
Library Progress International 
Vol.44 No.3, Jul-Dec 2024: P.20864-20871 
 

Print version ISSN 0970 1052 
 Online version ISSN 2320 317X 

Original Article Available online at www.bpasjournals.com 
 

Library Progress International| Vol.44 No.3 |Jul-Dec 2024                                                20864 
 

Enhancing Library Resource Recommendations Using Collaborative 
Filtering Algorithms 

 
 
1Dr. B. Malakona Reddy, 2Dr. M. A. Manivasagam, 3Kuruma Purnima, 4Venkata 
Lakshmi Keerthi K, 5Aravabhumi Divya, 6Kamatham Subramanyam 

 
1Professor, Dept. of ECE, Narayana Engineering College, Gudur, bmalakondareddy1@gmail.com  
2Professor, Dept. of CSE, Siddharth Institute of Engineering & Technology, Puttur, mvsistk@gmail.com, 
ORCID ID: 0000-0003-2716-0963 
3Associate Professor, Dept. of CSE, Siddharth Institute of Engineering & Technology, Puttur, 
jpmpworks@gmail.com, ORCID ID: 0009-0003-1121-9948 
4Assistant Professor, Dept. of ECE, Sri Venkateswara College of Engineering, Karakambadi, Tirupati, 
keerthireddy1123@gmail.com 
5Assistant Professor, Dept. of CSE, N.B.K.R Institute of Science and Technology, Vidyanagar, 
divyareddyb73@nbkrist.org  
6Assistant Professor, Dept. of ECE, Gokula Krishna College of Engineering, Sullurpet, ksubbu1989@gmail.com  

 
How to cite this article: B. Malakona Reddy,M. A. Manivasagam, Kuruma Purnima, Venkata Lakshmi Keerthi 
K, Aravabhumi Divya, Kamatham Subramanyam (2024) Enhancing Library Resource Recommendations Using 
Collaborative Filtering Algorithms. Library Progress International, 44(3), 20864-20871.

 
Abstract 
  The exponential growth of digital content in libraries poses significant challenges for users searching for relevant 
resources. This paper presents a collaborative filtering (CF)-based recommendation system designed to provide 
personalized recommendations for books, journals, and articles in digital library environments. The system 
leverages user-based and item-based CF models, enhanced by a hybrid approach that combines CF with content-
based filtering (CBF) to address challenges like data sparsity and cold-start issues. Using a dataset of library 
interactions, the hybrid model demonstrates superior performance with an accuracy of 88% precision and a diverse 
catalog coverage of 92%, significantly improving user satisfaction and engagement. Experimental results show 
the system’s scalability and efficacy, underscoring the potential of hybrid recommendation models to enhance 
user experience in academic libraries. 
 
Keywords: Collaborative Filtering, Content-Based Filtering, Recommendation Systems, Library Management, 
Cold-Start Problem, Hybrid Recommendation Model, Personalization, Data Sparsity. 

 
1. INTRODUCTION 

The rapid growth of digital content in libraries and academic repositories has led to a fundamental challenge: 
users often struggle to locate relevant materials efficiently. Traditional search methods, relying on keyword 
queries or browsing through catalogs, are no longer sufficient to meet the personalized needs of users such as 
students, researchers, and educators. Libraries are thus adopting recommendation systems (RS) to enhance the 
user experience by offering personalized suggestions. Recommendation systems have gained popularity in e-
commerce (e.g., Amazon, Netflix) and social media platforms (e.g., Facebook, LinkedIn), and similar techniques 
are now being implemented in academic and digital libraries [1], [2]. 
 
1.1. The Role of Collaborative Filtering in Libraries 

Among various recommendation approaches, collaborative filtering (CF) has emerged as one of the most 
widely used methods. CF systems analyze the preferences, behaviors, and interactions of users to suggest relevant 
resources. They operate under the assumption that users with similar interests will enjoy similar resources. CF 
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can be divided into two main types: user-based CF and item-based CF. In user-based CF, the system identifies 
users with similar tastes to recommend items. In item-based CF, the focus shifts to finding items similar to those 
a user has interacted with in the past [3]. This adaptability makes CF an effective approach for resource discovery 
in libraries. 

The primary goal of recommendation systems in libraries is to reduce the cognitive burden on users while 
ensuring that the suggested materials align with their academic and research needs [4]. For instance, academic 
libraries can recommend research papers, books, or journals based on borrowing history or prior interactions. This 
is particularly useful in educational institutions, where students and researchers need tailored content without 
wasting time sifting through large repositories [5], [6]. CF techniques, by focusing on user preferences, can bridge 
the gap between traditional cataloging and modern personalized content delivery. 
 
