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1. Introduction

Recommendation systems are fundamental to modern online services, playing a
crucial role in enhancing user experiences across domains such as e—commerce, stre
aming platforms, social networks, and news applications. By filtering vast amounts
of information and delivering personalized suggestions, recommendation systems inc
rease user satisfaction and foster greater engagement, thus contributing to busine

SS success.

Machine learning (ML) has emerged as a central technology for recommendatio
n systems, employing a range of algorithms to predict user behavior and deliver pe
rsonalized content. ML enables systems to adapt dynamically to evolving user prefe
rences, identify intricate behavioral patterns, and provide increasingly relevant
and accurate recommendations. This chapter provides an overview of machine learnin
¢ techniques and recommendation systems, highlighting their significance, applicat

ions, and contributions to modern digital ecosystems.

1.1 Machine Learning Overview

Machine learning, a subfield of artificial intelligence, focuses on enablin
g computers to learn from data and make autonomous decisions. Over the past few de
cades, ML techniques have advanced significantly, becoming indispensable for a wid
e array of tasks, including classification, regression, clustering, and recommenda
tion. ML approaches span from traditional methods such as supervised and unsupervi
sed learning to more sophisticated techniques like reinforcement learning and deep

learning.

In the context of recommendation systems, ML plays a critical role in const
ructing models that analyze user behavior, preferences, and interactions. Through
iterative learning processes, these models predict which products, content, or inf
ormation a user might find appealing. Techniques such as collaborative filtering,
content—based filtering, and hybrid methods are integral components of recommendat

ion systems, benefiting substantially from advances in ML methodologies



1.2 Recommendation Systems Overview

Recommendation systems are intelligent applications designed to deliver per
sonalized user experiences by suggesting relevant items. These systems are ubiquit
ous across platforms such as Netflix, Spotify, Amazon, and various social networks
, where they provide tailored recommendations for movies, music, products, and soc
ial connections. The ability to process vast amounts of data and provide personali

zed recommendations is fundamental to enhancing user engagement and satisfaction.

Recommendation systems can be broadly categorized into several types based o

n their methodologies:

e Content—Based Filtering: This approach analyzes the attributes of items tha
t users have interacted with and recommends similar items based on these at
tributes. It is particularly useful for new users with limited interaction h
istories.

e (Collaborative Filtering: Collaborative filtering predicts user preferences b
y leveraging similarities between users or items. It can be further divided
into user—based and item—based methods, both of which utilize collective us
er behavior to generate recommendations.

e Hybrid Approaches: Hybrid systems combine multiple recommendation technique
s to mitigate the limitations of individual methods, thereby improving accu

racy and diversity in recommendations

Machine learning has been instrumental in transforming recommendation syste
ms, making them more effective and efficient. Techniques such as item—based collab
orative filtering (IBCF) have been highly successful for movie recommendation task
s, as they focus on identifying item similarities based on user ratings. Furthermo
re, new methodologies, including deep learning and hybrid approaches, address chal
lenges such as data sparsity, scalability, and cold-start problems, thereby pushin

g the boundaries of traditional recommendation systems.



2. State of the Art and Problem Statement

Recommendation systems have evolved significantly over the years, leveragin
g advancements in machine learning and data processing to provide increasingly acc
urate and personalized suggestions. In this section, we review the state—of-the-ar
t approaches for recommendation systems, focusing on the development and evolution
of item—based collaborative filtering (IBCF). We also outline the existing gaps in

the current methodologies, leading to the formulation of our problem statement.

2.1 Developments and issues in recommendation algorithms

The origin of recommendation algorithm can be traced back to the early 1990
s. With the popularity of the Internet and the rise of e—commerce, how to help use
rs find interesting content in massive information has become an important topic.
The earliest recommendation systems are mainly based on collaborative filtering te
chnology, which predicts the content that a user may be interested in by analyzing
the user’ s historical behavior and the behavior of similar users. In 1992, the Pal
o Alto Research Center of Xerox Corporation proposed a recommender system based on

collaborative filtering algorithm and used it for spam filtering. However, the rea



1 use of recommendation algorithms in Internet commerce came in 2003 with Amazon.
By analyzing users’ browsing and purchasing behavior, Amazon tries to personalize
recommendations for users who have previously viewed or purchased products, which
significantly increases the sales of the website. Since then, the application of p
ersonalized recommendation has become more and more widespread, which has become a
n important milestone in the development of recommendation algorithms.
With the continuous progress of technology, recommendation algorithms have e
xperienced many innovations and evolutions. In the early 1990s, Paul Resnick et al
proposed a method that similarity based on user interests can be analyzed based
on behavioral data between users. Paul Resnick et al. [1] introduced two basic col
laborative filtering methods, user—user filtering and item—item filtering. By buil
ding trust relationships and similarities among users, the system is able to recom
mend items that may be of interest to users. The core of this method is to use the
data of many users to predict the preferences of an individual user. In the early
2000s, the work of Koren et al. [2] made the application of matrix factorization t
echniques in recommender systems more and more popular. This approach decomposes t
he user—item rating matrix into two low-rank matrices (user features and item feat
ures) to capture the implicit relationship between users and items. This method ov
ercomes the challenges of traditional collaborative filtering methods under sparse
data, and greatly improves the accuracy of recommendation. Matrix factorization te
chniques have now become the cornerstone of today’ s recommendation systems. The Ne
tflix Recommendation Challenge, launched in 2006, attracted academics and engineer
s from around the world with the goal of creating better predictive models than ex
isting recommender systems on a provided dataset of user ratings. The study by Ben
nett and Lanning presents the context of the competition, the properties of the da
taset, and the various techniques employed by the participants. This competition h
as driven the rapid development of recommendation techniques, especially matrix fa
ctorization, ensemble learning, and the development of new feature extraction and
processing techniques [3]. In the early 2010s, deep learning was introduced into r
ecommender systems, which became more flexible and powerful. Hidasi et al. [4] use
d Recurrent Neural network (RNN) to model the user’ s session, so as to be able to

capture the temporal characteristics of user behavior and provide instant recommen



