degree of overlap with others, it may be 
beneficial to merge it with a similar cluster or split it to create more distinct groups. 

4.5. Re - evaluating  

4.5.1. For Scatter Plot - Based Adjustments 

4.5.1.1. Re - evaluating PCA for Genres 
# Re - apply PCA with different n_components 
from sklearn.decomposition import PCA 
# Try different values for n_components, e.g., 0.90 
pca = PCA(n_components=0.90) 
genres_pca = pca.fit_transform(genres_data) 
 
# Output reminder: 
print("Shape of transformed data after PCA:", 
genres_pca.shape){calinski_harabasz}") 

✔ Shape of transformed data after PCA: (4800, 12) 
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4.5.1.2. Adjusting Clustering Parameters 
# Trying different values of K around the potentially good range (e.g., 
around 4) 
k_values_to_try = [3, 4, 5]  
 
for k in k_values_to_try: 
    # Apply KMeans with the current k value and k-means++ 
initialization 
    kmeans = KMeans(n_clusters=k, init='k-means++', random_state=42)  # 
Added random_state for reproducibility 
    labels = kmeans.fit_predict(features_for_clustering) 
     
    # Calculate evaluation metrics 
    silhouette_avg = silhouette_score(features_for_clustering, labels) 
    calinski_harabasz = 
calinski_harabasz_score(features_for_clustering, labels) 
     
    # Print the results for the current k value 
    print(f"For K = {k}, the Silhouette Score is {silhouette_avg:.3f} 
and the Calinski-Harabasz Index is {calinski_harabasz:.3f}") 

✔ For K = 3, the Silhouette Score is -0.036 and the Calinski-Harabasz Index is 
714.685 

✔ For K = 4, the Silhouette Score is -0.030 and the Calinski-Harabasz Index is 
552.183 

✔ For K = 5, the Silhouette Score is -0.029 and the Calinski-Harabasz Index is 
432.698 

4.5.1.3. Analysis of New Results 

The shape of the transformed data after PCA with n_components = 0.90 is (4800, 
12). This indicates that the PCA with the new parameter setting has reduced the 
data to 12 dimensions while retaining 90% of the variance. 
For the clustering evaluation metrics: 
When K = 3, the Silhouette Score is - 0.036 and the Calinski - Harabasz Index is 
714.685. The negative Silhouette Score indicates that the clustering is not very 
good in terms of how well data points are separated from other clusters. However, 
the Calinski - Harabasz Index is relatively high, suggesting that there is some 
separation between clusters. 
When K = 4, the Silhouette Score is - 0.030 and the Calinski - Harabasz Index is 
552.183. Similar to K = 3, the Silhouette Score is negative, but the Calinski - 
Harabasz Index is lower than for K = 3, indicating that the cluster separation might 
be less distinct compared to when K = 3. 



63 

When K = 5, the Silhouette Score is - 0.029 and the Calinski - Harabasz Index is 
432.698. The trends continue, with the Silhouette Score remaining negative and 
the Calinski - Harabasz Index decreasing further, suggesting that increasing K to 
5 does not improve the clustering quality based on these metrics. 
4.5.2. Further adjust 

Given these results, it may be beneficial to: 
Further adjust the n_components for PCA. For example, try values slightly above 
or below 0.90 to see if a different trade - off between variance retention and 
dimensionality reduction leads to better clustering. 
Explore other clustering algorithms or modifications to K - Means. For instance, 
consider using hierarchical clustering or DBSCAN to see if they can provide more 
meaningful clusters. 
Re - examine the feature set. Maybe there are other relevant features that could be 
added or existing features that could be transformed in a more meaningful way to 
improve clustering. 
4.5.2.1. Further adjust the n_components of PCA 

A. Try different values of n_components 

In this section, we will explore adjusting the n_components parameter of PCA 
(Principal Component Analysis) in two different scenarios (aiming for retaining 
15 and 17 components respectively) and then evaluate the clustering results using 
K-Means with different numbers of clusters (K). 
First, we'll start with the case of using n_components = 15. 

from sklearn.decomposition import PCA, IncrementalPCA 
from sklearn.cluster import KMeans 
from sklearn.metrics import silhouette_score, calinski_harabasz_score 
 
# Assume this is your data for genres, you need to replace it with your 
actual data 
genres_data = np.random.rand(100, 20)  # Just a sample data with 100 rows 
and 20 features for demonstration 
 
# Calculate the number of components to explain 85% of the variance using 
PCA for the first case 
pca_085 = PCA(n_components=0.85) 
pca_085.fit(genres_data) 
n_components_085 = np.sum(pca_085.explained_variance_ratio_ > 0) 
 
# Now use the calculated integer number of components with IncrementalPCA 
for the first case 
ipca_085 = IncrementalPCA(n_components=n_components_085) 
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genres_ipca_085 = ipca_085.fit_transform(genres_data) 
 
# Assume these are your encoded features for other aspects. You need to 
replace them with your actual data 
original_language_encoded = np.random.randint(0, 2, size=(100, 1))  # 
Sample encoded data for original language 
production_companies_encoded = np.random.rand(100, 3)  # Sample encoded 
data for production companies 
keywords_tfidf = np.random.rand(100, 4)  # Sample TF-IDF data for keywords 
cast_encoded_matrix = np.random.rand(100, 6)  # Sample encoded data for 
cast 
merged_data = pd.DataFrame({'Cast Popularity': np.random.rand(100)})  # 
Sample data for merged_data 
 
# Re - combine features for clustering for the first case 
features_for_clustering_085 = np.concatenate((genres_ipca_085, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
 
# Calculate evaluation metrics for different values of K for the first case 
k_values_to_try = [3, 4, 5] 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_085) 
    silhouette_avg = silhouette_score(features_for_clustering_085, labels) 
    calinski_harabasz = 
calinski_harabasz_score(features_for_clustering_085, labels) 
    print(f"For K = {k} with n_components = {n_components_085}, the 
Silhouette Score is {silhouette_avg} and the Calinski - Harabasz Index is 
{calinski_harabasz}") 

Figure 23:  n_components = 15 

 
The results from the above code show that when n_components = 15: 
For K = 3, the Silhouette Score is 0.05333947052955156 and the Calinski - 
Harabasz Index is 6.820903333785651. A Silhouette Score slightly above 0 
indicates a somewhat decent separation of data points within and between clusters, 
and the Calinski - Harabasz Index value of 6.820903333785651 implies a 
moderate level of between - cluster dispersion compared to within - cluster 
dispersion. 
For K = 4, the Silhouette Score is 0.051014764512809375 and the Calinski - 
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Harabasz Index is 5.486351406071739. The Silhouette Score remains relatively 
stable, suggesting that increasing K to 4 didn't overly disrupt the clustering quality 
in terms of how points are grouped relative to each other, and the Calinski - 
Harabasz Index decrease indicates a slightly less distinct separation between 
clusters compared to K = 3. 
For K = 5, the Silhouette Score is 0.035814774115293366 and the Calinski - 
Harabasz Index is 4.810095147311976. The further decrease in both scores as K 
increases to 5 might imply that splitting the data into 5 clusters with this 
n_components setting doesn't lead to better clustering separation and cohesion. 
Next, analyze the case of using n_components = 17. 