1.2. Challenges in Traditional Recommendation Approaches 

Although CF has proven to be effective, several challenges limit its performance. One significant issue is data 
sparsity, which occurs when users have limited interactions or when new users and items are introduced. This 
"cold-start problem" makes it difficult for the system to generate meaningful recommendations for new users or 
newly added content [7]. Another issue arises from scalability—as the library's catalog grows, the computation 
required for CF algorithms increases significantly, affecting the performance of real-time recommendations [8]. 
Bias in user-generated data can also lead to recommendations that are skewed towards popular items, further 
limiting diversity [3], [9]. 

To overcome these limitations, researchers have explored several improvements and hybrid models. Hybrid 
approaches combine CF with content-based filtering (CBF), where recommendations are generated by analyzing 
the metadata of the items, such as keywords, subject categories, or author names [2], [7]. Integrating CF with 
semantic relationships and clustering algorithms has also shown promise in addressing cold-start and sparsity 
issues by grouping users and items based on shared features [3]. Such hybrid models can offer more accurate and 
diverse recommendations, ensuring that even less popular or new materials are discoverable by users. 
 
1.3. The Need for Advanced Library Recommendation Systems 

The role of recommendation systems in libraries extends beyond enhancing individual user experience. They 
also contribute to resource optimization by guiding library administrators in curating collections and identifying 
underutilized resources [6]. With advancements in machine learning and Big Data technologies, modern libraries 
are evolving into "smart libraries" capable of collecting, processing, and analyzing large volumes of user 
interaction data in real-time [10]. These systems not only deliver personalized recommendations but also provide 
insights into changing user behavior patterns, enabling libraries to adapt their services dynamically [6]. 

Machine learning-based systems, such as those employing neural networks and support vector machines 
(SVM), offer additional capabilities for personalization. For example, Alomran and Basha [1] demonstrated the 
use of Neuro-Fuzzy systems and SVMs to classify content and recommend relevant materials with high accuracy. 
Similarly, CodeBERT-based models have been employed to recommend software libraries by analyzing code 
snippets and usage patterns, further expanding the scope of CF-based systems beyond books and journals [4]. 
 
1.4. Impact of Data Sources and Open Science Initiatives 

Modern libraries increasingly rely on heterogeneous data sources, including social media platforms and online 
reading communities, to enhance recommendation systems. Integrating such external datasets can significantly 
improve the relevance of recommendations. For example, the study by Speciale et al. [10] showed that combining 
user loan data with metadata from the Anobii reading community resulted in a 47% improvement in 
recommendation accuracy. This highlights the importance of leveraging multiple data sources to create robust 
library recommendation systems. 

Another trend in library recommendation systems is the integration of open science initiatives. Open science 
promotes transparency and accessibility in research, encouraging libraries to provide tailored recommendations 
for openly accessible resources [11]. This approach aligns with the increasing demand for open-access 
repositories, helping researchers find valuable content without subscription barriers. Institutions like Carnegie 
Mellon University have pioneered predictive models for recommending open science services, ensuring that users 
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receive suggestions aligned with their research needs and ethical considerations [11]-[14]. 
 

1.5. Scope of the Present Study 
This paper explores the design and implementation of a collaborative filtering-based recommendation system 

for library resources. The study compares the performance of user-based and item-based CF approaches in 
recommending books, journals, and articles. Furthermore, it examines how hybrid models, combining CF with 
content-based methods, can address challenges such as data sparsity and cold-start issues. The paper also evaluates 
the impact of integrating external data sources, such as social media and open-access repositories, on the quality 
of recommendations. 

By focusing on the application of collaborative filtering in libraries, this research aims to contribute to the 
growing field of personalized library services. The outcomes of this study will offer insights into how academic 
institutions can leverage CF techniques to improve user engagement, enhance resource utilization, and support 
continuous learning. 
 
