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 Recommendation systems have become an essential tool for delivering 

personalized experiences across various industries, such as e-commerce, 

education, media, and entertainment. These systems help filter vast amounts of 

data, offering tailored suggestions based on user preferences. This literature 

survey examines the methodologies used in recommendation systems, focusing 

on collaborative filtering, content-based filtering, and hybrid models. It 

highlights recent advancements such as artificial intelligence (AI), machine 

learning, and clustering techniques that improve recommendation accuracy and 

relevance. The survey also addresses common challenges like data sparsity, cold 

start, and the long-tail effect, exploring how modern algorithms seek to resolve 

these issues. By evaluating research across different domains, this survey provides 

insight into the future of recommendation systems and their role in enhancing 

user satisfaction and engagement. 
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Introduction 

The development of recommendation systems has 

become a critical component across various industries, 

playing a pivotal role in enhancing user experiences 

and engagement. From e-commerce and online 

education to media and entertainment, 

recommendation systems are employed to manage the 

overwhelming amount of information and offer 

personalized content tailored to user preferences. This 

paper explores different recommendation systems and 

methodologies like collaborative filtering, content-

based filtering, and hybrid approaches, each 

addressing specific challenges such as data sparsity, 

cold starts, and the long-tail effect. Also, recent 

advancements like integrating artificial intelligence 

(AI), machine learning, and clustering techniques to 

optimize the accuracy and relevance of 

recommendations. This paper reviews a collection of 

research papers, exploring the use of recommendation 

systems in diverse applications, highlighting the 

methodologies and algorithms used, their advantages, 

and the challenges they aim to resolve. 



Volume 10, Issue 8, November-December-2024 | http://ijsrcseit.com 

Tejas Pawar et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol., November-December-2024, 10 (8) : 169-182 

 

 

 

 
170 

Literature Survey 

The paper [1] presents an exploration of the use of 

collaborative filtering (CF) in a catering 

recommendation system. The focus is on improving 

traditional CF algorithms by enhancing the cosine 

similarity formula, adding time threshold parameters, 

and re-weighting based on shared user items. The 

paper emphasizes the importance of personalization 

in catering, where the recommendation of dishes 

based on user preferences leads to customer retention 

and satisfaction. It discusses challenges such as 

seasonal preferences and dish pairing, which affect 

the recommendation's relevance over time. 

The paper [2] proposes a collaborative filtering 

recommendation (CFR) algorithm tailored to 

agricultural product recommendations. The focus is 

on e-commerce systems where user preferences for 

specific agricultural products are analyzed. The 

recommendation system attempts to overcome the 

challenges posed by diverse, region-specific 

agricultural products. It also addresses data sparsity by 

combining information from multiple fields, 

enhancing prediction accuracy and user coverage. 

The paper [3] focuses on designing a course 

recommendation system using collaborative filtering 

(CF) to help learners navigate massive online course 

offerings. The paper addresses the common 

shortcomings of traditional recommendation systems 

like lack of personalization, the "long-tail" problem, 

and cold start issues. It explores both User-based CF 

(UserCF) and Item-based CF (ItemCF) to personalize 

course recommendations based on learning history 

and user preferences. 

The paper [4] delves into the integration of artificial 

intelligence (AI) technologies into recommendation 

systems, specifically within the film and television 

industry. The research focuses on enhancing 

recommendation accuracy and user satisfaction by 

utilizing AI-based prediction methods. It tackles the 

problem of "information overload" caused by massive 

content available on platforms and seeks to provide 

personalized recommendations that cater to 

individual user preferences. 

The paper [5] focuses on developing hybrid 

recommendation systems that use clustering 

techniques and advanced algorithms to tackle the 

issue of limited data in collaborative filtering. By 

integrating FCM clustering with the Slope One and 

FSUBCF algorithms, it aims to enhance the 

effectiveness and accuracy of personalized 

recommendations, providing a robust solution to one 

of the key challenges in recommendation systems. 

The paper [6] focuses on analyzing user behavior to 

suggest content that aligns with individual tastes, and 

the Look-alike algorithm, which recommends items 

based on similar users' preferences. The K-means 

algorithm is used to cluster users or items into groups 

based on similarity, improving personalization. This 

hybrid approaches such as combining Look-alike and 

K-means algorithms, can further enhance 

recommendation accuracy. 

The paper [7] focuses on graduate employment 

recommendation systems underscores the growing 

need for personalized job matching in response to 

changing job market dynamics. Traditional 

employment systems, which rely on static 

information from graduates, often provide outdated or 

irrelevant recommendations, limiting their 

effectiveness. By integration of AI, particularly 

machine learning, to enhance job recommendations 

by analyzing large datasets and tailoring suggestions 

to individual graduate profiles. Machine learning 

algorithms can process various data points, such as 

skills and past experiences, to offer more accurate 

recommendations. 