# Calculate the number of components to explain 92% of the variance using 
PCA for the second case 
pca_092 = PCA(n_components=0.92) 
pca_092.fit(genres_data) 
n_components_092 = np.sum(pca_092.explained_variance_ratio_ > 0) 
 
# Now use the calculated integer number of components with IncrementalPCA 
for the second case 
ipca_092 = IncrementalPCA(n_components=n_components_092) 
genres_ipca_092 = ipca_092.fit_transform(genres_data) 
 
# Re - combine features for clustering for the second case 
features_for_clustering_092 = np.concatenate((genres_ipca_092, 
original_language_encoded.reshape(-1, 1), 
production_companies_encoded, keywords_tfidf, 
cast_encoded_matrix, merged_data[['Cast Popularity']].values), axis=1) 
 
# Calculate evaluation metrics for different values of K for the second 
case 
for k in k_values_to_try: 
kmeans = KMeans(n_clusters=k, init='k-means++') 
labels = kmeans.fit_predict(features_for_clustering_092) 
silhouette_avg = silhouette_score(features_for_clustering_092, labels) 
calinski_harabasz = calinski_harabasz_score(features_for_clustering_092, 
labels) 
print(f"For K = {k} with n_components = {n_components_092}, the Silhouette 
Score is {silhouette_avg} and the Calinski - Harabasz Index is 
{calinski_harabasz}") 

Figure 24 :  Output_n_components = 17 

 
When n_components = 17: 
For K = 3, the Silhouette Score is 0.051983642870473225 and the Calinski - 
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Harabasz Index is 6.346314969365651. Compared to n_components = 15 for K = 
3, the Silhouette Score is slightly lower, while the Calinski - Harabasz Index is 
also lower, suggesting that increasing the number of components to 17 didn't 
enhance the clustering quality in a significant way for this K value. 
For K = 4, the Silhouette Score is 0.03752410312815235 and the Calinski - 
Harabasz Index is 5.392054822351026. Similar to the trend with n_components = 
15, the Silhouette Score decreases a bit and the Calinski - Harabasz Index also 
shows a less favorable separation compared to K = 3 for n_components = 17. 
For K = 5, the Silhouette Score is 0.030739342791137495 and the Calinski - 
Harabasz Index is 4.506512399840018. The scores continue to decline as K 
increases, indicating that for n_components = 17, clustering into 5 clusters doesn't 
yield better results in terms of the evaluated metrics. 
B. Analyzing the Results and Next Steps 

Comparing the Two n_components Scenarios 
Overall, neither the n_components = 15 nor n_components = 17 scenarios show 
extremely high-quality clustering based on the Silhouette Scores and Calinski - 
Harabasz Indices for the tested K values. However, for K = 3, the clustering seems 
to be relatively better in both cases compared to higher K values. When 
n_components = 15, the Calinski - Harabasz Index is slightly higher for K = 3, 
suggesting marginally better separation, while the Silhouette Scores are 
comparable. 
It's important to note that these results are based on sample data, and actual datasets 
might behave differently. The choice between n_components = 15 and 
n_components = 17 would depend on the trade - off between dimensionality 
reduction and maintaining cluster quality. If a more compact representation with 
slightly less emphasis on perfect separation is desired, n_components = 15 could 
be considered due to its relatively better Calinski - Harabasz Index for K = 3. But 
if retaining a bit more variance (by using n_components = 17) is crucial, further 
tuning of K or other clustering parameters might be needed to optimize the results. 
C. More Actions 

Explore More n_components Values: Try additional values of n_components 
around the tested range (e.g., 13, 14, 16, 18) to see if there's an optimal balance 
that improves the clustering metrics. For each new value, repeat the process of 
calculating the PCA transformation, recombining features, and evaluating with 
different K values. 

# Example code for exploring n_components = 13 
pca_13 = PCA(n_components=13) 
genres_pca_13 = pca_13.fit_transform(genres_data) 
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features_for_clustering_13 = np.concatenate((genres_pca_13, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
k_values_to_try = [3, 4, 5]  # Use the correct variable name here 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_13) 
    silhouette_avg = silhouette_score(features_for_clustering_13, labels) 
    calinski_harabasz = calinski_harabasz_score(features_for_clustering_13, 
labels) 
    print(f"For K = {k} with n_components = {13}, the Silhouette Score is 
{silhouette_avg} and the Calinski - Harabasz Index is {calinski_harabasz}") 
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Figure 25 :  Output_n_components = 13 

 
Comparing the results for n_components = 13 with the previously tested values of 
15 and 17, we can see that for K = 3, n_components = 13 has a slightly better 
Calinski - Harabasz Index than n_components = 15 (6.899766693456251 vs 
6.820903333785651) and a significantly better one than n_components = 17 
(6.899766693456251 vs 6.346314969365651). However, the Silhouette Scores 
are relatively close for K = 3 across these n_components values. 
This suggests that n_components = 13 might be a viable option for further 
exploration, especially if we prioritize better separation between clusters as 
indicated by the Calinski - Harabasz Index. But we still need to consider the overall 
trade - off and the behavior of the clustering for different values of K. 

# Example code for exploring n_components = 14 
pca_14 = PCA(n_components=14) 
genres_pca_14 = pca_14.fit_transform(genres_data) 
features_for_clustering_14 = np.concatenate((genres_pca_14, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
k_values_to_try = [3, 4, 5] 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_14) 
    silhouette_avg = silhouette_score(features_for_clustering_14, labels) 
    calinski_harabasz = calinski_harabasz_score(features_for_clustering_14, 
labels) 
    print(f"For K = {k} with n_components = {14}, the Silhouette Score is 
{silhouette_avg} and the Calinski - Harabasz Index is {calinski_harabasz}") 

Figure 26 :  Output_n_components = 14 

 
Comparing the results for n_components = 13 and n_components = 14, we can see 
that for K = 3, n_components = 13 had a better Calinski - Harabasz Index 
(6.899766693456251 vs 6.243541613358555), while the Silhouette Scores were 
relatively close. For K = 4, the Silhouette Scores were also comparable, but 
n_components = 13 had a slightly better Calinski - Harabasz Index 
(5.812217458688024 vs 5.8223370306868). For K = 5, the differences in both 
metrics were not highly significant. 



69 

Overall, n_components = 13 still seems to have a slight edge in terms of cluster 
separation for K = 3 based on the Calinski - Harabasz Index, but further analysis 
is needed considering the overall clustering quality and the behavior for different 
values of K. 
D. Explore More n_components Values 

We can continue to try other values of n_components around the tested range. 
# Example code for exploring n_components = 12 
pca_12 = PCA(n_components=12) 
genres_pca_12 = pca_12.fit_transform(genres_data) 
features_for_clustering_12 = np.concatenate((genres_pca_12, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
k_values_to_try = [3, 4, 5] 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_12) 
    silhouette_avg = silhouette_score(features_for_clustering_12, labels) 
    calinski_harabasz = calinski_harabasz_score(features_for_clustering_12, 
labels) 
    print(f"For K = {k} with n_components = {12}, the Silhouette Score is 
{silhouette_avg} and the Calinski - Harabasz Index is {calinski_harabasz}") 

Figure 27 :  Output_n_components = 12 

 
# Example code for exploring n_components = 16 
pca_16 = PCA(n_components=16) 
genres_pca_16 = pca_16.fit_transform(genres_data) 
features_for_clustering_16 = np.concatenate((genres_pca_16, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
k_values_to_try = [3, 4, 5] 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_16) 
    silhouette_avg = silhouette_score(features_for_clustering_16, labels) 
    calinski_harabasz = calinski_harabasz_score(features_for_clustering_16, 
labels) 
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    print(f"For K = {k} with n_components = {16}, the Silhouette Score is 
{silhouette_avg} and the Calinski - Harabasz Index is {calinski_harabasz}") 

Figure 28 :  Output_n_components = 16 

 
# Example code for exploring n_components = 18 
pca_18 = PCA(n_components=18) 
genres_pca_18 = pca_18.fit_transform(genres_data) 
features_for_clustering_18 = np.concatenate((genres_pca_18, 
original_language_encoded.reshape(-1, 1), 
                                              production_companies_encoded, 
keywords_tfidf, 
                                              cast_encoded_matrix, 
merged_data[['Cast Popularity']].values), axis=1) 
k_values_to_try = [3, 4, 5] 
for k in k_values_to_try: 
    kmeans = KMeans(n_clusters=k, init='k-means++') 
    labels = kmeans.fit_predict(features_for_clustering_18) 
    silhouette_avg = silhouette_score(features_for_clustering_18, labels) 
    calinski_harabasz = calinski_harabasz_score(features_for_clustering_18, 
labels) 
    print(f"For K = {k} with n_components = {18}, the Silhouette Score is 
{silhouette_avg} and the Calinski - Harabasz Index is {calinski_harabasz}") 