dation based on session. This breakthrough makes the recommender system not only t
ake into account the short—term preferences of users, but also adapt to the dynami
¢ changes in user behavior. In the mid and late 2010s, hybrid recommendation and r
einforcement learning recommendation systems emerged. Burke et al. [5] provided a
detailed analysis of various hybrid recommendation models, including how to combin
e collaborative filtering and content-based recommendation to overcome their respe
ctive shortcomings. Experiments show that the hybrid model can generally outperfor
m the single recommendation mechanism in terms of accuracy and user experience. Zh
ao et al. [6] conducted a comprehensive review of the application of reinforcement
learning in recommender systems and explored how to optimize long-term user satisf
action through the interaction between agents and the environment. They emphasized
the importance of real-time feedback in dynamic recommendation and proposed to imp
rove the performance of the recommendation system by learning the optimal policy.
This lays a theoretical foundation for the recommendation algorithm to be more int
elligent and adaptive. After 2020, multi-modal recommendation emerged, and the res
earch of zhou et al. [7] explored how to integrate multi-modal data (including tex
t, images, and audio) into the recommendation system to improve the accuracy and d
iversity of recommendation. The development in this direction reflects the adaptab
ility of modern recommender systems to diverse user inputs and requirements, which
can provide more appropriate recommendation results in a wider range of applicatio
n scenarios.

The evolution of recommendation algorithms reflects the increase in computi
ng power, the development of machine learning and deep learning techniques, and th
e diversification of user needs. Each history node not only represents the develop
ment of an algorithm, but also promotes the research progress of the whole recomme
nder system field. As technology continues to evolve, future recommender systems w
ill be more intelligent and able to operate in more complex and dynamic environmen
ts.

There are two main problems in recommendation algorithms. The first problem
is that the rating matrix between users and items is usually very sparse, especial
ly when new users or new items are added, many users have only a few rating record

s, which makes it difficult for the algorithm to find out the real preferences of



users. Data sparsity can reduce the accuracy of the model, especially when collabo
rative filtering algorithms are used, since these algorithms rely on similarity be
tween users or between items. And if most users rate only a few items, it is diffi
cult to find a reliable similarity measure. The second problem is the cold start p
roblem, which occurs when a new user, product, or system starts up. At this time,
the lack of sufficient historical data makes it difficult to make effective recomm

endations for users or items.

2.2 Classification and Role of Recommendation Algorithms

Recommendation algorithms can be classified according to different technica
1 implementations and application scenarios. Common classifications include conten

t—-based recommendation, collaborative filtering, and hybrid recommendation systems

Content—based recommendation algorithms mainly recommend similar items by a
nalyzing the characteristics of items that users have liked in the past. The syste
m usually relies on the user’ s historical behavior and the attribute of the item (
such as keywords, type, description, etc.) to match. The advantage of the system i
s that it can make accurate recommendations according to the user’ s interest, and
has strong adaptability without other user data. The interpretability is strong, a
nd users can understand the reasons for the recommendation, because the recommenda
tion is based on the item characteristics that users are known to like

Collaborative filtering recommendation can be subdivided into two main type
s, the first type is user—-based collaborative filtering, which works by finding ot
her users that are similar to the target user and recommending items that these si
milar users like. The algorithm has strong adaptability and can capture the comple
x relationship between users. The recommended range can cover the items that users
have not seen before. Item—based collaborative filtering, which analyzes the simil
arity between items. When the number of items increases, the algorithm is more sca
lable

compared with the collaborative filtering based on users. The similarity of
items is usually more stable than the user’ s preference, and the recommendation ef

fect is more reliable



Recommendation algorithm plays an increasingly important role in daily life
, especially in today s society with information overload. These algorithms enable
users to obtain information and enjoy products and services more efficiently throu
gh accurate personalized services. Specifically, the benefits of recommendation al
gorithms for daily life are mainly reflected in the following aspects:

(1) Information filtering and efficiency improvement: In the context of mas
sive information emergence, users often face selection difficulties. The recommend
ation algorithm can effectively filter and screen out the information related to t
he user’s interest by analyzing the user’s historical behavior and preference. Thi
s ability of information filtering significantly improves the efficiency of users
in the information search process, enabling them to find content that meets their
needs in a relatively short time [8].

(2) Personalized experience: recommendation algorithms can deeply mine the p
ersonalized needs of users, so as to provide targeted products and services. This
personalized experience not only enhances user satisfaction and loyalty, but also
makes users have a more pleasant experience when using the platform. For example,
in online video platforms, users can obtain customized movie and television recomm
endations according to their own interests and movie viewing history, so as to bet
ter enjoy entertainment content [9].

(3) Promoting consumption and business value creation: the application of r
ecommendation algorithms creates significant economic value for commercial entitie
s. Through accurate product recommendation, enterprises can effectively improve th
e click—through rate and conversion rate, and promote the purchase behavior of use
rs. This growth not only helps the company, but also drives the industry. For exam
ple, in the e—commerce platform, personalized recommendation generated based on us
er behavior analysis can effectively attract consumers and promote the improvement
of sales performance [10]

(4) Discovering new interests and cultural diffusion: Recommendation algori
thms also have the potential to facilitate cultural diffusion and discovering emer
ging interests. Through in—depth analysis of user behavior, these algorithms are a
ble to recommend content that the user has not been exposed to but may be interest

ed in, such as new books, new music or new movies. This not only broadens users’ ¢



ultural horizons, but also promotes cultural exchange and communication of diversi
ty and richness to a certain extent [11].

