
 
Information Research - Vol. 31 No. 3 (2026) 

Information Research, Vol. 31 No. 3 (2026) 

384 

Enhancing library book recommendations using 
clustering and association rule mining 

 Komgrit Rumdon, Siriwan Kajornkasirat, and Nathaphon Boonnam 

DOI: https://doi.org/10.47989/ir31363451  

Abstract 
Introduction. This study investigates library user clusters to improve book 
recommendations. Data on daily borrowing behaviours from 2020 to 2025 were 
collected from the Prince of Songkla University, Pattani Campus library. 

Method. Users were clustered using K-means. The optimal number of clusters was 
selected via the elbow method combined with silhouette scores. Borrowing-pattern 
relationships were analysed using association rule mining with the FP-Growth 
algorithm (minimum support 15%, minimum confidence 90%). 

Analysis. The study examined the distribution of borrowed book categories and 
evaluated clustering performance using precision, recall, F-measure, and hit rate. 
Association rules were extracted to identify co-borrowing trends among categories. 

Results. Languages was the most borrowed category, followed by History & 
Geography and Science. The best user clustering solution was k = 3, achieving 
precision 82.98%, recall 98.55%, F-measure 0.8815, and hit rate 97.57%. The 
strongest rule showed that users borrowing Economics [330], Social Sciences [300], 
and History of Europe [940] were likely to also borrow History of Asia [950]. 
Associations were also found among life sciences, biology, physics, and chemistry. 

Conclusions. The study results indicate patterns of interest and knowledge 
connections derived from borrowing behaviour, which can be used to improve 
library services and serve as a model for data-driven library management. 
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Introduction 
With the rapid development of the digital age, advances in information technology have greatly 
expanded the ways in which people obtain and process information. Especially in the field of library 
services, digital transformation has become the main trend. Libraries are no longer just traditional 
physical collections of books but have evolved into comprehensive centers for information 
processing and knowledge sharing. The main challenge of the digital transformation of libraries, as 
the key providers of knowledge services, is efficiently handling massive, diverse text resources and 
achieving accurate classification to support real-time responses, such as intelligent retrieval and 
personalised recommendations (Isnain et al., 2021; Wang et al., 2025; Yang et al., 2023).With a vast 
selection of books available in libraries, it can be time-consuming for some users to find the book 
they want. Additionally, many books are poorly recommended, leading to inefficient use of books 
(Safira & Mohammed, 2026). 

Analysis of resource usage behaviour of users is a way to make executives and those involved, such 
as procurement and strategic planning departments, aware of the behaviours in using information 
resources at the library, and the quantity and type of resources used. This information can be used 
to improve the management and procurement of resources to meet real needs (Zhang et al., 2020). 
Previous studies on behaviour analysis in the use of information resources by service users have 
shown that such analysis can be useful in planning and improving the quality of operations in many 
dimensions, including procuring information resources that meet the needs, budget allocation, 
and quality assurance of the agency (Zhu & Xie, 2022). In addition, the Behaviour analysis can also 
be used to improve service quality and to provide information resources in line with the needs of 
service users in a cost-effective manner. Phoemsangwuwan et al. (2022) found that such analysis 
can be used in educational quality assurance. Therefore, to effectively manage the complexity and 
vastness of user behaviour data, we must analyse how users interact with these information 
resources. 

However, the study of resource use behaviours primarily relies on observations and statistical data. 
Additionally, it was discovered that as data sets become larger, and more complex, the increasing 
power of computer technology has significantly increased data collection, storage, and 
manipulation capabilities (Khademizadeh et al., 2022). Universities and other educational 
institutions' libraries have gathered information on books borrowed over the years, but the useful 
information contained in this data has not yet been fully utilised. In many cases, students cannot 
find the necessary books in the library because other students have already borrowed them. On 
the other hand, many books remain unread by the students. From this perspective, library 
management faces challenges in deciding whether to provide books that would benefit users and 
how to place them on shelves (Smith, 2023). There is an urgent need for systems that can help 
library management make intelligent choices about how to handle these problems (Khademizadeh 
et al., 2022). 