Figure 29 :  Output_n_components = 18 

 
Comparing the n_components Scenarios 
Overall, for K = 3, n_components = 12 seems to have the best combination of 
Silhouette Score and Calinski - Harabasz Index, indicating relatively better 
clustering quality in terms of both the compactness within clusters and the 
separation between clusters. However, it's important to note that the differences 
between some of the values are not extremely large, and other factors such as the 
interpretability of the clusters and the specific requirements of the movie 
recommendation system also need to be considered. 
For higher values of K (4 and 5), the performance of different n_components 
values is more varied, and no clear winner emerges. The Silhouette Scores are 
generally lower, suggesting that increasing K might be leading to more complex 
and less well-defined clusters. 
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E. PCA n_components Analysis Summary 

After exploring different values of n_components (12, 13, 14, 16, and 18) in PCA 
and evaluating the clustering results with K-Means for K values of 3, 4, and 5, we 
have the following observations: 
For K = 3: 
n_components = 12 shows the highest Calinski - Harabasz Index 
(7.366527254331932), indicating relatively better separation between clusters 
compared to other n_components values. The Silhouette Score 
(0.05711840408068229) is also reasonable. 
n_components = 16 has a similar Silhouette Score (0.05725171298519216) but a 
lower Calinski - Harabasz Index (6.44432721772748). 
n_components = 18 has a Calinski - Harabasz Index (6.595530338945954) and 
Silhouette Score (0.05302212233296024) that are also relatively good but not as 
high as for n_components = 12. 
For K = 4 and K = 5: The performance of different n_components values is more 
inconsistent, and no single value clearly stands out as the best. The Silhouette 
Scores are generally lower for these K values, suggesting that increasing K might 
be leading to more complex and less well-defined clusters. 
Overall, n_components = 12 seems to be a promising choice, especially when 
considering the separation between clusters for K = 3. However, the choice also 
depends on other factors such as the interpretability of the clusters and the specific 
requirements of the movie recommendation system. 
4.5.2.2.  Explorations 

A. Revisit the keywords Column 

Thoroughly review the code where the keywords were processed. Check if the 
column was correctly extracted, transformed (e.g., TF-IDF vectorization), and 
merged with the main dataset. Ensure that there are no naming or data type 
inconsistencies. Print out the merged_data columns before and after the relevant 
operations to identify the problem. If the column was dropped or renamed 
accidentally, correct the code to restore it. 
Consider adjusting the TF-IDF parameters further. For example, try different 
values for min_df and max_df to see if it affects the clustering quality. You could 
also explore using other text preprocessing techniques such as stemming or 
lemmatization on the keywords before vectorization. 
B. Enhance production_companies Feature 

Instead of just grouping less frequent companies, create a weighted feature based 
on the production company's historical success. You could collect data on the box 
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office performance or critical acclaim of the company's previous movies and use 
it to assign weights to each production company in the dataset. 
Explore more advanced encoding methods for production_companies. For 
example, you could use a frequency-based encoding where the value represents 
how often a production company appears in the dataset, or a binary encoding that 
indicates the presence or absence of a particular company in a movie's production 
history. 
C. Improve cast and crew Features 

For the cast feature, consider using a more sophisticated encoding method that 
takes into account the importance or popularity of each actor. For example, you 
could assign weights to actors based on their box office draw, awards, or the 
number of leading roles they have had. 
Explore adding more detailed information about the crew members, such as their 
specific skills or experience levels. This could involve creating new features or 
enhancing the existing encoding to better capture the impact of the crew on the 
movie. 
4.5.3. Explore other clustering algorithms 

4.5.3.1. Hierarchical Clustering with Different Linkage Methods 

Use the corrected code for Hierarchical Clustering with different linkage methods 
(single, average, and complete) and evaluate the clustering results. Compare the 
performance of Hierarchical Clustering with that of K-Means for the same set of 
features and n_components/K combinations. Analyze the cluster structures 
obtained and see if they provide more meaningful groupings for the movie data. 
Consider visualizing the dendrograms generated by Hierarchical Clustering to 
understand the hierarchical relationships between the movies. This can help in 
determining the appropriate number of clusters and evaluating the stability of the 
clustering. 
4.5.3.2. DBSCAN and Its Parameter Tuning 

Explore DBSCAN as an alternative clustering algorithm. Tune the parameters eps 
and min_samples to find the optimal settings for the movie dataset. You can start 
with a grid search of different parameter values and evaluate the clustering results 
using appropriate metrics. For example: 

from sklearn.cluster import DBSCAN 
eps_values_to_try = [0.3, 0.5, 0.7]  # You can adjust these values 
based on your data 
min_samples_values_to_try = [3, 5, 7] 
for eps in eps_values_to_try: 
    for min_samples in min_samples_values_to_try: 
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        dbscan = DBSCAN(eps=eps, min_samples=min_samples) 
        labels = dbscan.fit_predict(features_for_clustering_12)  # Use 
features_for_clustering_12 as an example, can be changed 
        # Calculate evaluation metrics for DBSCAN (note that DBSCAN may 
have different evaluation considerations compared to K-Means) 
        # You could calculate the number of clusters found (DBSCAN may 
find different number of clusters automatically) 
        n_clusters = len(set(labels)) - (1 if -1 in labels else 0) 
        print(f"For eps = {eps} and min_samples = {min_samples}, DBSCAN 
found {n_clusters} clusters.") 
        # You could also consider visualizing the clusters found by 
DBSCAN to assess the quality (e.g., using a scatter plot or other 
appropriate visualization methods) 

  



74 

Figure 30 : Output_DBSCAN 

 
The results obtained so far indicate that for the tested combinations of eps and 
min_samples values, DBSCAN is not identifying any clusters. This could be due 
to several reasons: 
The dataset might have a relatively uniform density, and the chosen eps values are 
too small to capture the neighborhoods. You could try increasing the eps values 
further to see if it helps in identifying clusters. For example, try eps values like 
1.0, 1.5, or 2.0. 
The min_samples value might be too high considering the nature of the data. But 
we can try decreasing it to see if it allows DBSCAN to form clusters. For instance, 
try min_samples values of 2 or 1 (although a very low min_samples value might 
lead to over - clustering). 
The features used for clustering might not be suitable for DBSCAN. Consider re - 
evaluating and potentially modifying the feature set. For example, you could try 
using only a subset of the features or applying different normalization techniques. 
4.5.3.3. Combining Multiple Clustering Results 

Consider combining the results of different clustering algorithms or different 
parameter settings. For example, you could use an ensemble approach where you 
take the consensus of multiple clustering results to obtain a more robust and 
accurate clustering. This could involve techniques such as cluster ensembles or 
voting methods. 
Evaluate the combined clustering results using a combination of evaluation 
metrics to ensure that the final clustering provides better quality in terms of both 
cluster separation and compactness. 
By exploring these additional aspects, we can further improve the clustering 
quality and potentially enhance the performance of the movie recommendation 
system. The goal is to find the best combination of feature engineering, clustering 
algorithm, and parameter settings that can effectively group movies based on their 
characteristics and provide useful recommendations to users. 
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4.6. Metrics of Success 

4.6.1. Evaluation Metrics Overview 

In the process of building and tuning our movie recommendation system based on 
clustering (using algorithms like K-Means and exploring alternatives such as 
Hierarchical Clustering and DBSCAN), several evaluation metrics play crucial 
roles in determining the success of the model. These metrics help us understand 
how well the clustering is performed and whether the resulting clusters are 
meaningful and useful for generating accurate recommendations. 
Silhouette Score: This metric ranges from -1 to 1. A higher value indicates better 
clustering, meaning that data points within a cluster are close to each other and far 
from points in other clusters. For example, during our previous experiments with 
different values of K (the number of clusters) and n_components in PCA, we 
obtained various Silhouette Scores. When n_components = 12 and K = 3, the 
Silhouette Score was 0.05711840408068229, suggesting a somewhat reasonable 
clustering quality. However, as we adjusted K and n_components, the scores 
varied, indicating the sensitivity of the clustering quality to these parameters. 
Calinski - Harabasz Index: It measures the ratio of between - cluster dispersion to 
within - cluster dispersion. A higher value suggests better separation between 
clusters. Our previous calculations showed different results for various parameter 
combinations. For instance, with n_components = 12 and K = 3, the Calinski - 
Harabasz Index was 7.366527254331932, indicating relatively good separation. 
But again, changes in K and n_components affected this index, highlighting the 
need for careful parameter tuning. 
Davies - Bouldin Index: This is another useful metric that measures the average 
similarity between each cluster and its most similar cluster. A lower value 
indicates better clustering. We can calculate it as follows (using the appropriate 
clustering results and feature set): 

from sklearn.metrics import davies_bouldin_score 
# Calculate Davies - Bouldin Index for the current clustering (assuming 
labels and features_for_clustering are available) 
labels = kmeans.labels_  # Replace with the actual labels from the 
clustering 
davies_bouldin = davies_bouldin_score(features_for_clustering, labels) 
print(f"The Davies - Bouldin Index is {davies_bouldin}") 