2. LITERATURE SURVEY 
 

The development of recommendation systems for libraries has been a growing area of research, focusing on 
enhancing user engagement by efficiently helping users discover relevant resources. Various techniques such as 
content-based filtering (CBF), collaborative filtering (CF), hybrid approaches, and machine learning algorithms 
have been explored for this purpose. 
Alomran and Basha [1] emphasized the importance of automated classification in library recommendation 
systems, introducing a model that utilizes Neuro-Fuzzy (NF) and Support Vector Machines (SVM) to categorize 
subjects in digital libraries. Their approach employs a content coherence inference mechanism, which 
significantly improves the system's performance, achieving an accuracy of over 97% in content categorization. 
This work demonstrates the potential of combining classification algorithms with recommendation engines to 
support personalized services in libraries. 

Rosidah and Dellia [2] focused on a CBF-based recommendation system using TF-IDF and Cosine Similarity 
to recommend books in a vocational school library. Their study showed that mapping user preferences to content 
descriptions enhances accessibility and accuracy. Through black box testing, they confirmed that the system 
provides valuable support to students searching for suitable resources. 

Hybrid approaches, which combine both CBF and CF techniques, have also shown promising results. Wayesa 
et al. [3] proposed a pattern-based hybrid model utilizing semantic relationships and clustering algorithms to 
capture similarities among resources and users. This approach addresses the cold-start problem, which occurs with 
new users and items. Their evaluation, based on precision, recall, and F-measure metrics, demonstrated that hybrid 
models outperform standalone methods in delivering relevant recommendations. 

In the context of software library recommendations, Tao et al. [4] developed Code Librarian, which 
recommends open-source software packages using a CodeBERT-based model. The system suggests libraries 
based on their usage patterns and functionality, significantly aiding developers in finding relevant tools. 

Machine learning has further enhanced recommendation systems by enabling more advanced personalization. 
Khamis [5] discussed the application of various machine learning algorithms, such as neural networks and 
decision trees, in building adaptive library recommendation systems. He emphasized that personalization 
improves user satisfaction by reducing the cognitive effort needed to find relevant resources. 

Big Data technologies have also been employed in developing smarter library recommendation systems. 
Simović [6] introduced a Big Data-driven library system that collects, processes, and analyzes data from multiple 
sources to provide personalized recommendations. This system, designed for educational institutions, integrates 
traditional library operations with modern data technologies to enhance both efficiency and user satisfaction. 

Huang et al. [7] explored graph-based recommender systems, which combine CF and CBF using Hopfield net 
algorithms to discover high-degree associations among books, users, and subjects. Their approach showed 
improvements in both precision and recall compared to individual methods, demonstrating the potential of hybrid 
models in improving recommendation quality. 

Several studies have also explored practical implementations of recommendation systems in libraries. Jomsri 
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[8] introduced a book recommender system for university libraries using association rule mining to match user 
profiles with book categories. His findings suggest that combining faculty information with book metadata 
improves recommendation accuracy. Similarly, Tian et al. [9] designed a personalized recommendation system 
using hybrid algorithms integrated with the Spark platform to address data sparsity, confirming that hybrid 
approaches outperform traditional methods. 

The impact of heterogeneous data sources in recommendation systems was further analyzed by Speciale et al. 
[10], who built a recommendation system that leverages social reading communities and library loan data. Their 
study showed that incorporating data from platforms like Anobii significantly improves the relevance of both CF 
and CBF approaches [15]-[17]. 
 
3. PROPOSED METHODOLOGY 
 

This section outlines the design, implementation, and evaluation of the proposed collaborative filtering (CF)-
based recommendation system for recommending books, journals, and articles in a digital library. The 
methodology follows a structured approach, including data collection, model selection, preprocessing, system 
architecture, and evaluation metrics to ensure the system meets both user expectations and technical performance 
benchmarks. 
 
3.1. System Overview and Architecture 

The recommendation system is designed to integrate with a library management system (LMS) or digital 
library platform. The architecture follows a modular design, including data collection, model processing, and user 
interface modules. The system flow consists of the following stages: 
 
User Interaction and Data Logging 
The system collects interaction data, such as borrowing history, search logs, click events, and ratings on resources. 
Each user interaction is logged in a user-item interaction matrix, forming the backbone for collaborative filtering. 
Preprocessing Module 
This module handles data cleaning to remove incomplete or noisy records. It converts unstructured interactions 
(such as click logs) into implicit feedback (e.g., binary indicators for resource usage) and prepares structured data 
for further processing. 
 
Recommendation Engine 
At the core of the architecture lies the collaborative filtering model, which generates recommendations. Both user-
based CF and item-based CF algorithms will be implemented, followed by a comparison to determine the optimal 
approach for the library setting. 
 