The paper [8] presents personalized recommendation 

systems for smart libraries, highlighting the shift from 

generic services to tailored experiences based on user 

behavior. By employing algorithms like collaborative 

filtering, content-based filtering, and hybrid 

approaches, libraries can make more relevant 

recommendations. Understanding user behavior and 

tracking interactions are crucial for refining these 
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algorithms. Performance metrics focus on minimizing 

errors and ensuring user satisfaction to maintain trust 

and enhance the overall experience. 

The paper [9] offers a comprehensive overview of 

recommendation systems, emphasizing their role in 

providing personalized experiences across domains 

like e-commerce, social media, and entertainment. By 

leveraging user behavior, preferences, and 

interactions, recommendation systems mitigate the 

issue of information overload, enhancing user 

engagement. The paper classifies these systems into 

three main types: collaborative filtering (both user-

based and item-based), content-based filtering, and 

hybrid approaches. A hybrid movie recommendation 

system is presented, combining collaborative filtering 

and content-based techniques to improve accuracy 

and diversity. The analysis highlights the importance 

of refining recommendation algorithms for optimal 

performance. 

The paper [10] addresses personalized 

recommendation systems for media, particularly on 

social networks like Weibo. The growing abundance 

of online information presents challenges for users in 

filtering relevant content, which personalized systems 

aim to resolve. The study highlights the effectiveness 

of various algorithms, including collaborative filtering, 

content-based filtering, hybrid systems, and social 

network-based approaches, with an emphasis on 

network algorithms. These systems enhance user 

experiences by delivering more accurate, personalized 

media content while minimizing irrelevant and 

redundant information. The research focuses on 

improving media recommendations through a 

combination of network algorithms and user behavior 

analysis. 

In paper [11], recommendation systems are explored 

in the context of enhancing user experiences in e-

commerce, media streaming, and social networking 

platforms. It categorizes the systems into content-

based filtering, collaborative filtering, hybrid 

approaches, and AI-driven systems. AI-based systems, 

utilizing deep learning, natural language processing 

(NLP), and reinforcement learning, are particularly 

noted for their ability to identify complex patterns in 

user behavior, significantly improving the scalability 

and adaptability of recommendations. The paper 

emphasizes that combining these advanced 

techniques enhances the accuracy and relevance of 

the recommendations, ensuring higher user 

satisfaction. 

The paper [12] focuses on the development and 

optimization of music recommendation systems, 

which tailor music suggestions based on individual 

preferences, listening history, and demographic 

information. These systems utilize collaborative 

filtering, content-based filtering, and hybrid models 

to personalize the user experience, fostering music 

discovery. By continuously learning from user 

interactions and updating recommendations in real-

time, the system ensures dynamic and relevant music 

curation. The study underscores the need for 

precision and adaptability in music recommendation 

systems to maximize user engagement and satisfaction. 

In this paper [13], Traditional collaborative filtering 

(CF) algorithms, which rely on user-item interactions 

to make recommendations, often struggle with issues 

such as accuracy and data sparsity. To address these 

limitations, various enhancements have been 

proposed, including the use of fuzzy clustering. Fuzzy 

clustering allows for more flexible grouping of items, 

enabling better handling of overlapping and 

ambiguous user preferences. Prior research has shown 

that integrating fuzzy clustering into CF algorithms 

can reduce the influence of irrelevant factors and 

improve recommendation accuracy. Studies have 

demonstrated that these hybrid methods outperform 

traditional CF by offering more precise and 

personalized recommendations, particularly when 

evaluated through simulation tools like MATLAB, 

which highlight their superiority in terms of accuracy 

and performance in personalized service 

recommendations. 

In this paper [14], Traditional methods like 

collaborative filtering (CF) and matrix decomposition 
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have been widely used, but they often fail to capture 

the nuanced preferences of users in specific contexts. 

Recent advancements have integrated decision tree 

models and user context to enhance recommendation 

accuracy. Decision trees help classify users based on 

situational factors, while matrix decomposition breaks 

down user-item interactions for more personalized 

suggestions. Prior studies have demonstrated that 

combining these approaches can refine 

recommendation accuracy, particularly by filtering 

suggestions in multiple stages according to user-

specific situations. This method has been shown to 

outperform conventional CF and matrix 

decomposition alone by accounting for contextual 

preferences, leading to more precise and relevant 

financial product recommendations. 

The paper [15] addresses distance education has seen 

significant growth with the rise of the internet, but 

personalized learning services remain a challenge. 