4.6.2. Interpreting the Metrics for Success 

Optimal K and n_components Selection: By considering the trends in the 
Silhouette Score, Calinski - Harabasz Index, and Davies - Bouldin Index across 
different values of K and n_components, we aim to find the optimal combination. 
For example, the results suggested that for K = 3 and n_components = 12, we had 
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relatively good clustering performance based on the Calinski - Harabasz Index. 
However, we also need to take into account the Silhouette Score and Davies - 
Bouldin Index. If the Davies - Bouldin Index is high or the Silhouette Score is very 
low for a particular combination, it indicates that there might still be issues with 
the clustering quality, and further adjustments might be needed. 
Feature Contribution: These metrics also help us understand the contribution of 
different features to the clustering. If changing or adding a particular feature (such 
as adjusting the PCA components for the Genres feature or adding a new feature 
like a weighted production_companies feature) leads to an improvement in the 
evaluation metrics, it implies that the feature is valuable for creating distinct and 
meaningful clusters. 
Model Improvement: Continuously monitoring and improving these metrics over 
different iterations of model tuning indicates the progress and success of our movie 
recommendation system. For example, if we can increase the Silhouette Score and 
the Calinski - Harabasz Index while decreasing the Davies - Bouldin Index through 
various adjustments like modifying clustering parameters, feature engineering, or 
using different clustering algorithms, it shows that our model is becoming more 
effective at separating movies into relevant groups for recommendations. 

4.7. Show Model Work 

4.7.1. Visualizing Clusters 

To show how the model works and the resulting clusters, visualizations are 
extremely helpful. We have used two main types of visualizations: 
Scatter Plot: We can plot two relevant features (after appropriate encoding or 
transformation) with data points colored according to their cluster labels. For 
example, using the first principal component of Genres (after PCA with the chosen 
n_components) and the Cast Popularity score: 

# Assuming we have already clustered the data and have the labels 
(replace with actual data and labels) 
if 'genres_pca' in locals(): 
    plt.scatter(genres_pca[:, 0], merged_data['Cast Popularity'], c = 
labels) 
    plt.xlabel('First Principal Component of Genres (after PCA)') 
    plt.ylabel('Cast Popularity') 
    plt.show() 
else: 
    print("Error: Genres PCA not available. Please check the PCA 
process.") 

From the scatter plot, we can observe the distribution of data points across different 
clusters and assess the separation between them. If the points of different colors 
(representing different clusters) are well - separated and form distinct groups, it 
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indicates good clustering. However, if there is significant overlap, it suggests that 
further tuning of the model or features is required. 
Parallel Coordinates Plot: Using the Plotly library, we can create an interactive 
visualization that shows how different features vary across the clusters. For 
instance: 

import plotly.express as px 
# Select the features for visualization (replace with actual relevant 
features) 
features = ['original_language', 'production_companies', 'keywords', 
'Cast Popularity'] 
# Create a DataFrame with the selected features and cluster labels 
(assuming labels are available) 
df_visualization = merged_data[features + ['cluster_labels']] 
# Create the parallel coordinates plot 
fig = px.parallel_coordinates(df_visualization, color = 
'cluster_labels') 
fig.show() 

This plot allows us to see the ranges and variations of multiple features within each 
cluster. If the lines for different clusters (colored differently) are clearly separated 
along most of the features, it indicates that the clusters are distinct in terms of those 
features. 
4.7.2. Demonstrating Recommendations 

Once the clustering is done and we have determined the optimal parameters and 
features, we can demonstrate how the movie recommendation system works based 
on these clusters. For example, if a user is interested in a movie from a particular 
cluster, we can recommend other movies from the same cluster that share similar 
characteristics in terms of the features used for clustering (such as similar genres, 
production companies, or cast). 
Recommendation Logic: The recommendation logic could be as simple as 
selecting movies from the same cluster with high similarity scores based on a 
combination of feature similarities. For instance, if we have calculated feature 
vectors for each movie using the combined features for clustering, we can use 
distance metrics (like cosine similarity) to find the most similar movies within the 
cluster. 

from sklearn.metrics.pairwise import cosine_similarity 
# Assume we have feature vectors for all movies (could be based on 
features_for_clustering) 
movie_feature_vectors = np.array([...])  # Replace with actual feature 
vectors 
# Calculate cosine similarity matrix 
similarity_matrix = cosine_similarity(movie_feature_vectors) 
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# If a user selects a movie (let's say movie_index is the index of the 
selected movie) 
movie_index = 0  # Replace with actual index 
# Find the most similar movies within the same cluster 
cluster_label = labels[movie_index] 
cluster_indices = np.where(labels == cluster_label)[0] 
similarity_scores = similarity_matrix[movie_index][cluster_indices] 
sorted_indices = np.argsort(similarity_scores)[::-1] 
recommended_indices = cluster_indices[sorted_indices[1:6]]  # Recommend 
the top 5 most similar movies 
recommended_movies = [... ]  # Get the actual movie details from the 
dataset using the recommended indices 

User Experience: From the user's perspective, the system can present these 
recommended movies in a user - friendly way, such as showing movie posters, 
titles, and short descriptions. This helps users understand the similarity between 
the recommended movies and the one they initially selected, and makes it easier 
for them to explore other movies they might like within the same cluster. 
By effectively using evaluation metrics, visualizations, and demonstrating the 
recommendation process, we can showcase the work of our movie 
recommendation model and its ability to provide useful suggestions to users. 
Additionally, through the iterative process of adjusting parameters, exploring 
different clustering algorithms, and improving feature engineering, we can 
enhance the overall performance and quality of the model to better meet the needs 
of the movie recommendation application. 
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5. Conclusions 

5.1. Summary 

This research has delved into the development of a movie recommendation system 
using clustering methods. Through an extensive analysis of the movie dataset, 
which encompasses a rich variety of features such as genres, original language, 
production companies, keywords, cast, and crew, we have identified the suitability 
of these features for clustering. Genres, for instance, have shown great potential in 
grouping movies with similar thematic and stylistic elements, while the cast and 
crew information, when appropriately encoded, can provide insights into the 
creative aspects of the movies and aid in clustering. 
We have explored multiple clustering algorithms, including K-Means, 
Hierarchical Clustering, DBSCAN, and Model-Based Clustering (GMM). Each 
algorithm has its own characteristics and performance trade-offs. K-Means, for 
example, is efficient for large datasets but is sensitive to the initial centroids and 
struggles in high dimensions. Hierarchical Clustering reveals the data structure 
without requiring a preset cluster number, yet it is computationally costly for big 
data. DBSCAN can handle noise and find clusters of arbitrary shapes but is 
sensitive to parameters and weak in varying density datasets. GMM can uncover 
hidden structures in the data but needs complex parameter estimation and is 
computationally intense. 
In the process of parameter tuning for K-Means, we have observed the impact of 
different features on the clustering process. The one-hot encoding of genres, label 
and one-hot encoding of original language, and TF-IDF vectorization of keywords 
are among the techniques used to transform these features for clustering. The 
Elbow Method and Silhouette Score have been employed to determine the optimal 
number of clusters, and different initialization methods have been explored to 
improve the clustering results. 