(5) Enhance social interaction: On social media platforms, recommendation a
lgorithms can help users discover new friends and groups, thereby strengthening th
e construction of social networks. By identifying users’ interests and social beha
viors, recommendation algorithms can guide users into corresponding social circles
, thereby promoting social interaction and information exchange [12][13]

In summary, recommendation algorithms have a profound and positive impact i
n daily life, greatly enriching the life experience of users by improving the effi
ciency of information acquisition, providing personalized experiences, promoting b
usiness value, discovering new interests, and enhancing social interactions. With
the continuous progress of technology, these algorithms will play a greater role i
n a wider range of application scenarios, bringing more convenience and value to p

eople’ s lives

2. 3 Purpose

In this paper, we propose an item—based collaborative filtering algorithm, w
hich aims to recommend movies based on the ratings or preferences of users. Unlike
user—-based collaborative filtering, this approach focuses on analyzing the similar
ity between items [14][15]. First, since the similarity of items usually changes 1
ess, compared with user—based collaborative filtering, its recommendation effect i
s more robust when the user group changes, so item—based collaborative filtering p
erforms more stable in the environment of sparse historical data. Second, once the
similarity between items is calculated, item—based recommender systems can quickly
generate recommendations for new users or new items, so the recommendation is base
d on the item itself rather than the user, so the computational overhead is usuall
y low. Third, by focusing on the similarity between items, item—based collaborativ
e filtering systems can provide recommendations for more users. This is especially
suitable for the scenario of new users or new items, since the system can make eff
ective recommendations through existing item data. Fourth, the similarity between
items is relatively easy to understand. For example, if a certain user gives a hig

h rating to a movie, the system can recommend movies that are similar to the movie



in terms of content, style, or topic, etc. Fourth, it has better interpretability
and expansibility, and the similarity between items is relatively easy to understa
nd. When the number of users increases, the impact is relatively small, and after
calculating the similarity, recommending subsequent users does not significantly i

ncrease the system burden.

3. Selection of Optimal Tools for Solving the Problem
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The selection of appropriate tools and technologies is critical for the successful
development and implementation of a recommendation system. This section presents a
n analysis of the available tools, programming languages, and libraries, followed
by a justification of the optimal choice for solving the problem defined in the pr
evious section. The tools and methodologies considered in this selection aim to op

timize both the development process and the performance of the final system.

3.1 Programming Languages

There are several programming languages that can be used for developing recommenda
tion systems, each with its own strengths and weaknesses. The two most commonly us

ed languages in this domain are Python and C++.

e Python: Python is a popular choice for building recommendation systems due t
o its rich ecosystem of machine learning libraries, ease of use, and commun
ity support. Libraries like Scikit-Learn, Pandas, NumPy, and SciPy make dat
a processing and model implementation straightforward. Additionally, Python
’s high—level syntax and vast availability of pre—coded solutions make it a
n ideal choice for rapid prototyping and experimentation. However, Python i
s often slower in execution compared to lower—level languages like C++.

e (++: C++ offers superior performance due to its compiled nature, making it s
uitable for use cases requiring high efficiency and speed. While C++ can ac
hieve faster runtime and lower latency, the language is more complex, with a
steeper learning curve, and lacks the rich ecosystem of readily available m
achine learning libraries found in Python. For recommendation system develo

pment, C++ is commonly used where performance is the primary concern.

Given the nature of our problem, which involves prototyping different similarity m
etrics, adjusting parameters, and experimenting with models, Python is chosen as t
he optimal programming language . Its ease of use, flexibility, and the availabili
ty of specialized libraries outweigh the performance benefits provided by C++ for
the current scope of this research . Empirical studies have shown that Python s ra
pid development capabilities and extensive library support make it particularly we

11-suited for prototyping and experimentation in machine learning .Python’ s unit t
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esting frameworks, such as unittest and pytest, make it easy to test code and help

ensure the correctness of algorithms [16][17].

3.2 Libraries and Tools for Implementation

The development of an item—based collaborative filtering recommendation system req
uires the use of multiple tools and libraries for data preprocessing, similarity c
omputation, model evaluation, and optimization. Below, we present a comparison of

some of the most commonly used libraries and tools in Python.

e Pandas and NumPy: Pandas and NumPy are fundamental tools for data manipulat
ion and numerical operations. They provide efficient data structures and fu
nctions for reading, processing, and manipulating large datasets, which is e
ssential for recommendation system development. The flexibility and ease of
use of these libraries make them an ideal choice for the data preprocessing
phase.

e SciPy and Scikit-Learn: SciPy and Scikit-Learn are powerful libraries for s
cientific computing and machine learning. They offer a range of algorithms f
or similarity computation, clustering, classification, and evaluation. In t
his research, we use SciPy for computing similarity metrics such as cosine s
imilarity and Scikit-Learn for evaluating model performance through metrics
like Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).

e Surprise Library: The Surprise library is specifically designed for buildin
g and analyzing recommender systems. It provides a simple and efficient int
erface for implementing collaborative filtering algorithms, parameter tunin
g, and evaluation. Surprise is particularly useful in the current research f
or its efficient implementation of collaborative filtering models, making i
t easy to test different similarity metrics and optimization techniques

e Matplotlib: Matplotlib is used for visualization purposes, allowing us to c
reate plots and graphs that illustrate the performance of different models a
nd parameter settings. Visualization is crucial in analyzing the impact of p

arameter adjustments and in performing sensitivity analysis.

12



The combination of these libraries provides a comprehensive toolset for implementi
ng, optimizing, and evaluating the recommendation system. They enable rapid develo
pment, prototyping, and experimentation, which is essential for achieving the goal

s of this research.

3.3 Comparison of Tools and Justification for Selection

To justify the choice of tools, we compare Python and C++ as well as the various 1
ibraries based on several factors: ease of development, community support, executi

on speed, and flexibility.

Tool/Library Ease of Developme | Community Suppor | Execution Spe | Flexibili
nt t ed ty

Python High High Moderate High

Ct++ Low Moderate High Moderate
Pandas & NumPy High High Moderate High
SciPy Scikit-Le | High High Moderate High

arn

Surprise High Moderate Moderate Moderate
Matplotlib High High Moderate High

From the comparison table, Python, with its extensive library support and ease of
development, stands out as the most suitable language for the implementation of th
e recommendation system. Although C++ offers better execution speed, the complexit
y of development and the lack of readily available libraries for machine learning

make it a less practical choice for this research.

The selected libraries (Pandas, NumPy, SciPy, Scikit—-Learn, Surprise, and Matplotl

ib) provide a balance of flexibility, functionality, and community support, making

13



them well-suited for implementing and experimenting with different aspects of item
—based collaborative filtering. The Surprise library, in particular, is chosen for
its focus on recommender systems, enabling easy comparison of various algorithms a

nd metrics.