Traditional recommendation systems in education 

often lack the ability to cater to individual learner 

needs effectively. To address this, rough set theory 

has been explored as a solution for clustering learners 

based on their behavior and characteristics. Previous 

research highlights that rough sets can effectively 

handle uncertainty and imprecision in user data, 

making them suitable for creating personalized 

educational content. Personalized recommendation 

systems in distance education can analyze learner 

data—such as registration info and browsing 

behavior—to predict potential needs and offer 

tailored content. By clustering learners and providing 

customized teaching strategies, rough set-based 

models enhance the level of personalization in 

distance education. Studies have demonstrated that 

such algorithms improve user engagement and loyalty 

by delivering more relevant recommendations, 

surpassing conventional approaches in terms of 

adaptability and accuracy. 

The paper [16], Modern recommendation systems 

leverage big data technology to analyze vast amounts 

of user information, such as mobile app access logs, to 

provide more accurate and personalized suggestions 

for products and services. These systems enhance user 

engagement and improve marketing effectiveness. 

Previous studies have explored various optimization 

techniques, including machine learning algorithms 

and predictive models, to improve recommendation 

accuracy in big data environments. In sectors like 

movie streaming, these systems analyze user behavior 

to offer more relevant recommendations, and similar 

frameworks are being applied in other industries to 

optimize user experience. The research emphasizes 

the importance of continuously refining big data 

algorithms to enhance system performance and user 

satisfaction. 

 

Algorithm’s Used in that Paper 

The paper [1], paper [2], and paper [3] implements an 

algorithm that helps recommend items (in this case, 

dishes) to users by looking at what other similar users 

liked. Think of it like this: if you and another person 

share similar tastes and often enjoy the same dishes, 

this system will suggest new dishes based on what the 

other person liked but you haven’t tried yet. The key 

idea here is finding users who share similar 

preferences by checking how many dishes both users 

liked. The system uses something called Jaccard 

Similarity to compare the overlap between the dishes 

you both have enjoyed. So, if two people have a lot of 

shared favorites, it’s a good bet that they’ll like more 

of the same dishes. Another algorithm it uses is 

ItemCF shifts that focus to the items themselves—in 

this case, the dishes. Instead of comparing users, it 

looks at the relationships between different dishes. 

The system checks what dishes are often ordered 

together by many users. For example, if lots of people 

who ordered dish A also ordered dish B, then these 

dishes are considered similar. So, if you’ve ordered 

dish A, the system will recommend dish B because 

many other people have enjoyed both. Cosine 

Similarity helps the system measure how closely 

related these dishes are, based on how many users 

liked them both. 
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The paper [2] also uses the Jaccard Similarity to 

calculate the similarity between items by finding the 

overlap between users who interacted with both. For 

example, if 80% of users who bought Product A also 

bought Product B, the two products are considered 

highly similar. This method helps in identifying 

which agricultural products should be recommended 

together. 

The paper [3] also uses Multi-Process Optimization as, 

for large datasets, traditional training of collaborative 

filtering algorithms can be slow. This paper 

introduces a multi-process optimization technique, 

where the training process is parallelized across 

multiple CPU cores. This significantly reduces the 

time required to build the model, making it scalable 

for platforms with many users and courses. 

The paper [4] implements an algorithm designed to 

assist parents in selecting appropriate content for their 

children by providing age-based suitability ratings. 

This approach offers a valuable tool for filtering 

content, ensuring that it aligns with the 

developmental and emotional needs of children, and 

supports parents in making informed decisions 

regarding their children's media consumption. 

Pajkovic N introduces a context-aware matrix 

factorization algorithm aimed at improving 

recommendation accuracy in mobile environments. 

By integrating situational factors such as location, 

time, and device usage, the algorithm delivers more 

precise recommendations tailored to the user's 

specific context, thereby enhancing user satisfaction 

in dynamic settings. Zhou Huan applies sentiment 

analysis and probabilistic language models to film 

recommendation systems. By leveraging real-time 

user review data from platforms like Rotten Tomatoes, 

Zhou’s algorithm analyzes sentiment and language 

patterns to offer more accurate film recommendations 

compared to traditional methods. Lastly, Li X 

develops a recommendation system grounded in data 

mining techniques, focusing on reducing the error 

rate and the time required for generating content 

suggestions. By processing large datasets efficiently, 

this system addresses common limitations of existing 

recommendation algorithms, improving both speed 

and accuracy. 

Algorithm used in paper [5] is Hybrid collaborative 

filtering recommender framework that is the 

combination of FCM clustering, the Slope One 

algorithm, and the FSUBCF algorithm which 

addresses the data sparseness problem commonly 

faced in traditional collaborative filtering systems. By 

leveraging the strengths of each algorithm, the 

framework aims to provide more accurate and 

personalized recommendations, ultimately improving 

user satisfaction and engagement. 

The paper [6] shows the uses of combination of two 

algorithms which are Look-alike and K-means 

Algorithm. The Look-alike algorithm leverages user 

data to identify individuals with similar preferences, 

helping to recommend music based on the tastes of 

users with comparable profiles and K-means 

algorithm classifies users and music into clusters based 

on shared characteristics and preferences. 