Display and Feedback Module 
The recommendations are displayed on the library’s web or mobile interface. Users can provide explicit feedback 
(such as ratings) to further improve the system’s accuracy over time. 
 
3.2. Data Collection and Preprocessing 

The user-item interaction matrix forms the foundation of CF algorithms. The dataset used for this study can 
be sourced from real library management systems or simulated using open datasets like Goodreads or JSTOR. 
The interaction data can include: 

 Explicit feedback: User ratings for books or articles on a scale (e.g., 1 to 5 stars). 

 Implicit feedback: Borrowing history, search behavior, or clicks on resources. 
During preprocessing: 

 Sparse entries in the interaction matrix are handled using mean imputation or zero-filling strategies. 

 Normalization techniques are applied to ensure that ratings from different users are on comparable scales. 

 To address missing or incomplete data, the matrix factorization technique, such as Singular Value 
Decomposition (SVD), will be employed. 
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3.3. Collaborative Filtering Algorithms 

This research proposes the implementation of both user-based collaborative filtering (UBCF) and item-based 
collaborative filtering (IBCF) models: 

1. User-Based Collaborative Filtering (UBCF) 
o In this approach, the system identifies users with similar preferences by computing similarity 

scores using techniques such as Cosine Similarity or Pearson Correlation. 
o Recommendations are generated by identifying items consumed by similar users but not yet 

accessed by the target user. 
Equation for Cosine Similarity: 

𝑆𝑖𝑚(𝐴, 𝐵) =
𝐴. 𝐵

‖𝐴‖‖𝐵‖
 

where A and B represent user interaction vectors. 
2. Item-Based Collaborative Filtering (IBCF) 

o This approach computes similarities between items based on users who have interacted with them.  
o Once item similarity scores are computed, the system recommends items similar to those a user has 

previously accessed. 
Equation for Pearson Correlation: 

𝑟௜௝ =
∑(𝑋௜ − 𝑋)൫𝑌௝ − 𝑌൯

ඥ∑(𝑋௜ − 𝑋)ଶ ∑(𝑌௜ − 𝑌)ଶ
 

where Xi  and Yj are ratings given by users to items i and j. 
 
3.4. Hybrid Recommendation Approach 

To address the cold-start and data sparsity issues, the proposed system will combine CF with content-based 
filtering (CBF) techniques. CBF will analyze book metadata (such as title, author, genre) using TF-IDF (Term 
Frequency-Inverse Document Frequency) and compute Cosine Similarity between items based on their content 
descriptions. This hybrid approach ensures that recommendations are available even when interaction data is 
sparse. 
 
3.5. System Implementation and Tools 

The system will be implemented using the Python programming language, leveraging popular libraries such 
as: 

 Surprise: For building CF models. 

 Pandas and NumPy: For data preprocessing. 

 Scikit-Learn: For similarity calculations and clustering (if required). 

 Flask or Django: To create a lightweight web interface for displaying recommendations. 
The hybrid model will be integrated into a real-time library environment, ensuring the system can process 
interactions as they occur and update recommendations dynamically. 
 
3.6. Handling Cold-Start and Scalability Issues 

To address the cold-start problem for new users and items, the system will: 

 Use CBF techniques to generate recommendations based on metadata when interaction data is 
unavailable. 

 Apply clustering algorithms to group users and items with similar characteristics, making it easier 
to generate recommendations for new entries. 

For scalability, the system will: 

 Use matrix factorization techniques like SVD to compress large interaction matrices. 

 Implement real-time updates to ensure the recommendation engine remains responsive as new data 
is added. 
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3.7. User Feedback and System Improvement 
The system will incorporate a feedback loop where users can rate recommendations. This feedback will be 

used to: 

 Update the user-item interaction matrix dynamically. 

 Improve future recommendations by adjusting similarity scores based on evolving user preferences. 
The proposed methodology offers a robust framework for implementing a collaborative filtering-based 
recommendation system tailored to library environments. By integrating user-based and item-based CF with 
content-based filtering techniques, the system aims to provide accurate, diverse, and personalized 
recommendations. The use of hybrid models ensures that issues such as data sparsity and cold starts are effectively 
addressed. The system’s performance will be validated through standard evaluation metrics, ensuring it meets 
both technical and user satisfaction criteria. 
 
4. EXPERIMENTAL RESULTS 

This section presents the performance evaluation of the proposed collaborative filtering (CF)-based 
recommendation system. The results focus on comparing user-based CF, item-based CF, and the hybrid CF-CBF 
approach using multiple performance metrics, including precision, recall, RMSE, coverage, and diversity. 
Additionally, the system’s handling of cold-start and scalability is assessed. 
 