Data mining techniques should be applied to address these important problems. In this regard, 
association rules derived using the FP-Growth algorithm have been used to find connections 
among the data on book borrowing history in the database, indicating what lecturers and students 
borrow, with consideration of levels of support and confidence (FIRAT & Aslay, 2022). Applying 
association rules to analyse user behaviour makes it possible to identify trends when deciding to 
use various products and services. Such rules can be used in planning or determining strategies 
for designing services that respond to the interests of users or customers. ,  Prior research shows 
that the application of relationship rules can be useful in organising promotional activities, 
designing services that are consistent with user needs, making marketing plans, and sourcing 
products and services efficiently (Baka et al., 2022; Jiwitan, 2022). Personalised recommendation 
systems optimise library resources by reducing wastage, improving user search processes, and 
enhancing marketing efforts by effectively targeting user needs (Makawana& Mehta, 2023). These 
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systems are designed to predict the likelihood of a book being borrowed by a user based on their 
interests, behaviour, and other relevant data, thus encouraging more reading among all users of 
the university library (Amin et al., 2025; Safira & Mohammed, 2026). The implementation of 
personalisation into recommendation systems can provide significant benefits to libraries. 

The results from the analysis of library users’ behaviour using an association rule mining approach 
can be used to support executives' policy decisions to set management strategies, allocate budgets, 
and provide services. Directions regarding purchasing the library's information resources to meet 
the needs lead to decisions about information use that are consistent with the current situation, 
such as improving service quality, quality assurance, and trends in the local context. The analysis 
of library users’ behaviour will provide useful information to librarians, staff, or library operators 
to recommend resources that are consistent with the analysis of book borrowing behaviour, design 
user experiences that can support different types of users appropriately, and sustainably adjust 
information resource services. Policy and planning analysts can use the analysis results in risk 
management regarding budget allocation and organisational analysis, to be consistent with the 
main mission of the library. Finally, it can lead to innovations in library services, such as a book 
tracking system, a book recommendation system, re-borrowing notifications through Line Official, 
or creating membership renewal campaigns for users. 

Literature review 
Data mining can be used to analyse user needs from the library database, by identifying association 
rules (Guo, 2021; Singh et al., 2021) “To provide a comprehensive overview of the current research 
landscape, this literature review is organized into the following key themes”. 

K-Means clustering 
Cluster analysis is a data mining technique that maximises object similarity within each group and 
minimises object similarity between groups to explore patterns and structures in datasets, aiding 
in the classification or grouping of data and facilitating decision-making (Zhang & Zhang, 2023). 

K-Means clustering is an iterative algorithm (Mao et al., 2021). The main concept is to separate the 
data into k groups by first choosing k objects at random to serve as the initial centroids for 
clustering. Next, each object is assigned to the closest cluster based on the distance to each seed 
cluster centre. The cluster centre will be recalculated using the objects that are currently in the 
cluster each time a sample is assigned. 

Assume that the initial dataset is D = {X1, X2, ..., Xn}, where Xi, Xj are the data objects, and Xil is the 
“l” characteristic attribute of Xi(Fan et al., 2022). The definition of the Euclidean distance is shown 
in Equation 1. 

𝑑𝑑�Xi, Xj� = �� �Xil-Xjl�
2 n

l=1
 (1) 

The choice of k has a significant impact on the results from K-means clustering. In this study, the 
K-means using the silhouette score and elbow method are employed to select the k value based 
on the sum of squares of errors (SSE) (Fan et al., 2022). The idea is that SSE describes each cluster’s 
compactness to a certain extent. Therefore, if the SSE result is small, it will lead to better 
clustering, which is determined by Equation 2. 

SSE = ��(Ci-x)2

xϵCi

   K

i=l

 (2) 
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Regarding the application of the K-means results in library work to organise reading promotion 
activities or library services, Wang et al. (2022) classified users into four categories. They identified 
which classification easily utilises the information resources and which one hardly does, along with 
which clusters have longer loan terms. Guzman et al. (2025) classified the library's collection of 
books to demonstrate which ones are frequently borrowed, sometimes borrowed, and seldom 
borrowed. 

Association rule mining 
There are several types of algorithms for recommending books to customers of a library, and the 
most used approach is association rules-based recommendations (Monika et al., 2025). The 
recommendation algorithm-based, on association rules, focuses on mining association rules 
between borrowed books from the library database. The general mining process can be divided 
into two steps: searching for frequent sets in the database and searching for strict rules within 
these frequent sets (Duchen, 2022). 