The paper [7] uses a range of recommendation 

algorithms, such as collaborative filtering, content-

based filtering, or hybrid approaches, to match 

graduates with suitable job openings based on their 

profiles and preferences. It also employs machine 

learning techniques to analyze job-seeking data from 

graduates, enhancing the accuracy of 

recommendations. This includes using supervised 

learning methods for classification and clustering 

algorithms to group similar job profiles and candidates. 

The paper [8] utilizes a blend of recommendation 

algorithms to enhance personalization in smart 

libraries. This includes collaborative filtering, which 

recommends resources based on the preferences of 

similar users, and content-based filtering, which 

suggests items based on the characteristics of 

resources users have previously interacted with. To 

refine these recommendations, the paper also employs 

user behavior analysis techniques, using data mining 

methods and analytics tools to gather insights into 
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user preferences by tracking interactions with library 

resources. 

The paper [9] utilizes a hybrid recommendation 

algorithm that merges content-based 

recommendations and collaborative filtering 

approaches to enhance the performance of movie 

recommendations. Content-based filtering 

recommends movies by analyzing the characteristics 

of items, such as genres, directors, or release dates, 

aligning them with the user’s historical preferences. 

For instance, if a user enjoys romantic comedies, the 

system recommends similar films. The algorithm also 

incorporates user-based collaborative filtering, which 

identifies users with similar tastes and suggests movies 

liked by one but not yet seen by the other. Lastly, 

item-based collaborative filtering recommends movies 

based on similarities between items rated by users, 

helping discover content similar to those previously 

enjoyed. This hybrid approach mitigates the 

limitations of individual algorithms, improving 

recommendation accuracy by combining these 

techniques. 

The paper [10] implements a network-based 

recommendation algorithm, combining several 

modules to offer personalized media content on social 

platforms. It begins with media data acquisition, 

where user behavior data is collected via web crawlers. 

This data, including user activity, is processed to 

recommend relevant content in the personalized 

recommendation module, employing a similarity 

algorithm to match user preferences with marketing 

content. A graph-based social recommendation 

algorithm is also used, where users and content are 

modeled as nodes, and interactions are represented as 

edges, leveraging these patterns for recommendations. 

Additionally, a domain-based social recommendation 

approach predicts content within specific interest 

domains (e.g., sports or food), while a social tag-based 

algorithm uses attributes like age, gender, and tags to 

enhance personalization. 

The paper [11] presents a user-based collaborative 

filtering algorithm, enhanced by artificial intelligence 

(AI) techniques, for generating personalized 

recommendations. The algorithm calculates user 

similarity using methods such as Pearson correlation, 

clustering users with similar behavior patterns to 

recommend items based on the preferences of like-

minded individuals. It also adapts over time by 

incorporating changes in user interests, using a non-

linear model to adjust recommendations as 

preferences evolve. Moreover, AI-based systems, 

including deep learning and natural language 

processing (NLP), are applied to handle large-scale 

data, overcoming challenges like sparse data and cold-

start issues, and providing more refined 

recommendations based on complex user behavior 

patterns. 

The paper [12] leverages Particle Swarm Optimization 

(PSO) as a method to optimize music 

recommendations by modeling each recommendation 

as a particle in a swarm. PSO iteratively adjusts each 

particle’s position, considering both personal and 

global best solutions, based on user interactions like 

song plays and click rates. The fitness of each particle 

is evaluated to provide personalized recommendations. 

This technique is favored for its simplicity and 

flexibility, making it effective in managing complex 

optimization tasks for music recommendations. While 

Ant Colony Optimization (ACO) is mentioned for 

comparison, PSO proves to be more efficient in 

dynamic environments like music streaming, where 

user preferences frequently change. 

The paper [13] uses a collaborative filtering 

recommendation algorithm enhanced by fuzzy 

clustering. Fuzzy clustering is first applied to group 

items based on shared characteristics in an e-

commerce context, reducing noise and irrelevant 

factors in the recommendation process. This 

clustering helps optimize the system by more 

accurately grouping items that align with user 

preferences, which improves the quality of 

personalized recommendations. 

The paper [14] implements a hybrid recommendation 

method combining decision trees, user context, and 



Volume 10, Issue 8, November-December-2024 | http://ijsrcseit.com 

Tejas Pawar et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol., November-December-2024, 10 (8) : 169-182 

 

 

 

 
175 

matrix decomposition. Initially, matrix decomposition 

is used to generate a preliminary list of financial 

product recommendations based on scenario 

preferences. This list is then refined through a two-

stage filtering process that incorporates user-specific 

contextual information obtained from a decision tree-

based classification model. 

The paper [15] implements an algorithm that starts by 

clustering learners using rough set theory to group 

users with similar characteristics and needs. It then 

tailors teaching strategies and content to these clusters, 

enhancing the personalization of distance education. 