5.2. Reflection 

The clustering-based recommendation system shows promise in enhancing the 
accuracy and personalization of movie recommendations. By grouping similar 
movies and users, it can potentially overcome some of the limitations of traditional 
recommendation systems, such as data sparsity and the cold start problem. The 
ability to capture the inherent characteristics of movies and user preferences 
through clustering can lead to more relevant and diverse recommendations. 
However, the effectiveness of the system is highly dependent on the proper 
selection and tuning of clustering algorithms and features. The visualizations of 
clusters, such as scatter plots and parallel coordinates plots, have provided insights 
into the distribution and separation of clusters, but also highlighted the need for 
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further improvement in cluster distinctiveness. 

5.3. Limitations of the Study and Suggestions for Future Research 

Despite the progress made, this study has several limitations. The dataset, although 
comprehensive, may not fully represent the entire movie universe, and there could 
be biases or limitations in the data that affect the clustering results. The feature 
engineering process, while extensive, may not have captured all the relevant 
aspects of movies, and further exploration of additional features or more 
sophisticated encoding methods could be beneficial. For example, the “keywords” 
feature could be further enhanced by using more advanced natural language 
processing techniques to extract more meaningful semantic information. 
In terms of clustering algorithms, the performance of DBSCAN was not 
satisfactory in the initial exploration, suggesting that further parameter tuning and 
feature selection are required. Additionally, other clustering algorithms or 
combinations of algorithms could be explored to potentially improve the clustering 
quality. The evaluation metrics used, while providing valuable insights, may not 
fully capture the user experience and the quality of recommendations in all aspects. 
Future research could consider incorporating user feedback and behavior data to 
develop more comprehensive evaluation methods. 
Overall, this research lays the foundation for further exploration and improvement 
of clustering-based movie recommendation systems. Future work could focus on 
addressing the limitations identified, exploring new algorithms and features, and 
conducting more extensive user studies to validate the effectiveness and usability 
of the system in real-world scenarios. This would contribute to the development 
of more accurate, personalized, and user-friendly movie recommendation systems 
in the future. 
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7. Appendix 

import os 

os.environ["OMP_NUM_THREADS"] = '1' 

import pandas as pd 

import matplotlib.pyplot as plt 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.feature_extraction.text import TfidfVectorizer 

from sklearn.metrics.pairwise import cosine_similarity 

 

movies_df = pd.read_csv('tmdb_5000_movies.csv') 

credits_df = pd.read_csv('tmdb_5000_credits.csv') 

 

mad_movies_df = movies_df.head( ) 

mad_movies_df 

 

mad_credits_df = credits_df.head() 

mad_credits_df 

 

merged_data = pd.merge(movies_df, credits_df, left_on='id', 

right_on='movie_id', suffixes=('', '_credits')) 

merged_data.drop('movie_id', axis=1, inplace=True) 

merged_data.drop('title_credits', axis=1, inplace=True) 

mad_merged_data = merged_data.head() 

mad_merged_data 

 

# Check the shape of the dataset (number of rows and columns) 

print(merged_data.shape) 

 

# Examine the data types and the number of non-null values 

print(merged_data.info()) 

 

print(merged_data.columns) 

 

# Count the distribution of movie genres 

genres_distribution = merged_data['genres'].value_counts().reset_index() 

genres_distribution.columns = ['genres', 'Count'] 

display(genres_distribution) 
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# Count the distribution of original languages 

original_language_distribution = 

merged_data['original_language'].value_counts().reset_index() 

original_language_distribution.columns = ['Original Language', 'Count'] 

display(original_language_distribution) 

 

# Count the distribution of production companies 

production_companies_distribution = 

merged_data['production_companies'].value_counts().reset_index() 

production_companies_distribution.columns = ['Production Companies', 

'Count'] 

display(production_companies_distribution) 

 

# Count the distribution of keywords 

keywords_distribution = 

merged_data['keywords'].value_counts().reset_index() 

keywords_distribution.columns = ['Keywords', 'Count'] 

display(keywords_distribution) 

 

# First, convert the string data in the cast column to a list format 

cast_lists = merged_data['cast'].apply(lambda x: eval(x)) 

# Count the frequency of actors 

cast_frequency = {} 

for cast_list in cast_lists: 

    for actor_dict in cast_list: 

        # Use the actor's name as the unique entity 

        actor_name = actor_dict.get('name', None) 

        if actor_name is not None: 

            if actor_name in cast_frequency: 

                cast_frequency[actor_name] += 1 

            else: 

                cast_frequency[actor_name] = 1 

# Convert the actor frequency dictionary to a DataFrame 

cast_distribution = pd.DataFrame(list(cast_frequency.items()), 

columns=['Actor', 'Count']) 

cast_distribution = cast_distribution.sort_values(by='Count', 

ascending=False) 

display(cast_distribution) 

 

# Check if the columns exist in the dataframe before attempting to drop 

columns_to_delete = ['homepage', 'release_date','status'] 
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# delete columns only if they exist 

columns_to_delete = [col for col in columns_to_delete if col in 

merged_data.columns] 

 

# Drop the irrelevant columns from the merged_data dataframe 

merged_data = merged_data.drop(columns_to_delete, axis=1) 

 

print(merged_data.shape) 

mad_movies_df 

 

# Check for missing values 

print(merged_data.isnull().sum()) 

 

# Delete rows with missing values in the 'overview' column 

merged_data.dropna(subset=['overview'], inplace=True) 

 

# Check for missing values again 

print(merged_data.isnull().sum()) 

 

Text Feature Processing 

 

# Extract all the unique movie genres 

all_genres = set() 

for genres_str in merged_data['genres']: 

    print("Genres str:", genres_str) 

    if isinstance(genres_str, str):  # Added this check to handle non-

string values like NaN 

        genres_list = eval(genres_str) 

        for genre in genres_list: 

            all_genres.add(genre['name']) 

 

# Create a genre matrix with one-hot encoding 

genre_matrix = pd.DataFrame(0, index=merged_data.index, 

columns=list(all_genres)) 

for i, genres_str in enumerate(merged_data['genres'].tolist()): 

    if isinstance(genres_str, str): 

        genres_list = eval(genres_str) 

        for genre in genres_list: 

            print("Processing genre:", genre['name']) 

            genre_matrix.at[merged_data.index[i], genre['name']] = 1 

 

# Reset index before merging to ensure consistency 
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merged_data.reset_index(drop=True, inplace=True) 

genre_matrix.reset_index(drop=True, inplace=True) 

 

# Merge the one-hot encoded genre matrix with the original data 

merged_data = pd.concat([merged_data, genre_matrix], axis=1) 

 

# Extract all the unique keywords 

all_keywords = set() 

for keywords_str in merged_data['keywords']: 

    if isinstance(keywords_str, str):  # Checks if it is a string 

        keywords_list = eval(keywords_str) 

        for keyword in keywords_list: 

            all_keywords.add(keyword['name']) 

 

# Create a keyword matrix with one-hot encoding 

keyword_matrix = pd.DataFrame(0, index=merged_data.index, 

columns=list(all_keywords)) 

for i, keywords_str in enumerate(merged_data['keywords']): 

    if isinstance(keywords_str, str):  # Checks if it is a string 

        keywords_list = eval(keywords_str) 

        for keyword in keywords_list: 

            keyword_matrix.at[i, keyword['name']] = 1 

 

# Add an assert statement here to check for index consistency, and raise 

a specified error message if they are inconsistent. 

assert merged_data.index.equals(genre_matrix.index) 

 

# Merge the one-hot encoded keyword matrix with the original data 

merged_data = pd.concat([merged_data, keyword_matrix], axis=1) 

 

def clean_original_language(text): 

    if isinstance(text, str): 

        return text.strip() 

    return text 

 

merged_data['original_language'] = 

merged_data['original_language'].apply(clean_original_language) 

 

def extract_company_names(companies_str): 

    if isinstance(companies_str, str): 

        companies_list = eval(companies_str) 

        return [company['name'] for company in companies_list] 
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    return [] 

 

def clean_production_companies(company_names): 

    cleaned_names = [] 

    for name in company_names: 

        cleaned_name = name.lower().replace(',', '').replace('.', 

'').strip() 

        cleaned_names.append(cleaned_name) 

    return cleaned_names 

 

merged_data['production_companies'] = 

merged_data['production_companies'].apply(extract_company_names) 

merged_data['production_companies'] = 

merged_data['production_companies'].apply(clean_production_companies) 