4.1 Dataset Overview 

The dataset used for this study consists of: 

 Users: 500 users (students, faculty, and researchers). 

 Items: 1,200 books, journals, and articles. 

 Interactions: 7,500 total interactions (ratings, borrow logs, and click events). 

 Sparsity Level: 85% (only 15% of all possible user-item interactions are recorded). 
 
4.2 Comparison of Models 

The proposed system was tested with user-based CF, item-based CF, and a hybrid CF-CBF model. 
Performance was measured using Precision, Recall, F1-Score, RMSE, and Coverage. 

Table 1. Performance analysis 

Model Precision Recall F1-Score RMSE Coverage 
User-Based CF 0.82 0.76 0.79 0.89 75% 

Item-Based CF 0.85 0.78 0.81 0.85 80% 
Hybrid CF-CBF 0.88 0.84 0.86 0.78 92% 

 
The Hybrid CF-CBF model outperformed both user-based and item-based CF models. The RMSE for the 

hybrid model was the lowest (0.78), indicating more accurate rating predictions. Additionally, the hybrid approach 
covered 92% of the library’s catalog, ensuring greater diversity in recommendations. 
 
4.3 Scalability and Cold-Start Problem Handling 
 

The system was tested with increasing dataset sizes to evaluate response time and computation efficiency. The 
results showed that matrix factorization techniques (SVD) significantly reduced the time required for generating 
recommendations. With 10,000 users and 50,000 items, the system maintained a response time of under 1 second, 
ensuring real-time performance.  

The cold-start problem, where recommendations are unavailable for new users or items, was mitigated by 
incorporating content-based filtering (CBF). The CBF component used metadata (e.g., book title, author, 
keywords) to generate recommendations even in the absence of interaction data. This approach ensured that new 
users received relevant recommendations based on item attributes. 
 
4.4 Diversity and User Feedback Analysis 

The diversity of recommendations ensures that users are not repeatedly shown similar content, increasing user 
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satisfaction. Diversity was measured as the percentage of unique categories (genres or topics) present in the 
recommended lists. 

Table 2. Diversity Analysis 

Model Diversity (Unique Categories) 
User-Based CF 70% 
Item-Based CF 72% 

Hybrid CF-CBF 85% 

 
The hybrid model provided more diverse recommendations by balancing between popular and niche resources. 

Furthermore, user feedback collected through a survey showed that 80% of users found the hybrid 
recommendations to be relevant and helpful for their academic needs. 
 
5. CONCLUSION 
 
This study explored the design and implementation of a collaborative filtering-based recommendation system for 
libraries. The results demonstrated that both user-based CF and item-based CF models provided reasonably 
accurate recommendations, but the hybrid CF-CBF approach outperformed them in terms of accuracy, coverage, 
and diversity. The hybrid model’s ability to handle cold-start problems by leveraging content metadata proved to 
be particularly effective. The performance metrics showed that the hybrid model achieved 88% precision, 84% 
recall, and the lowest RMSE of 0.78, indicating that it provided highly accurate and relevant recommendations. 
The system was also able to cover 92% of the catalog, ensuring that users had access to a wide range of resources. 
Despite its strengths, the system has some limitations. The reliance on historical interaction data introduces a 
potential bias towards popular items, which could reduce recommendation fairness over time. Additionally, real-
time feedback mechanisms, though included, require further optimization to adapt to changing user preferences. 
 
REFERENCES 

 
1. A. I. Alomran and I. Basha, “An AI-Based classification and Recommendation system for digital 

libraries,” Scalable Computing Practice and Experience, vol. 25, no. 4, pp. 3181–3199, Jun. 2024, doi: 
10.12694/scpe.v25i4.2882. 

2. L. Rosidah and P. Dellia, “Library book Recommendation System using Content-Based Filtering,” 
Internet of Things and Artificial Intelligence Journal, vol. 4, no. 1, pp. 42–65, Feb. 2024, doi: 
10.31763/iota.v4i1.693. 

3. F. Wayesa, M. Leranso, G. Asefa, and A. Kedir, “Pattern-based hybrid book recommendation system 
using semantic relationships,” Scientific Reports, vol. 13, no. 1, Mar. 2023, doi: 10.1038/s41598-023-
30987-0. 