The approach involves analyzing user-project 

relationships through a matrix and using rough set 

theory to extract and interpret patterns and rules from 

this data, enabling more precise recommendations. 

This method aims to improve the quality of 

personalized services and user satisfaction in distance 

education by addressing the limitations of traditional 

recommendation systems. 

The paper [16] uses an algorithm that focuses on 

optimizing big data recommendation systems by 

leveraging user access log information from mobile 

applications. The core algorithm involves analyzing 

and processing large-scale user interaction data to 

provide tailored recommendations for functions, 

products, and services. The system uses advanced data 

processing techniques to extract patterns and 

preferences from extensive logs, enhancing the 

accuracy and efficiency of recommendations. This 

approach is applicable to various industries such as e-

commerce, tourism, healthcare, and education. The 

optimization measures discussed aim to improve the 

performance of recommendation systems by 

incorporating specific algorithms and techniques to 

better handle big data challenges. 

 

Literature Survey Table 

Sr. No. Title and Authors Conference/Journal 

Name and Publication Year Topic 

Reviewed/Algorithms or Methodology Used

 Advantages and Disadvantages 

1. Application Research of Collaborative Filtering 

Algorithm in Catering Recommendation System 

Bingxian Fan, Jingyao Hu 2023 International 

Conference on Natural Computation, Fuzzy Systems, 

and Knowledge Discovery (ICNC-FSKD), IEEE Topic: 

User-based Collaborative Filtering (UserCF), Item-

based Collaborative Filtering (ItemCF), Improved 

Cosine Similarity Advantages: -Personalized 

recommendations, - Time-sensitive recommendations, 

- Reduces influence of popular items  

Disadvantage:  - Struggles with seasonality of dishes 

- Challenges with dish pairing 

2. Agricultural Product Recommendation Model 

and E-Commerce System Based on CFR 

Algorithm 

Tungchun Chen, Yushen Liang, Tienshou Huang, 

Juichan Huang, Chengju Liu 2022 IEEE 2nd 

International Conference on Electronic Technology, 

Communication, and Information (ICETCI) Topic: 

- Collaborative Filtering (UserCF and ItemCF) 

- Jaccard Similarity, Cosine Similarity, Pearson 

Correlatio Advantages: - Wide product coverage 

- High recommendation accuracy - Handles regional 

differences 

Disadvantage:  - Data sparsity for niche products - 

Low short-term prediction accuracy 

3. A Course Recommendation System Based on 

Collaborative Filtering Algorithm 

Mengya Tan, Li Shi 2023 International Conference 

on Cognitive Computing and Complex Data (ICCD), 

IEEE Topics: - User-based Collaborative Filtering 

(UserCF) 

- Item-based Collaborative Filtering (ItemCF) 

- Multi-Process Optimization Advantages: - Solves 

cold start for new users 

- Balances recall, precision, and coverage 

Disadvantage: - Lower accuracy for complex learning 

preferences 

- Requires optimization for personalized needs 

4. “Artificial Intelligence Prediction Technology in 

Intelligent Recommendation Algorithms for Film 

and Television”, Jiaqi Li 2024 Second 
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International Conference on Data Science and 

Information System (ICDSIS), Sept. 10-12, 2024

 Artificial Intelligence prediction technology 

for movie recommendations. Methods include 

machine learning, big data analysis, and 

collaborative filtering for user behavior 

prediction and personalized recommendations.

 Advantages: - Highly accurate 

recommendations with 96.4% accuracy. - 

Enhanced recommendation diversity with an 

index of 0.95. - Real-time recommendations 

improve user engagement. 

Disadvantage: - Computationally complex due to 

multimodal fusion and real-time processing.  

- Struggles with cold start problem. - High scalability 

requirements for larger datasets. 

5. Collaborative Filtering Recommendation 

Combining FCM and Slope One Algorithm 

Author: Yan Ying, Yan Cao 2015 International 

Conference on Informative and Cybernetics for 

Computational Social Systems (ICCSS) Topic: Hybrid 

collaborative filtering recommender consists of FCM 

clustering, the Slope One algorithm, and the FSUBCF 

algorithm Advantages: Improves 

recommendation accuracy. 

Disadvantages: Complex to implement and maintain 

also struggles with the cold start problem. 

6. Design of a Music Recommendation System 

Based on Look-alike and K-means Algorithms 

Author: Dajun Zeng 2023 International Conference 

on Evolutionary Algorithms and Soft Computing 

Techniques (EASCT) Topic: Recommendation 

system that effectively utilizes the Look-alike and K-

means algorithms to enhance personalized 

recommendations Advantages: Improves the 

accuracy and relevance of music recommendations. 