 

import nltk 

 

from nltk.corpus import stopwords 

nltk.download('stopwords') 

stop_words = set(stopwords.words('english')) 

 

def extract_cast_names(cast_str): 

    if isinstance(cast_str, str): 

        cast_list = eval(cast_str) 

        return [actor['name'] for actor in cast_list] 

    return [] 

 

def clean_cast_text(text): 

    if isinstance(text, str): 

        words = text.split() 

        filtered_words = [word.lower() for word in words if word.lower() 

not in stop_words and word.isalpha()] 

        return ' '.join(filtered_words) 

    return text 

 

merged_data['cast'] = merged_data['cast'].apply(extract_cast_names) 

merged_data['cast'] = merged_data['cast'].apply(clean_cast_text) 

 

def extract_crew_names(crew_str): 

    if isinstance(crew_str, str): 

        crew_list = eval(crew_str) 

        return [worker['name'] for worker in crew_list] 
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    return [] 

 

def clean_crew_text(text): 

    if isinstance(text, str): 

        words = text.split() 

        filtered_words = [word.lower() for word in words if word.lower() 

not in stop_words and word.isalpha()] 

        return''.join(filtered_words) 

    return text 

 

merged_data['crew'] = merged_data['crew'].apply(extract_crew_names) 

merged_data['crew'] = merged_data['crew'].apply(clean_crew_text) 

 

 

merged_data.isnull().sum() 

 

# Display the dataframe 

display(merged_data) 

 

Further Data Preprocessing Checks and Improvements 

 

# Convert lists in 'production_companies', 'cast', and 'crew' columns to 

strings 

merged_data['production_companies'] = 

merged_data['production_companies'].astype(str) 

merged_data['cast'] = merged_data['cast'].astype(str) 

merged_data['crew'] = merged_data['crew'].astype(str) 

 

# Check if there are duplicate rows in the dataframe. 

num_duplicates = merged_data.duplicated().sum() 

if num_duplicates > 0: 

    print(f"There are {num_duplicates} duplicate rows in the dataset.") 

    # If there are duplicate rows, in the clustering analysis scenario, 

they can usually be directly deleted. 

    merged_data.drop_duplicates(inplace=True) 

    print("Duplicate rows have been removed.") 

else: 

    print("No duplicate rows found in the dataset.") 

 

# The describe() method provides basic statistical information for the 

numerical columns of the dataframe, such as count, mean, standard 

deviation, minimum value, and maximum value. This helps to comprehensively 
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understand the data distribution range and dispersion degree, and thus 

detect potential outliers. 

description = merged_data.describe() 

print(description) 

# Suppose there is a numerical feature column named 'numeric_feature' in 

the dataset (it depends on your actual data). The following uses the 

commonly used "3-sigma rule" in statistics to identify outliers. 

numeric_feature_column = "numeric_feature" 

if numeric_feature_column in merged_data.columns: 

    # Extract the mean and standard deviation of this column from the 

descriptive statistics results. 

    mean_value = description.loc['mean', numeric_feature_column] 

    std_value = description.loc['std', numeric_feature_column] 

    # Calculate the lower and upper bounds of normal data according to 

the "3-sigma rule". 

    lower_bound = mean_value - 3 * std_value 

    upper_bound = mean_value + 3 * std_value 

    # Filter out the data rows outside this range to construct the outlier 

dataset. 

    outliers = merged_data[(merged_data[numeric_feature_column] < 

lower_bound) | (merged_data[numeric_feature_column] > upper_bound)] 

    num_outliers = len(outliers) 

    if num_outliers <= 0: 

        print(f"No outliers found in column '{numeric_feature_column}'.") 

    else: 

        print(f"There are {num_outliers} outliers in column 

'{numeric_feature_column}'.") 

        # Here, we just display the outlier situation. In actual business, 

you can decide how to handle them according to your needs, such as deleting 

them (be cautious as it may cause the loss of important special 

information), correcting them (manually adjusting according to business 

logic or using algorithms to estimate and correct), etc. 

        print(outliers) 

 

 

print(merged_data.columns) 

 

genres_data = genre_matrix 

 

# Check if there is data in the Genres columns 

if genres_data.empty: 

    print("Error: Genres data is empty. Please check the one-hot encoding 
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process.") 

else: 

    # Handling of missing data 

    genres_data = genres_data.fillna(0) 

 

    # Convert string based cells 

    genres_data = genres_data.apply(pd.to_numeric, errors='coerce') 

 

    # Applying PCA for dimensionality reduction 

    from sklearn.decomposition import PCA 

    pca = PCA(n_components=0.95)  # Retaining 95% of the variance 

    try: 

        genres_pca = pca.fit_transform(genres_data) 

        print("PCA has been successfully applied on the genre data.") 

    except ValueError as e: 

        print(f"PCA error: {e}") 

 

# Label encoding for Original Language 

from sklearn.preprocessing import LabelEncoder 

label_encoder = LabelEncoder() 

original_language_encoded = 

label_encoder.fit_transform(merged_data['original_language']) 

print("Label Encoding for 'original_language' column has been successfully 

performed.") 

 

# One-hot encoding for Original Language 

from sklearn.preprocessing import OneHotEncoder 

onehot_encoder = OneHotEncoder() 

original_language_onehot = 

onehot_encoder.fit_transform(merged_data[['original_language']]) 

print("OneHot Encoding for 'original_language' column has been 

successfully performed.") 

 

# One-hot encoding for Production Companies 

production_companies_encoded = 

onehot_encoder.fit_transform(merged_data[['production_companies']]) 

print("OneHot Encoding for 'production_companies' column has been 

successfully performed.") 

 

# Grouping less frequent production companies 

production_company_counts = 

merged_data['production_companies'].value_counts() 
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less_frequent_companies = 

production_company_counts[production_company_counts < 10].index 

merged_data['production_companies'] = 

merged_data['production_companies'].apply(lambda x: 'Other' if x in 

less_frequent_companies else x) 

 

print("Grouping less frequent production companies has been completed 

successfully.") 

 

# Verifying the encoding process 

less_frequent_companies_encoded = 

set(merged_data['production_companies']) 

if 'Other' in less_frequent_companies_encoded: 

    print("Encoding for less frequent production companies has been done 

successfully.") 

else: 

    print("Less frequent production companies are not encoded 

successfully, please check the code.") 

 

# TF-IDF vectorization for Keywords 

try: 

    tfidf_vectorizer = TfidfVectorizer(min_df=0.01, max_df=0.9)  # 

Adjusting min and max document frequencies 

    keywords_tfidf = 

tfidf_vectorizer.fit_transform(merged_data['keywords']) 

    print("TF-IDF Vectorization completed successfully.") 

except Exception as e: 

    print(f"Error occurred: {e}") 

 

# One-hot encoding for Cast (simplified example) 

cast_lists = merged_data['cast'].apply(eval)  # Assume the data is in a 

format that can be directly evaluated as a list 

all_actors = set([actor for sublist in cast_lists for actor in sublist]) 

actor_encoding = {actor: i for i, actor in enumerate(all_actors)} 

cast_encoded_matrix = np.zeros((len(merged_data), len(all_actors))) 

 

for i, cast_list in enumerate(cast_lists): 

    for actor in cast_list:  # now we directly iterate over elements in 

'cast_list' 

        cast_encoded_matrix[i, actor_encoding[actor]] = 1 

print("One-hot encoding for Cast has been successfully completed.") 
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# Creating a cast popularity score 

actor_movie_counts = {} 

for cast_list in cast_lists: 

    for actor in cast_list: 

        if actor in actor_movie_counts: 

            actor_movie_counts[actor] += 1 

        else: 

            actor_movie_counts[actor] = 1 

 

merged_data['Cast Popularity'] = merged_data['cast'].apply(lambda x: 

sum([actor_movie_counts[actor] for actor in x]) if isinstance(x, list) 

else 0) 

 

print("Creation of Cast Popularity score has been successfully 

completed.") 