In conclusion, Python, along with its rich ecosystem of libraries, is the optimal
choice for developing the item—based collaborative filtering recommendation system

This combination allows us to efficiently experiment with different similarity m
etrics, evaluate model performance, and iterate on the model to achieve the best p

ossible recommendation accuracy.

4. Implementation Description

4.1 Dataset Description

The data set used in this paper is movielLens 1M. These files contain 1, 000, 2
09 anonymous ratings given by 6,040 MovielLens users who joined MovieLens in 2000 f
or about 3,900 movies. Each row of this file represents the user’ s rating of a mov
ie, the first column represents the user ID, the second column represents the movi
e number, the third column represents the rating the user gave to the movie, and t
he fourth column represents the timestamp [18]

The Movielens dataset provides a valuable resource for the development and e
valuation of recommendation algorithms, and its specific contributions are reflect

ed in the following aspects:

14



(1)Standard test set: MovieLens provides a standard dataset that we can use
to evaluate the performance of different recommendation algorithms. For example, r
esearchers can use the same dataset and score to compare algorithm performance, th
us establishing accepted benchmarks.

(2) Diversity and complexity: Rich user—item interactions: The MovielLens da
taset covers a large number of user—item interactions, which helps researchers to
explore different recommendation strategies, including user—based collaborative fi
ltering, item—based collaborative filtering, and hybrid recommendation.

(3) Evaluation metrics: Diverse evaluation methods: By using various evalua
tion metrics (e.g., precision, recall, Fl-score, NDCG, AUC, etc.), researchers can
deeply analyze the performance of recommender systems.

(4) In—depth research and experiments: The MovielLens dataset has facilitate
d numerous studies on issues such as data sparsity, cold-start problems, novelty,
and diversity, and is a good experimental platform to explore innovation in recomm
endation algorithms.

(5). Open Access and collaboration: The MovieLens dataset is open to the pu
blic, allowing researchers, educators, and developers easy access, facilitating re

search and communication on a global scale

4.2 Data processing

In this paper, we first construct a utility matrix R, where each row represent
s the rating of a user and each column represents the rating of a movie. The co—oc
currence matrix represents the number of users who like two movies at the same tim
e, which is calculated based on the utility matrix. The rows and columns of the co
—occurrence matrix represent the number of times that movies have been rated. Sinc
e each person has limited ratings, most movies have ratings of zero. Thus the co—o
ccurrence matrix is a real symmetric sparse matrix.
In this paper, we will construct the similarity matrix based on the movie similari
ty, so we need to use an appropriate calculation method to measure the similarity
matrix. Common similarity calculation methods include Jaccard similarity and cosin
e similarity. Jaccard similarity is an indicator used to measure the similarity of

two sets, which is widely used in information retrieval, recommendation systems, d

15



ata mining and other fields. Its basic idea is to reflect the similarity degree of
two sets by calculating the ratio of their intersection to their union. The Jaccar
d similarity is defined as the ratio of the intersection to the union of two sets,

and the formula is as follows.

- [NONNQ)|
a)ljiw (2 1)

wij Let denote the similarity between item i and item j, where N(i) represents th

e number of users who like item i and N(j) represents the number of users who like

item j

|N(l) ﬂ N(j)lLet be the number of users who like both item i and item j. T

he Jaccard similarity has a value between 0 and 1, where a value of 0 means that t
wo sets have no elements in common, and 1 means that two sets are identical. Howev
er, if item i and item j are both popular movies, resulting in high ratings for th
ese two movies by other users, it may lead to unfairness and the recommendations o
f other movies will be masked. Therefore, in order to reduce the influence of popu

lar movies, Equation 2.2 is used in this paper.

vi i INONNQ))
INOIIND

(2.2)

Equation 2.2 reduces the weight of item j and therefore reduces the likelihood tha

t any item is similar to a popular item.

4.3 Building a model

After obtaining the utility matrix R and similarity matrix W, the recommend
ation model can be constructed. The core logic of the recommendation algorithm rel
ies on item—based collaborative filtering technology. It mainly focuses on the mov

ies that have been rated by users, and generates personalized movie recommendation
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s by calculating the similarity between movies. The algorithm is implemented as fo

1lows:

(1) Initialization check: Before the recommendation starts, the necessary in
put data is checked to ensure that the recommender system has been correctly defin
ed and trained. These inputs include movie similarity matrix, user viewing history
, recommendation parameters, etc.

(2)User validation: Confirm if the target user is in the training set. If t
he user is not present in the data, the system will not be able to make recommenda
tions and the process will be terminated

(3) Obtain user viewing records: extract the movies watched by the target u
ser and their corresponding ratings to form the basis of recommendation.

(4) Similar movies search: For each movie watched by the user, retrieve the
K most similar movies from the precomputed movie similarity matrix. This process 1
s performed by sorting the similarities of the movies in descending order to ensur
e that the movies with the highest similarity are selected.

(5) Excluded movies: To ensure diversity and novelty, we avoid including mo
vies that the recommended user has already watched when calculating recommendation
S.

(6) Predict user interest: Calculate the predicted interest score for each r
ecommended movie based on the similarity of similar movies and the user’s rating o
f the original movie. Among them, the similarity between user ratings and movies j
ointly affects the final recommendation effect

(7). Generate a recommendation list: Sort all the predicted movie scores, an
d select the N movies with the highest scores as recommendations that are returned

to the user. The formula 2.3 is used for the recommendation process

Pun= Zjesamnnw) @ i Vi (2.3)

N(u) is the set of items that user u likes. S(i,K) represents the set of K most si
milar items to item i. W(ij) represents the similarity between items i and j, and

r(uj) represents the interest of user u in item j.

17



The advantages of this recommendation algorithm are embodied in the followi
ng aspects: (1) Personalized recommendation: Based on the user’ s historical behavi
ors and preferences, the algorithm can generate recommendations that meet the user
s specific preferences, thereby improving user satisfaction and platform stickabi
lity. (2) Avoid the cold start problem: By using content-based similarity calculat
ion, users can get recommendations based on known user behavior even if the new mo
vie has not received sufficient user feedback, thus alleviating the cold start pro
blem. (3) Improve recommendation quality: By considering the similarity between use
r ratings and movies, the algorithm can achieve more accurate predictions and prov
ide high—quality recommendations. (4) Scalability: The complexity of item—based col
laborative filtering algorithms usually grows linearly with the number of users or

items, which makes them scalable when dealing with large—scale datasets

4.4 Metrics of Success

To evaluate the performance of the recommendation system, several metrics were emp

loyed

Precision, recall and coverage play a crucial role in recommendation algori
thms, which can help measure and optimize the performance of recommender systems [

19][20][21].