Disadvantages: Both algorithms face challenges with 

data quality—Look-alike may lead to generic 

recommendations, and K-means requires predefined 

clusters 

7. Design of Intelligent Recommendation System 

for Graduate Employment Based on Artificial 

Intelligence 

Author: Zhijie Lan 2023 International Conference 

on Evolutionary Algorithms and Soft Computing 

Techniques (EASCT) Topic: Intelligent 

recommendation system for graduate employment 

that leverages artificial intelligence to enhance job 

matching for graduates. Advantages: Improves 

job recommendation accuracy and personalization. 

Disadvantages: The system faces challenges with data 

quality, algorithmic biases, and model interpretability. 

8. Design of Personalized Book Recommendation 

System for Smart Library Based on 

Recommendation Algorithm and User Behavior 

Analysis 

Author: Jia Liu 2024 International Conference on 

Electrical Drives, Power Electronics & Engineering 

(EDPEE) Topic: Personalized recommendation 

system for smart libraries, demonstrating significant 

improvements in error handling and user experience.

 Advantages: The system effectively 

personalizes library services, reduces error rates, and 

enhances user satisfaction. 

Disadvantages: Challenges include addressing data 

sparsity, the cold start problem, and the complexity of 

accurately capturing and analyzing user behavior. 

9. Intelligent Movie Recommendation System 

Based on Hybrid Recommendation Algorithms. 

 2023 International Conference on Ambient 

Intelligence, Knowledge Informatics and Industrial 

Electronics (AIKIIE) 1)Hybrid recommendation 

system combining Content-Based (CB), Item-Based 

Collaborative Filtering (Item-Based CF), and User-

Based Collaborative Filtering (User-Based CF) 

 

2)Utilizes Spark technology to handle large-scale user 

data 

 Advantages:  Achieves higher accuracy (81%) 

compared to traditional CB, Item-Based CF, and User-

Based CF 
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Disadvantages: Challenges remain in adapting the 

system to more complex user groups and larger 

datasets 

10. Media Personalized Recommendation System 

Based on Network Algorithm 

Author: Wendan Jiang 2022 IEEE 6th Advanced 

Information Technology, Electronic and Automation 

Control Conference (IAEAC) The paper focuses on 

designing a media personalized recommendation 

system based on network algorithms to help users 

filter through vast amounts of information, 

particularly on platforms like Weibo. The study 

employs a user interest model to recommend relevant 

content, utilizing a network algorithm to analyze and 

predict user preferences. Advantages: The 

system effectively increases the relevance of 

recommendations with a 79.7% correspondence rate 

between recommendations and user interests. 

Disadvantages: The study focuses mainly on one 

platform (Weibo), which may limit its generalizability 

to other platforms or contexts. 

11. Personalized Recommendation Algorithm for 

Electronic Commerce Based on Artificial 

Intelligence Technology Conference: 2023 

International Conference on Integrated 

Intelligence and Communication Systems 

(ICIICS) The paper reviews a personalized 

recommendation algorithm for e-commerce 

using artificial intelligence (AI) technologies. It 

compares collaborative filtering algorithms with 

AI-driven techniques, including deep learning, 

natural language processing, and reinforcement 

learning, to enhance the efficiency of product 

recommendations. The system leverages user 

behavior data, such as browsing and purchase 

history, to optimize recommendations.

 Advantages:  AI-based algorithms improved 

recommendation accuracy by 8.26%, enhancing 

the shopping experience. 

Disadvantages:  Collaborative filtering algorithms are 

still less accurate in handling less popular or 

heterogeneous products. 

12. Research and Implementation of Music 

Recommendation System Based on Particle 

Swarm Algorithm 

Na Li, Lanzhou Resources & Environment Voc-Tech 

College, China 2024 IEEE International Conference 

on Information Technology, Electronics, and 

Intelligent Communication Systems (ICITEICS), 

Karnataka, India This paper addresses the use of 

Particle Swarm Optimization (PSO) in enhancing the 

accuracy and performance of music recommendation 

systems. The methodology compares PSO with the 

ant colony algorithm, emphasizing PSO's swarm 

intelligence for improving music recommendations.

 Advantages: Higher accuracy compared to 

traditional methods like the ant colony algorithm. 

Disadvantages: Potential computational complexity 

due to larger swarm sizes. 

13. Research on Collaborative Filtering 

Recommendation Algorithm based on Fuzzy 

Clustering  

Author: Ying Wang  2023 3rd International 

Conference on Smart Generation Computing, 

Communication and Networking (SMART GENCON)

 This paper uses a collaborative filtering 

recommendation algorithm enhanced by fuzzy 

clustering. Fuzzy clustering is first applied to group 

items based on shared characteristics in an e-

commerce context, reducing noise and irrelevant 

factors in the recommendation process.

 Advantages: Enhanced accuracy of 

recommendations, Reduces interference factors. 