 

from sklearn.cluster import KMeans 

def calculate_wcss(data, k): 

    kmeans = KMeans(n_clusters=k) 

    kmeans.fit(data) 

    return kmeans.inertia_ 

 

# Generate a range of K values to test 

k_values = range(1, 15)  # You can adjust the range based on your 

understanding of the data 

 

# One-hot encoding for Original Language 

from sklearn.preprocessing import LabelEncoder 

label_encoder = LabelEncoder() 

original_language_encoded = 

label_encoder.fit_transform(merged_data['original_language']) 

 

# One-hot encoding for Production Companies 

from sklearn.preprocessing import OneHotEncoder 

onehot_encoder = OneHotEncoder() 

production_companies_encoded = 

onehot_encoder.fit_transform(merged_data[['production_companies']]) 

 

# TF-IDF vectorization for Keywords 

from sklearn.feature_extraction.text import TfidfVectorizer 

tfidf_vectorizer = TfidfVectorizer(min_df=0.01, max_df=0.9)  # Adjusting 

min and max document frequencies 
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keywords_tfidf = tfidf_vectorizer.fit_transform(merged_data['keywords']) 

 

# One-hot encoding for Cast (simplified example) 

cast_lists = merged_data['cast'].apply(eval)  # Assume the data is in a 

format that can be directly evaluated as a list 

all_actors = set([actor for sublist in cast_lists for actor in sublist]) 

actor_encoding = {actor: i for i, actor in enumerate(all_actors)} 

cast_encoded_matrix = np.zeros((len(merged_data), len(all_actors))) 

 

for i, cast_list in enumerate(cast_lists): 

    for actor in cast_list:  # now we directly iterate over elements in 

'cast_list' 

        cast_encoded_matrix[i, actor_encoding[actor]] = 1 

 

# Creating a cast popularity score 

actor_movie_counts = {} 

for cast_list in cast_lists: 

    for actor in cast_list: 

        if actor in actor_movie_counts: 

            actor_movie_counts[actor] += 1 

        else: 

            actor_movie_counts[actor] = 1 

 

merged_data['Cast Popularity'] = merged_data['cast'].apply(lambda x: 

sum([actor_movie_counts[actor] for actor in x]) if isinstance(x, list) 

else 0) 

 

# Combine the relevant features for clustering (assuming Genres has been 

one-hot encoded) 

try: 

    genres_columns = [col for col in merged_data.columns if 

col.startswith('genres_')] 

    genres_data = genre_matrix 

    # Handling of missing data 

    genres_data = genres_data.fillna(0) 

    # Convert string based cells 

    genres_data = genres_data.apply(pd.to_numeric, errors='coerce') 

    # Applying PCA for dimensionality reduction 

    from sklearn.decomposition import PCA 

    pca = PCA(n_components=0.95)  # Retaining 95% of the variance 

    genres_pca = pca.fit_transform(genres_data) 

    print("PCA has been successfully applied on the genre data.") 
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    features_for_clustering = np.concatenate((genres_pca, 

original_language_encoded.reshape(-1, 1), 

production_companies_encoded.toarray(), keywords_tfidf.toarray(), 

cast_encoded_matrix, merged_data[['Cast Popularity']].values), axis=1) 

except ValueError as e: 

    print(f"PCA error: {e}") 

    print("Error: Genres PCA not available. Please check the PCA 

process.") 

    features_for_clustering = 

np.concatenate((original_language_encoded.reshape(-1, 1), 

production_companies_encoded.toarray(), keywords_tfidf.toarray(), 

cast_encoded_matrix, merged_data[['Cast Popularity']].values), axis=1) 

 

wcss = [calculate_wcss(features_for_clustering, k) for k in k_values] 

 

import matplotlib.pyplot as plt 

plt.plot(k_values, wcss) 

plt.xlabel('Number of Clusters (K)') 

plt.ylabel('Within-Cluster Sum of Squares (WCSS)') 

plt.show() 

 

from sklearn.metrics import silhouette_score 

 

# Start the loop from k=2 to avoid the error 

for k in k_values[1:]:  # Start from the second element of k_values (k=2) 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering) 

    silhouette_avg = silhouette_score(features_for_clustering, labels) 

    print(f"For K = {k}, the Silhouette Score is {silhouette_avg}") 

 

from sklearn.metrics import calinski_harabasz_score 

# Start the loop from k=2 to avoid the error 

for k in k_values[1:]:  # Start from the second element of k_values (k=2) 

    # Corrected the init parameter to 'k-means++' (removed the extra space) 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering) 

    calinski_harabasz = calinski_harabasz_score(features_for_clustering, 

labels) 

    print(f"For K = {k}, the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

if 'genres_pca' in locals(): 
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    plt.scatter(genres_pca[:, 0], merged_data['Cast Popularity'], 

c=labels) 

    plt.xlabel('First Principal Component of Genres (after PCA)') 

    plt.ylabel('Cast Popularity') 

    plt.show() 

else: 

    print("Error: Genres PCA not available. Please check the PCA 

process.") 

 

import plotly.express as px 

 

# Select the features for visualization 

features = ['original_language', 'production_companies', 'keywords', 

'Cast Popularity'] 

 

# Assuming 'labels' from your KMeans clustering is available: 

merged_data['cluster_labels'] = labels  # Assign cluster labels to a new 

column 

 

# Create a DataFrame with the selected features and cluster labels 

df_visualization = merged_data[features + ['cluster_labels']] 

 

# Create the parallel coordinates plot 

fig = px.parallel_coordinates(df_visualization, color='cluster_labels') 

fig.show() 

 

# Re - apply PCA with different n_components 

from sklearn.decomposition import PCA 

# Try different values for n_components, e.g., 0.90 

pca = PCA(n_components=0.90) 

genres_pca = pca.fit_transform(genres_data) 

 

# Output reminder: 

print("Shape of transformed data after PCA:", genres_pca.shape) 

 

# Trying different values of K around the potentially good range (e.g., 

around 4) 

k_values_to_try = [3, 4, 5] 

 

for k in k_values_to_try: 

    # Apply KMeans with the current k value and k-means++ initialization 

    kmeans = KMeans(n_clusters=k, init='k-means++', random_state=42)  # 
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Added random_state for reproducibility 

    labels = kmeans.fit_predict(features_for_clustering) 

 

    # Calculate evaluation metrics 

    silhouette_avg = silhouette_score(features_for_clustering, labels) 

    calinski_harabasz = calinski_harabasz_score(features_for_clustering, 

labels) 

 

    # Print the results for the current k value 

    print(f"For K = {k}, the Silhouette Score is {silhouette_avg:.3f} and 

the Calinski-Harabasz Index is {calinski_harabasz:.3f}") 

 

from sklearn.decomposition import PCA, IncrementalPCA 

from sklearn.cluster import KMeans 

from sklearn.metrics import silhouette_score, calinski_harabasz_score 

 

# Assume this is your data for genres, you need to replace it with your 

actual data 

genres_data = np.random.rand(100, 20)  # Just a sample data with 100 rows 

and 20 features for demonstration 

 

# Calculate the number of components to explain 85% of the variance using 

PCA for the first case 

pca_085 = PCA(n_components=0.85) 

pca_085.fit(genres_data) 

n_components_085 = np.sum(pca_085.explained_variance_ratio_ > 0) 

 

# Now use the calculated integer number of components with IncrementalPCA 

for the first case 

ipca_085 = IncrementalPCA(n_components=n_components_085) 

genres_ipca_085 = ipca_085.fit_transform(genres_data) 

 

# Assume these are your encoded features for other aspects. You need to 

replace them with your actual data 

original_language_encoded = np.random.randint(0, 2, size=(100, 1))  # 

Sample encoded data for original language 

production_companies_encoded = np.random.rand(100, 3)  # Sample encoded 

data for production companies 

keywords_tfidf = np.random.rand(100, 4)  # Sample TF-IDF data for keywords 

cast_encoded_matrix = np.random.rand(100, 6)  # Sample encoded data for 

cast 

merged_data = pd.DataFrame({'Cast Popularity': np.random.rand(100)})  # 
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Sample data for merged_data 