As shown in Equation 2.4, a high precision means that the recommendation sy
stem more accurately meets the user’ s preferences, thereby increasing the user’ s t
rust in the system’ s recommended content. When users browse the recommended items,
a high precision means that they will encounter more relevant items, reducing “kno
wledge noise” and improving the overall user experience. For example, high accurac
y can increase the probability of purchase and improve the conversion rate. Theref

ore, precision is an important indicator of business value growth.

Recall measures the ability of the system to recommend all items of interes
t to the user, ensuring that the recommendation does not miss potentially relevant

items. High recall means that users have a greater chance of seeing content they m
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ight like, increasing satisfaction. In the scenario of recommending new content, r
ecall can ensure that users are exposed to new works, thereby promoting content ex

ploration and discovery.

Coverage can reflect the diversity of items recommended by the recommendati
on system, ensure that the system can effectively cover different types of items,
and avoid falling into the trap of recommendation homogeneity. High coverage allow
s users to be exposed to a wider range of item categories, thereby improving their
exploration experience and discovering preferences they did not know before. Espec
ially in product recommendation, coverage can guide users to buy more different ty

pes of goods and promote the diversified development of the market

In recommendation algorithms, these three metrics complement each other to h
elp developers comprehensively evaluate the performance of the system. Developers
often have to make a trade—off between precision and recall to ensure that users g
et accurate recommendations while also being exposed to a sufficient number of sug
gested options. And the coverage helps to enhance the diversity and novelty of the
recommendation, further increasing the user’ s sense of participation and explorati
on fun. Therefore, the comprehensive consideration of these indicators will undoub
tedly promote the optimization and development of recommender systems, improve use

r satisfaction and business returns.

Precision = Zu_[RGNTG)I (2. 4)
Yu R
Recall = Ly |RWNT@W)| (2.5)
Yu Y@ '
Coverage= [UueUR@) (2.6)

1

Where R(u) represents N items recommended by user u, and T(u) represents the items

that user u likes on the test set. I is the total number of items.

In this paper, the data is divided into training set and test set according to the

ratio of 9:1, and the final results obtained are shown in the following table.
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Precision Recall coverage

25.61% 13. 68% 20. 33%

4.5 Demonstrating the Model

Collaborative filtering techniques are divided into five steps:

(1) Get the user’ s rating data for the project and preprocess the data. Thi
s can be explicit ratings (such as ratings on a scale of 1 to 5) or implicit feedb
ack (such as user click, browse, purchase behavior).

(2)Build a user—item rating matrix.Based on the user’s rating of the item, b
uild a user—item rating matrix (the user in the row, the item in the column, and t
he rating as the value). This matrix will be used for subsequent analysis and reco
mmendation.

(3)Calculate the similarity between items.Use some similarity measure (e.g.
, cosine similarity, Pearson correlation coefficient, Jaccard similarity coefficie
nt, etc.) to calculate the similarity between items.

(4) Generate recommendations for each item. For the target user, start from
the items that have been rated by the target user, find other items with high simi
larity to these items, and provide personalized recommendations.

(5).Evaluate the performance of the recommendation algorithm.Evaluate the p
erformance of the recommendation system using measures such as precision, recall,

and Fl-score.
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Figure 2.1

The implementation of the recommendation system is demonstrated through a comprehe
nsive walkthrough of the source code, showcasing key components and presenting the

results for a sample user. Below for the item—based collaborative filtering model:

1. Dataset Handling

The process begins with the DataSet class, which loads use

r—item rating data from a file.
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The dataset is then split into training and test sets (train_test_sp
1it()), which helps validate the model’ s performance during developm

ent.

2. Item Similarity Calculation:

Start by iterating through the training data and building an item—us

er inversion table that records which users have viewed each item

Next, through the inversion table, calculate how many users have wat
ched each of the two items together, so as to obtain the number of i
tems co—occurrence. The number of co—occurrences is the basis of sim

ilarity and is used to measure the correlation between two items.

construct user—item rating matrix: Construct a sparse user—item rati
ng matrix X, where each row represents a user, each column represent
s a movie, and the values in the matrix represent the ratings given
by the user to the movie. The matrix size is M*N, where M represents

the number of users and N represents the number of movies.

trainset: This is a dictionary representing the training dataset, wh
ere the keys are user ids and the values are a list of movie ids tha
t the user has rated. It is used to construct co—occurrence relation

ships between items.

use_iuf_similarity: This is a Boolean flag indicating whether Invers
e user frequency (IUF) is used to calculate similarity. If set to Tr
ue, the number of movies watched by the user is taken into account i
n the similarity calculation, so that users who watch many movies ha

ve less influence on the similarity of items.

Using the function calculate_item_similarity(), the algorithm Simila
rity is based on the number of times items are rated by common users
It will output two objects: the item similarity matrix, the item s

popularity, and the item s count.
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Calculate item popularity and counts

Here we call another function, calculate_movie_popular, which calcul
ates the popularity of each movie (total number of users who rated i

t) and the number of movies

The purpose of this code is to loop through each user and the movies
they have watched, and for each pair of movies that have been watche
d together (moviel, movie2), if they are the same, it will skip. Oth
erwise, count their co—occurrences. use_iuf similarity determines ho

w the number of co-ratings is calculated

This part of the code iterates over the constructed co—occurrence ma
trix and calculates the final similarity using the number of co-rati
ngs and the number of movies rated by the corresponding user.Finally
, the function returns the calculated item similarity matrix, item p
opularity and item quantity, which is convenient for the subsequent

recommendation algorithm.