Disadvantages: Complexity of clustering, requires 

tuning, may struggle with diverse user data 

14. Research on New Economic Marketing Model 

System Based on Computer Intelligent 

Recommendation Algorithm 

Author: Yuanyuan Jiang 2024 IEEE 3rd 

International Conference on Electrical Engineering, 

Big Data and Algorithms (EEBDA) This paper 

implements a hybrid recommendation method 

combining decision trees, user context, and matrix 

decomposition.  
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Advantages: Improved accuracy of financial product 

recommendations, Effective situational cognition. 

Disadvantages: Complexity in combining decision 

trees with matrix decomposition, may need accurate 

classification models. 

15. Research on Personalized Recommendation 

Algorithm of Modern Distance Education System 

Based on Rough Set 

Author: Shuaiwei Zheng 2023 International 

Conference on Telecommunications, Electronics and 

Informatics (ICTEI) This paper implements 

algorithm that starts by clustering learners using 

rough set theory to group users with similar 

characteristics and needs. It then tailors teaching 

strategies and content to these clusters, enhancing the 

personalization of distance education. Advantages: 

Enhanced personalization in distance education, 

improved service based on learner characteristics. 

Disadvantages: Complexity in clustering, may face 

challenges with noisy or incomplete data, scalability 

issues. 

16. Research on Personalized Tourism Intelligent 

Recommendation System Based On Data Analysis 

Algorithm 

Author: Yadi Liu 2022 International Conference 

on Artificial Intelligence of Things and Crowdsensing 

(AIoTCs) This paper uses algorithm that focuses 

on optimizing big data recommendation systems by 

leveraging user access log information from mobile 

applications. The core algorithm involves analyzing 

and processing large-scale user interaction data to 

provide tailored recommendations for functions, 

products, and services. The system uses advanced data 

processing techniques to extract patterns and 

preferences from extensive logs, enhancing the 

accuracy and efficiency of recommendations.

 Advantages : Effective use of big data to 

improve recommendation accuracy; Versatile 

application across industries. 

Disadvantages : Handling large data volumes, privacy 

and security concerns, scalability and real-time 

processing challenges. 

Challenges And Limitations Of Each Paper 

The paper [1] highlights the challenge of adapting to 

seasonal preferences, where users' dining habits 

change throughout the year, making it difficult to 

maintain consistent recommendation accuracy. 

Additionally, it struggles with dish pairing, as users 

often order complementary items that are not 

accounted for in the recommendation model. The 

system’s improvements in similarity calculations are 

beneficial, but they do not fully address these issues. 

The paper [2] addresses data sparsity, especially for 

niche agricultural products that have fewer user 

interactions, affecting recommendation accuracy. The 

recommendation system also faces challenges related 

to the diversity of region-specific agricultural 

products, complicating the process of building a 

globally applicable system. Furthermore, the short-

term prediction accuracy remains low, particularly for 

newer products or trends that have limited historical 

data. 

The paper [3] struggles with the cold start problem, 

particularly when it comes to less popular or niche 

courses that lack sufficient user interaction data. 

Although the system uses popular course 

recommendations to mitigate this, it still faces 

challenges in recommending diverse content. 

Additionally, the long-tail problem causes the system 

to prioritize a small number of popular courses, 

reducing the visibility of a broader range of options. 

The complexity of user preferences in niche topics 

further reduces accuracy. 

The paper [4] addresses several challenges, primarily 

stemming from the limitations of user interaction data. 

The system faces difficulties with the cold start 

problem, which affects recommendation accuracy 

when there is limited historical data available, 

particularly for new users or newly released content. 

Furthermore, the integration of multiple algorithms 

and the use of multimodal fusion increases 

computational complexity, making the system more 

resource-intensive and difficult to implement and 

maintain on a larger scale. Scalability remains a 
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concern as larger datasets could slow down processing 

and hamper the system's overall performance. 

Additionally, the system struggles to adapt to rapidly 

evolving user preferences, making it difficult to 

maintain recommendation relevance in dynamic 

environments. The hybrid nature of the algorithms 

also poses interpretability challenges, which can 

hinder transparency and user trust. 

The paper [5] addresses the issue of limited data and 

still struggling with minimal user-item interactions, 

affecting recommendation accuracy. The complexity 

of integrating multiple algorithms (FCM clustering, 

Slope One, FSUBCF) adds challenges to 

implementation and maintenance. Scalability is a 

concern as larger datasets may slow down the system. 

The system is also struggling to adapt to evolving user 

preferences, and its hybrid nature can make 

interpretability difficult. 

In paper [6] Look-alike algorithm faces challenges due 

to its dependence on the quality and quantity of user 

data; sparse or unrepresentative data can result in 

inaccurate recommendations. The K-means algorithm 

requires predefining the number of clusters, which 

can be challenging and may affect recommendation 

quality if the clusters are poorly chosen. 