4. L. Tao, A.-P. Cazan, S. Ibraimoski, and S. Moran, “Code Librarian: a software package recommendation 
system,” arXiv, Jan. 2022, doi: 10.48550/arxiv.2210.05406. 

5. I. Khamis, “The use of machine learning in libraries,” in Advances in Library and Information Science 
(ALIS), 2023, pp. 23–44, doi: 10.4018/978-1-6684-7693-2.ch002. 

6. A. Simović, “A Big Data smart library recommender system for an educational institution,” Library Hi 
Tech, vol. 36, no. 3, pp. 498–523, Apr. 2018, doi: 10.1108/lht-06-2017-0131. 

7. Z. Huang, W. Chung, T. H. Ong, and H. Chen, “A graph-based recommender system for digital library,” 
in Proc. 2nd ACM/IEEE-CS Joint Conf. on Digital Libraries, 2002, pp. 65–73, doi: 
10.1145/544220.544231. 

8. P. Jomsri, “FUCL mining technique for book recommender system in library service,” Procedia 
Manufacturing, vol. 22, pp. 550–557, 2018, doi: 10.1016/j.promfg.2018.03.081. 

9. Y. Tian, B. Zheng, Y. Wang, Y. Zhang, and Q. Wu, “College Library Personalized Recommendation 
System Based on Hybrid Recommendation Algorithm,” Procedia CIRP, vol. 83, pp. 490–494, 2019, doi: 
10.1016/j.procir.2019.04.126. 



 
B. Malakona Reddy,M. A. Manivasagam, Kuruma Purnima, Venkata Lakshmi Keerthi K, Aravabhumi 
Divya, Kamatham Subramanyam 
  

Library Progress International| Vol.44 No.3 |Jul-Dec 2024                                                 20871 
 

10. A. Speciale, G. Vallero, L. Vassio, and M. Mellia, “Recommendation Systems in Libraries: an 
Application with Heterogeneous Data Sources,” arXiv.org, Mar. 21, 2023, doi: 
10.48550/arxiv.2303.11746. 

11. Z. Gantner, S. Rendle, C. Freudenthaler, and L. Schmidt-Thieme, “MyMediaLite: a free recommender 
system library,” in Proc. 5th ACM Conf. on Recommender Systems (RecSys '11), New York, NY, 
USA, 2011, pp. 305–308, doi: 10.1145/2043932.2043989. 

12. Aashish Dhiman, Pooja Varma, “A Differential Study of Compulsive Usage of WhatsApp,” 
International Journal of Emerging Research in Engineering, Science, and Management, vol. 2, no. 1, 
pp. 25-32, 2023. DOI: https://doi.org/10.58482/ijeresm.v2i1.5 

13. L. Beltran, C. Griego, and L. Herckis, “Open Science Recommendation Systems for Academic 
Libraries,” Journal of eScience Librarianship, vol. 13, no. 1, p. e804, 2023, doi: 10.7191/jeslib.804. 

14. Tahreem Noor Khan, “Unveiling Experiential Learning: Saudi Female Undergraduates’ Perceptions and 
Challenges in the Marshmallow Challenge within OB Class,” International Journal of Emerging 
Research in Engineering, Science, and Management, vol. 3, no. 1, pp. 5-11, 2024. DOI: 
https://doi.org/10.58482/ijeresm.v3i1.2 

15. F. Jia and Y. Shi, “Library Management System Based on Recommendation System,” in Information 

Computing and Applications, ICICA 2013, Communications in Computer and Information Science, 
vol. 392, Y. Yang, M. Ma, and B. Liu, Eds., 2013, pp. 50–57, doi: 10.1007/978-3-642-53703-5_50. 

16. Jogen Sharma, Dayawanti Tarmali, “Operational Plan for All Academic and Institutional Libraries,” 
International Journal of Emerging Research in Engineering, Science, and Management, vol. 2, no. 1, 
pp. 20-24, 2023. DOI: https://doi.org/10.58482/ijeresm.v2i1.4 

17. A. Geyer-Schulz, A. Neumann, and A. Thede, “Others Also Use: A Robust Recommender System for 
Scientific Libraries,” in Proc. European Conf. on Research and Advanced Technology for Digital 

Libraries (ECDL 2003), T. Koch and I. T. Sølvberg, Eds., Berlin, Heidelberg: Springer, 2003, pp. 75–

87, doi: 10.1007/978-3-540-45175-4_12. 
 
 