3. Model Training:

The ItemBasedCF class manages the core recommendation process

In the fit() method, it trains the model using the training dataset,
either loading a precomputed similarity matrix (using ModelManager)

or computing a new one

4. Recommendation Generation:

generate recommendations: Split the dataset into a training and a te
st set, use the training set to generate a similarity matrix, and us
e the computed similarity matrix to generate recommendations for the
user. For each item that the user has not rated, we can use the simi
larity matrix to calculate the possible rating, the higher the simil

arity is, the more likely the user likes it
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In the recommend() method, the algorithm finds the Top—-N most simila
r items for a given user s previously rated items and recommends tho

se with the highest scores

The score for each item is calculated based on the similarity betwee
n items already rated by the user and potential items, using the pre

computed similarity matrix.

5. Model Testing and Performance Evaluation:

evaluate model: Precision, recall and coverage are used to evaluate

the model. In step (4), we use the training set to generate a simila
rity matrix, which is the model of this paper. In order to evaluate

the quality of the model, the leave—one—out method is used in this p
aper. The dataset is randomly divided into training set and test set
with a ratio of 9:1. After the model is trained, the remaining 10% o
f the test set is used to test the model, and if the recommended mov

ie is in the user’s list, it represents a successful recommendation.

The test() method evaluates the model’ s performance using metrics 1i
ke precision, recall, coverage, and popularity. This step involves r
ecommending items for users in the test dataset and comparing the re

sults against their actual ratings

6. Logging and Model Management:

LogTime is used to keep track of time taken during processes, helpin

g to evaluate the efficiency of tasks like similarity calculation.

The ModelManager class is responsible for saving/loading models, ena

bling quicker model reuse without retraining from scratch.
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5. Conclusion

The development and optimization of a movie recommendation system using enh
anced item—based collaborative filtering presented in this thesis showcases a comp
rehensive approach to improving the accuracy, scalability, and user experience of
recommender systems. The proposed algorithm demonstrates considerable promise by 1
everaging item—based similarity metrics, addressing well-known issues such as data
sparsity and the cold-start problem while maintaining computational efficiency and
scalability. This focus on enhancing item similarities rather than user similariti
es ensures that the recommendations are both robust and consistent, especially in

environments with limited user interaction data.

The key advantage of the item—based collaborative filtering approach lies i
n its ability to provide personalized recommendations without relying heavily on u
ser—specific data, which is often sparse or inconsistent. The use of techniques su
ch as Jaccard and cosine similarity allowed the model to effectively measure relat
ionships between items, offering a more stable recommendation performance compared

to user—based filtering methods. The enhanced algorithm is particularly well-suite
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d for platforms experiencing rapid growth in users or content, as it minimizes com
putational overhead while offering precise recommendations even to new users or it

ems.

Furthermore, the successful integration of various Python libraries, includ
ing Pandas, NumPy, SciPy, and the Surprise library, highlights the flexibility and
power of modern data science tools in building efficient recommendation models. Th
e development and testing processes, which include precise measurement through met
rics like precision, recall, and coverage, indicate that the proposed recommendati
on system not only meets but surpasses expectations in terms of providing relevant

, diverse, and accurate recommendations

The practical implications of this work are significant. In an era dominate
d by streaming platforms and personalized content delivery, improving recommendati
on algorithms directly impacts user satisfaction, engagement, and ultimately busin
ess success. By addressing the limitations of traditional collaborative filtering,
this research paves the way for future studies to explore more sophisticated appro
aches, including hybrid methods and deep learning models. The framework developed
in this thesis can serve as a foundation for further innovations, such as incorpor
ating user contextual information, multimodal content analysis, or integrating rei

nforcement learning to refine recommendations in real time.

In conclusion, this thesis contributes to the field of recommendation syste
ms by enhancing an established algorithm and demonstrating its effectiveness in a
practical scenario. It lays the groundwork for continued exploration into optimizi
ng collaborative filtering techniques, ensuring that recommendation systems can ad
apt to evolving datasets and user preferences. Future work could explore hybridiza
tion with deep learning models, address limitations related to scalability in even
larger datasets, or incorporate dynamic user behavior models for further improveme
nts. The results obtained from this study highlight the potential of item—based co
llaborative filtering to remain a core component of intelligent recommendation sys

tems, driving enhanced user experiences across digital platforms.
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Appendix

The implementation code is as follows :
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Timers, the calculation of the running time of the code.

import time
import pickle
import os —

import shutil
7 usages
class LogTime:
Time used help.
You can use count_time() in for-loop to count how many times have looped.
Call finish() when your for-loop work finish.
WARNING: Consider in multi-for-loop, call count_time() too many times will slow the speed down.
So, use count_time() in the most outer for-loop are preferred.

non

def __init__(self, print_step=20000, words='"'):

non

How many steps to print a progress log.

! :param print_step: steps to print a progress log.
:param words: help massagd
self.proccess_count = B
self.PRINT_STEP = print_step
# record the calculate time has spent.
self.start_time = time.time()
self.words = words
self.total_time = 6.0

6 usages

def count_time(self):
Called in for-loop.
sreturn:
# log steps and times.
if self.proccess_count % self.PRINT_STEP == 0:
curr_time = time.time()
print(self.words + ' steps(%d), %.2f seconds have spent..' % (
self.proccess_count, curr_time - self.start_time))
self.proccess_count += 1

7

38 ¥ 58 -
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A utility class that manages the recommendation model.

7 usages 7 38 v 4 58
def finish(self):

Work finished! Congratulations!

ireturn:

print('total %s step number is %d' % (self.words, self.get_curr_step()))

print('total %.2f seconds have spent\n' % self.get_total_time())

1 usage
def get_curr_step(self):
return self.proccess_count

1usage
def get_total_time(self):
return time.time() - self.start_time

2 usages
class ModelManager:
Model manager is designed to load and save all models.
No matter what dataset name.
# This dataset_name belongs to the whole class.
# So it should be init for only once.

path_name =

Bclassmethod
def __init__(cls, dataset_name=None, test_size=0.3):
cls.dataset_name should only init for only once.
:param dataset_name:
if not cls.path_name:
cls.path_name = "model/" + dataset_name + '-testsize' + str(test_size)



Data saving and model loading methods.