The paper [7] shows that Recommendation algorithms 

face challenges related to the quality and diversity of 

input data; if the data is too homogeneous or sparse, it 

can lead to inaccurate or irrelevant job suggestions. 

These algorithms may also struggle with the cold start 

problem, where new graduates or job openings lack 

sufficient data for accurate recommendations. 

The paper [8] highlights the challenges faced by 

recommendation algorithms, such as data sparsity, 

particularly with collaborative filtering, where new 

users or resources may not have enough interaction 

data, leading to the cold start problem. Content-based 

filtering also has limitations, as it may not capture the 

full range of user interests due to its reliance on past 

interactions, potentially resulting in a narrow set of 

recommendations. 

The paper [9] discusses Collaborative Filtering (CF) 

challenges, including the sparsity problem, where 

limited user-item interactions reduce 

recommendation accuracy. The cold start problem 

affects new users/items without sufficient data. 

Scalability issues arise as datasets grow. In content-

based filtering, the lack of recommendation diversity 

and feature extraction challenges limit the algorithm. 

In hybrid systems, there’s increased algorithm 

complexity, the difficulty of balancing algorithms, 

and the need for extensive data and computational 

resources. 

The paper [10] addresses data sparsity and noisy data 

in personalized recommendation algorithms for social 

networks. The cold start problem limits 

recommendation accuracy for new users. Graph-based 

algorithms face challenges in scalability and updating 

graphs due to the dynamic nature of social networks. 

Bias towards popular content reduces diversity, while 

overfitting to specific domains limits cross-domain 

recommendations. Tag-based algorithms suffer from 

tag accuracy issues and limited recommendation scope. 

The paper [11] focuses on user-based collaborative 

filtering, which struggles with cold-start problems 

and heterogeneous items. Scalability becomes a 

challenge as user numbers grow, and popularity bias 

affects recommendation quality. In user-interest-

based filtering, non-linear modeling adds complexity, 

and time-sensitive data requires frequent updates. AI-

based systems face data dependency and technical 

complexity, with cost and real-time adaptation posing 

additional limitations. 

The paper [12] highlights challenges in Particle 

Swarm Optimization (PSO), such as sensitivity to 

parameter settings and overfitting to recent data. Ant 

Colony Optimization (ACO) struggles with slow 

performance in dynamic environments and local 

optima issues. Both algorithms face the cold start 

problem, relying heavily on historical data. The filter 

bubble effect limits diversity in recommendations, 

while data sparsity reduces system performance in 

both PSO and ACO. 
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The paper [13] includes dealing with data sparsity, 

high computational complexity due to clustering, and 

ensuring that the fuzzy clustering algorithm is 

properly tuned to handle diverse user behavior. 

Additionally, while it improves accuracy, the 

algorithm may struggle with scalability and the cold 

start problem where new users or items lack sufficient 

data for reliable recommendations. 

The paper [14] includes the complexity of integrating 

decision trees with matrix decomposition, potential 

issues with data sparsity in scenario preferences, and 

the need for accurate classification models to 

effectively capture user context. Additionally, 

ensuring scalability and handling the cold start 

problem for new users or products can also pose 

difficulties. 

The paper [15] includes the complexity of accurately 

clustering learners with diverse needs, which can be 

computationally intensive. Additionally, the 

effectiveness of the algorithm heavily relies on the 

quality and completeness of the user-project 

relationship matrix, which may not always capture all 

relevant interactions or preferences. The rough set 

theory itself may struggle with handling noisy or 

incomplete data, potentially impacting the accuracy 

of the recommendations. Furthermore, the scalability 

of the algorithm to handle large datasets and diverse 

learner profiles remains a concern, as does the 

integration of real-time user behavior analysis for 

dynamic recommendations. 

The paper [16] discusses handling the vast volume and 

variety of data, which can strain computational 

resources and impact system performance. Ensuring 

data privacy and security is a significant concern, as 

collecting and analyzing user data poses risks of 

breaches and misuse. Additionally, the complexity of 

integrating diverse data sources and maintaining 

system accuracy while scaling can be difficult. The 

effectiveness of recommendation algorithms may also 

be hindered by data sparsity and the need for real-

time processing, which can lead to issues with 

recommendation relevance and user satisfaction. 

Conclusion 

In summary, the review of various recommendation 

systems illustrates the wide array of algorithms and 

techniques used across different domains, each 

addressing unique challenges like personalization, 

data sparsity, and cold start issues. Collaborative 

filtering, whether user-based or item-based, remains a 

dominant approach, often enhanced through methods 

such as clustering, hybrid models, and AI integration. 

The continuous evolution of these systems, including 

the incorporation of big data, AI, and machine 

learning, demonstrates their critical role in refining 

the user experience by providing highly relevant and 

personalized content. As industries continue to adapt 

these technologies, the future of recommendation 

systems will likely see further optimization, ensuring 

greater user satisfaction and engagement. 
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