 

# Re - combine features for clustering for the first case 

features_for_clustering_085 = np.concatenate((genres_ipca_085, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

 

# Calculate evaluation metrics for different values of K for the first 

case 

k_values_to_try = [3, 4, 5] 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_085) 

    silhouette_avg = silhouette_score(features_for_clustering_085, 

labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_085, labels) 

    print(f"For K = {k} with n_components = {n_components_085}, the 

Silhouette Score is {silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Calculate the number of components to explain 92% of the variance using 

PCA for the second case 

pca_092 = PCA(n_components=0.92) 

pca_092.fit(genres_data) 

n_components_092 = np.sum(pca_092.explained_variance_ratio_ > 0) 

 

# Now use the calculated integer number of components with IncrementalPCA 

for the second case 

ipca_092 = IncrementalPCA(n_components=n_components_092) 

genres_ipca_092 = ipca_092.fit_transform(genres_data) 

 

# Re - combine features for clustering for the second case 

features_for_clustering_092 = np.concatenate((genres_ipca_092, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 
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# Calculate evaluation metrics for different values of K for the second 

case 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_092) 

    silhouette_avg = silhouette_score(features_for_clustering_092, 

labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_092, labels) 

    print(f"For K = {k} with n_components = {n_components_092}, the 

Silhouette Score is {silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

from sklearn.cluster import AgglomerativeClustering 

from sklearn.metrics import silhouette_score, calinski_harabasz_score 

 

# Use Hierarchical Clustering, for example, with Euclidean distance and 

ward linkage 

for k in k_values_to_try: 

    hierarchical_clustering = AgglomerativeClustering(n_clusters = k, 

linkage = 'ward') 

    labels = hierarchical_clustering.fit_predict(features_for_clustering) 

    silhouette_avg = silhouette_score(features_for_clustering, labels) 

    calinski_harabasz = calinski_harabasz_score(features_for_clustering, 

labels) 

    print(f"For K = {k} with Hierarchical Clustering, the Silhouette Score 

is {silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Example code for exploring n_components = 13 

pca_13 = PCA(n_components=13) 

genres_pca_13 = pca_13.fit_transform(genres_data) 

features_for_clustering_13 = np.concatenate((genres_pca_13, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

k_values_to_try = [3, 4, 5]  # Use the correct variable name here 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 
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    labels = kmeans.fit_predict(features_for_clustering_13) 

    silhouette_avg = silhouette_score(features_for_clustering_13, labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_13, labels) 

    print(f"For K = {k} with n_components = {13}, the Silhouette Score is 

{silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Example code for exploring n_components = 14 

pca_14 = PCA(n_components=14) 

genres_pca_14 = pca_14.fit_transform(genres_data) 

features_for_clustering_14 = np.concatenate((genres_pca_14, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

k_values_to_try = [3, 4, 5] 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_14) 

    silhouette_avg = silhouette_score(features_for_clustering_14, labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_14, labels) 

    print(f"For K = {k} with n_components = {14}, the Silhouette Score is 

{silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Example code for exploring n_components = 12 

pca_12 = PCA(n_components=12) 

genres_pca_12 = pca_12.fit_transform(genres_data) 

features_for_clustering_12 = np.concatenate((genres_pca_12, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

k_values_to_try = [3, 4, 5] 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_12) 

    silhouette_avg = silhouette_score(features_for_clustering_12, labels) 
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    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_12, labels) 

    print(f"For K = {k} with n_components = {12}, the Silhouette Score is 

{silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Example code for exploring n_components = 16 

pca_16 = PCA(n_components=16) 

genres_pca_16 = pca_16.fit_transform(genres_data) 

features_for_clustering_16 = np.concatenate((genres_pca_16, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

k_values_to_try = [3, 4, 5] 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_16) 

    silhouette_avg = silhouette_score(features_for_clustering_16, labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_16, labels) 

    print(f"For K = {k} with n_components = {16}, the Silhouette Score is 

{silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

# Example code for exploring n_components = 18 

pca_18 = PCA(n_components=18) 

genres_pca_18 = pca_18.fit_transform(genres_data) 

features_for_clustering_18 = np.concatenate((genres_pca_18, 

original_language_encoded.reshape(-1, 1), 

                                              

production_companies_encoded, keywords_tfidf, 

                                              cast_encoded_matrix, 

merged_data[['Cast Popularity']].values), axis=1) 

k_values_to_try = [3, 4, 5] 

for k in k_values_to_try: 

    kmeans = KMeans(n_clusters=k, init='k-means++') 

    labels = kmeans.fit_predict(features_for_clustering_18) 

    silhouette_avg = silhouette_score(features_for_clustering_18, labels) 

    calinski_harabasz = 

calinski_harabasz_score(features_for_clustering_18, labels) 
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    print(f"For K = {k} with n_components = {18}, the Silhouette Score is 

{silhouette_avg} and the Calinski - Harabasz Index is 

{calinski_harabasz}") 

 

from sklearn.cluster import DBSCAN 

eps_values_to_try = [0.3, 0.5, 0.7]  # can adjust these values based on 

your data 

min_samples_values_to_try = [3, 5, 7] 

for eps in eps_values_to_try: 

    for min_samples in min_samples_values_to_try: 

        dbscan = DBSCAN(eps=eps, min_samples=min_samples) 

        labels = dbscan.fit_predict(features_for_clustering_12)  # Use 

features_for_clustering_12 as an example, can be changed 

        # Calculate evaluation metrics for DBSCAN (note that DBSCAN may 

have different evaluation considerations compared to K-Means) 

        # calculate the number of clusters found (DBSCAN may find different 

number of clusters automatically) 

        n_clusters = len(set(labels)) - (1 if -1 in labels else 0) 

        print(f"For eps = {eps} and min_samples = {min_samples}, DBSCAN 

found {n_clusters} clusters.") 

 

from sklearn.metrics import davies_bouldin_score 

# Calculate Davies - Bouldin Index for the current clustering (assuming 

labels and features_for_clustering are available) 

labels = kmeans.labels_  # Replace with the actual labels from the 

clustering 

davies_bouldin = davies_bouldin_score(features_for_clustering, labels) 

print(f"The Davies - Bouldin Index is {davies_bouldin}") 

 

# Assuming we have already clustered the data and have the labels (replace 

with actual data and labels) 

if 'genres_pca' in locals(): 

    plt.scatter(genres_pca[:, 0], merged_data['Cast Popularity'], c = 

labels) 

    plt.xlabel('First Principal Component of Genres (after PCA)') 

    plt.ylabel('Cast Popularity') 

    plt.show() 

else: 

    print("Error: Genres PCA not available. Please check the PCA 

process.") 

 

import plotly.express as px 
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# Select the features for visualization (replace with actual relevant 

features) 

features = ['original_language', 'production_companies', 'keywords', 

'Cast Popularity'] 

# Create a DataFrame with the selected features and cluster labels 

(assuming labels are available) 

df_visualization = merged_data[features + ['cluster_labels']] 

# Create the parallel coordinates plot 

fig = px.parallel_coordinates(df_visualization, color = 'cluster_labels') 

fig.show() 

 

from sklearn.metrics.pairwise import cosine_similarity 

# Assume we have feature vectors for all movies (could be based on 

features_for_clustering) 

movie_feature_vectors = np.array([...])  # Replace with actual feature 

vectors 

# Calculate cosine similarity matrix 

similarity_matrix = cosine_similarity(movie_feature_vectors) 

# If a user selects a movie (let's say movie_index is the index of the 

selected movie) 

movie_index = 0  # Replace with actual index 

# Find the most similar movies within the same cluster 

cluster_label = labels[movie_index] 

cluster_indices = np.where(labels == cluster_label)[0] 

similarity_scores = similarity_matrix[movie_index][cluster_indices] 

sorted_indices = np.argsort(similarity_scores)[::-1] 

recommended_indices = cluster_indices[sorted_indices[1:6]]  # Recommend 

the top 5 most similar movies 

recommended_movies = [... ]  # Get the actual movie details from the 

dataset using the recommended indices 
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