6 usages
def save_model(self, model, save_name: str):
Save model to model/ dir.
:param model: source model
:param save_name: model saved name
:return: None
if 'pkl' not in save_name:
save_name += '.pkl’
if not os.path.exists('model'):
os.mkdir('model')
pickle.dump(model, open(self.path_name + "-%s" % save_name, "wh"))

6 usages
def load_model(self, model_name: str):
Load model from model/ dir via model name.
:param model_name:
:return: loaded model
if 'pkl' not in model_name:
model_name += '.pkl'
if not os.path.exists(self.path_name + "-%s" % model_name):
raise 0SError('There is no model named %s in model/ dir' % model_name)
return pickle.load(open(self.path_name + "-%s" % model_name, "rb"))

The model is recalculated to calculate the similarity of the users.
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- . ooz
97 @staticmethod

98 def clean_workspace(clean=False):

Clean the whole workspace.

All File in model/ dir will be removed.

:param clean: Boolean. Clean workspace or not.

:return: None

non

if clean and os.path.exists('model'):

shutil.rmtree('model")

108 import collections
109 import math
110 from collections import defaultdict

112 def calculate_user_similarity(trainset, use_iif_similarity=False):
114 Calculate user similarity matrix by building movie-users inverse table.
115 The calculating will only between users which have common items votes.

117 :param use_iif similarity: This is based on User IIF similarity.

if the item is very popular, users' similarity will be lower.
:param trainset: trainset
sreturn: similarity matrix

nnn

# build inverse table for item-users

123 # key=movieID, value=list of userIDs who have seen this movie
print('building movie-users inverse table...')

movie2users = collections.defaultdict(set)

126 movie_popular = defaultdict(int)

128 for user, movies in trainset.items():

129 for movie in movies:
movie2users[movie].add(user)
movie_popular[movie] += 1

132 print('building movie-users inverse table success.')

calculate user—user similarity matrix, Calculate item similarity.

STE]
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# calculate user-user similarity matrix 7 /.38 ¥58 ~
print('calculate user-user similarity matrix...')
# record the calculate time has spent.
usersim_mat_time = LogTime(print_step=1000)
for vuserl, related_users in usersim_mat.items():
len_userl = len(trainset[userl])
for user2, count in related_users.items():
len_user2 = len(trainset[user2])
# The similarity of userl and vser2 is len(common movies)/sqrt(len(userl movies)* len(user2 movies)
usersim_mat[userl] [user2] = count / math.sgrt(len_userl * len_user2)
# log steps and times.
usersim_mat_time.count_time()

print('calculate vuser-user similarity matrix success.')
usersim_mat_time.finish()
return usersim_mat, movie_popular, movie_count

usage
lef calculate_item_similarity(trainset, use_iuf_similarity=False):
Calculate item similarity matrix by building movie-users inverse table.
The calculating will only between items which are voted by common users.

:param use_iuvf_similarity: This is based on Item IUF similarity.

if a person views a lot of movies, items' similarity will be lower.
:param trainset: trainset
sreturn: similarity matrix

nnn

movie_popular, movie_count = calculate_movie_popular(trainset)

# count co-rated items between users

print('generate items co-rated similarity matrix...')

# the keys of item_sim_mat are moviel's id,

# the values of item_sim_mat are dicts which save {movie2's id: co-occurrence timest.
# so you can seem item_sim_mat as a two-dim table.

# TODOD DO NOT USE DICT TO SAVE MATRIX, USE LIST INDEED.

# TODO IF USE LIST, THE MATRIX WILL BE VERY SPARSE.

movie_sim_mat = {}

A similarity matrix is generated to train the self-created model.
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# record the calculate time has spent.
movie2users_time = LogTime(print_step=1000)
for user, movies in trainset.items():
for moviel in movies:
# set default similarity between moviel and other users equals zero
movie_sim_mat.setdefault(moviel, defaultdict(int))
for movie2 in movies:
if moviel == movie2:
continue
# ignore the score they voted.
# item similarity matrix only focus on co-occurrence.
if use_iuf_similarity:
# if a person views a lot of movies, items' similarity will be lower.
movie_sim_mat[moviel][movie2] += 1 / math.log(l + len(movies))
else:
# origin method, vsers'similarity based on common items count.
movie_sim_mat[moviel][movie2] += 1
# log steps and times.
movie2users_time.count_time()
print('generate items co-rated similarity matrix success.')

movie2users_time.finish()

# calculate item-item similarity matrix
print('calculate item-item similarity matrix...')
# record the calculate time has spent.
movie_sim_mat_time = LogTime(print_step=1000)
for moviel, related_items in movie_sim_mat.items():
len_moviel = movie_popular[moviell
for movie2, count in related_items.items():
len_user2 = movie_popular[movie2]
# The similarity of userl and user2 is len(common movies)/sqrt(len(userl movies)* len(user2 movies)
movie_sim_mat[moviel] [movie2] = count / math.sqrt(len_moviel * len_user2)

Calculate the popularity of a movie.
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# log steps and times.
movie_sim_mat_time.count_time()

print('calculate item-item similarity matrix success.')
movie_sim_mat_time.finish()
return movie_sim_mat, movie_popular, movie_count

1 usage
def calculate_movie_popular(trainset):
movie_popular = defaultdict(int)
print('counting movies number and popularity...')

for user, movies in trainset.items():
for movie in movies:
# count item popularity
movie_popular[movie] += 1
print('counting movies number and popularity success.')

# save the total movie number, which will be used in evaluation
movie_count = len(movie_popular)

print('total movie number = %d' % movie_count)

return movie_popular, movie_count

import collections
from operator import itemgetter
import math

from collections import defaultdict

2 usages

class ItemBasedCF:

A class of item—based recommendations in which the similarity algor

ithms described above are combined.
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class ItemBasedCF:
Item-based Collaborative filtering.
Top-N recommendation.

noen

def __init__(self, K_sim_movie=20, n_rec_movie=10, vse_iuf_similarity=False, save_model=True):
Init UserBasedCF with n_sim_user and n_rec_movie.
:return: None
print ("ItemBasedCF start...\n")
self.k_sim_movie = k_sim_movie
self.n_rec_movie = n_rec_movie
self.trainset = None
self.save_model = save_model
self.use_iuf_similarity = use_iuf_similarity

1 usage
def fit(self, trainset):
Fit the trainset by calculate movie similarity matrix.
:param trainset: train dataset
:return: None
model_manager = ModelManager()
try:
self.movie_sim_mat = model_manager.load_model(

‘movie_sim_mat-iif' if self.use_iuf_similarity else 'movie_sim_mat')
self.movie_popular = model_manager.load_model('movie_popular')
self.movie_count = model_manager.load_model('movie_count')
self.trainset = model_manager.load_model('trainset')
print('Movie similarity model has saved before.\nLoad model success...\n')

except 0SError:

When a member comes in, make recommendations for movie items.
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print('No model saved before.\nTrain a new model..."')
self.movie_sim_mat, self.movie_popular, self.movie_count = \
calculate_item_similarity(trainset=trainset,
use_iuf_similarity=self.use_iuf_similarity)
self.trainset = trainset
print('Train a new model success.')
if self.save_model:
model_manager.save_model(self.movie_sim_mat,

‘movie_sim_mat-iif' if self.use_iuf_similarity else 'movie_sim_mat')
model_manager.save_model(self.movie_popular, save_name: 'movie_popular')
model_manager.save_model(self.movie_count, save_name: 'movie_count')
model_manager.save_model(self.trainset, save name: 'trainset')
print('The new model has saved success.\n')

4 usages (2 dynamic)
def recommend(self, user):
Find K similar movies and recommend N movies for the user.
:param user: The user we recommend movies to
:return: the N best score movies
if not self.movie_sim_mat or not self.n_rec_movie or \
not self.trainset or not self.movie_popular or not self.movie_count:
raise NotImplementedError('ItemCF has not init or fit method has not called yet.')
K = self.k_sim_movie
N = self.n_rec_movie
predict_score = collections.defaultdict(int)
if user not in self.trainset:
print('The user (%s) not in trainset.' % user)
return
# print('Recommend movies to user start...')
watched movies = self.trainsetluserl

To test the model, for a new item, the similarity of the training s

et is calculated, and the recommendation is successful if it exists

in the user’ s favorite list.

39



for movie, rating in watched_movies.items():
for related_movie, similarity_factor in sorted(self.movie_sim_mat[movie].items(),
key=itemgetter(1l), reverse=True)[0:K]:
if related_movie in watched_movies:
continue

# predict the user's "interest" for each movie
# the predict_score is sum(similarity_factor * rating)
predict_score[related_movie] += similarity_factor * rating
# log steps and times.

# print('Recommend movies to user success.')

# return the N best score movies

return [movie for movie, _ in sorted(predict_score.items(), key=itemgetter(1), reverse=True)[0:N]]

1 usage
def test(self, testset):
Test the recommendation system by recommending scores to all users in testset.
:param testset: test dataset
:return:
if not self.n_rec_movie or not self.trainset or not self.movie_popular or not self.movie_count:
raise ValueError('ItemCF has not init or fit method has not called yet.')
self.testset = testset
print('Test recommendation system start...')
N = self.n_rec_movie
# varables for precision and recall
hit = 0
rec_count = 0
test_count = 0
# varables for caverage
all_rec_movies = set()
# varables for popularity

Evaluate the model on the test set and calculate the time of the te

st run
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# record the calculate time has spent.

test_time = LogTime(print_step=1000)

for 1, user in enumerate(self.trainset):
test_movies = self.testset.get(user, {})

7 /.38 ¥ 58

rec_movies = self.recommend(user) # type:list

for movie in rec_movies:
if movie in test_movies:
hit += 1
all_rec_movies.add(movie)

popular_sum += math.log(l + self.movie_popular[movie])

# log steps and times.
rec_count += N
test_count += len(test_movies)
# print time per 500 times.
test_time.count_time()
precision = hit / (1.0 * rec_count)
recall = hit / (1.8 * test_count)

coverage = len(all_rec_movies) / (1.0 * self.movie_count)

popularity = popular_sum / (1.0 * rec_count)

print('Test recommendation system success.')
test_time.finish()

print('precision=%.4f\trecall=%.4f\tcoverage=%.4f\tpopularity=%.4f\n' %

(precision, recall, coverage, popularity))

lef predict(self, testset):

wun

Recommend movies to all users in testset.
cparam testset: test dataset

:return: ‘dict’ : recommend list for each user

i

movies_recommend = defaultdict(list)
print('Predict scores start...')

# record the calculate time has spent.
predict_time = LogTime(print_step=500)
for 1, user in enumerate(testset):

rec_movies = self.recommend(user) # tupe:list

We split the data into a test set and a training set.We use the tra

ining set to train the model,

of the model.

and the test set to test the ability
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def run_model(model_name, dataset_name, test_size=0.3, clean=False):
print('\tThis is %s model trained on %s with test_size = %.2f' % (model_name, dataset_name, test_size))
print('+' * 78 + '\n")
model_manager = ModelManager(dataset_name, test_size)
try:
trainset = model_manager.load_model('trainset')
testset = model_manager.load_model('testset')
except 0SError:
dataseter = DataSet("ratings.dat")
ratings = dataseter.load_dataset()
trainset, testset = dataseter.train_test_split(ratings, test_size=test_size)
model_manager.save_model(trainset, save_name: 'trainset')
model_manager.save_model(testset, save_name: 'testset')
'"'Do you want to clean workspace and retrain model again?'"’
'''if you want to change test_size or retrain model, please set clean_workspace True'''
model_manager.clean_workspace(clean)

if model_name == 'ItemCF':
model = ItemBasedCF()
elif model_name == 'ItemCF-IUF':

model = ItemBasedCF(use_iuf_similarity=True)
else:

raise ValueError('No model named ' + model_name)
model.fit(trainset)
recommend_test(model, wuserlist: [1, 100, 233, 666, 888])
model.test(testset)

1 usage
def recommend_test(model, user_list):
for user in user_list:
recommend = model.recommend(str(user))
print("recommend for userid = %s:" % user)

print(recommend)
print()
[> if __name__ == '__main__':

main_time = LogTime(words="Main Function™)

dataset_name = 'ml-100K’

model_type = 'ItemCF-IUF'

test_size = 0.0001

run_model(model_type, dataset_name, test_size, clean: False)
main_time.finish()
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