Association rules are logical rules developed by data mining. Agrawal et al. (1993) proposed them 
to reveal potential relationships between data items. The concept of support is fundamental to 
understanding association rules. In the context of book borrowing, using literature books and 
computer books as examples, the support of a rule connecting these two indicates the probability 
that literature books and computer books will appear simultaneously throughout the entire data 
item set, while the confidence indicates the probability that literature books will be borrowed after 
computer books have been borrowed (Zhou, 2022).The basic steps of mining the association rule 
between borrowed books and the association rule-based recommendation algorithm are shown in 
Figure 1. 

 
Figure 1. Basic diagram of the association rule mining step. 

In Figure 1, the database of book borrowing records is simplified for illustrative purposes. The book 
titles are represented by letters, and the record number is reduced to four users and five books.  

The flow steps are as follows: 

(1) The database was scanned. Each book is treated as an item.  Therefore, there are five items in 
the set of candidate items obtained from the scan (Duchen, 2022). The support degree, of each 
item was also calculated following Equation 3. 
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Support = 
n
N

 (3) 

where Support is the support level of the item, N is the total number of records in the database, 
here the number of users, and n is the number of records that the item contains. 

(2) The pruning operation is performed on the candidate item set to remove items with support 
degree below a pre-set threshold, and the remaining item set constitutes the frequent item set 
and is recorded. 

(3) The items in the frequent item set obtained in the previous step are combined in to pairs in a 
new candidate item set, and the support degree of each item in the new candidate item set is 
calculated. 

(4) Return to step 2 to obtain the new set of frequent items set and record it. 

(5) Repeat steps 2, 3, and 4 until no new candidate items sets can be generated. The association 
item set is a rule that may generate a strong association between a non-empty true subset of all 
the complete item set and the set of the remaining elements in the item set that occur frequently. 

For example, take the item set {B, C} in Figure 1. The possible strong rules are {B}⇒{C} and {C}⇒{B} 
(Duchen, 2022). The confidence degree for calculating a strong rule X⇒Y is calculated according 
to Equation 4. 

Confidence =  
|𝑋𝑋 ∩ 𝑌𝑌| 

|𝑋𝑋|
 (4) 

Where Confidence is the confidence degree of the strong rule, |𝑋𝑋 ∩ 𝑌𝑌| is the number of records 
that have both X and Y, and |𝑋𝑋| is the number of records that have X. When the confidence degree 
exceeds a certain threshold, the association rule is considered a strong rule. The recommendation 
algorithm provides book recommendations based on the user's book borrowing records and strong 
rules (Duchen, 2022).  

Library management decision-making is supported by association rules. Liu (2018) developed a 
library management system based on association rules and described the modules required for 
mining, and used association rule mining to identify relationships among the most borrowed books 
each semester. They also used association rule mining to examine the books borrowed by users 
from the same group. 

Apriori algorithm 
The Apriori algorithm was the first association rule mining method to utilize support-based 
pruning to manage the exponential increase in candidate item sets (Mariana et al., 2017). Support-
based pruning involves removing item sets that are infrequent in the dataset, specifically 
eliminating any (k + 1)-length item set if its k-length subset is infrequent. This method also 
introduces the apriori principle (Mohanty et al., 2023), which states that every non-empty subset 
of a frequent item set must also be frequent. The algorithm helps find all frequent item sets that 
commonly appear in a database. Data processing was performed across various minimum support 
thresholds until frequent k-item sets with k of at least two were identified. The apriori algorithm 
is widely used to analyse customer behaviours for product and service recommendations across 
different domains. For example, it is applied in business to analyse social media and online 
shopping habits (Liao et al., 2021) and to understand the relationship between customers and 
products (Qisman et al., 2021). This data is then used to predict trends and guide marketing 
strategies. In education, the algorithm has been employed to analyse borrowing behaviours to 
recommend resources aligned with user interests (Zhou, 2020). It is also utilised in health science 
applications to analyse patterns within health-related data and to inform recommendations for 
the prevention of dengue (Kajornkasirat et al., 2025). 
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FP-Growth algorithm 
The Frequent Pattern Growth (FP-Growth) algorithm is an improvement over the apriori algorithm 
in terms of execution speed, thereby addressing the shortcomings of the apriori algorithm. FP-
Growth is one alternative that can be used to identify the most frequently occurring patterns 
(frequent item sets) within a dataset (Zhang & Zhang, 2023). The apriori algorithm needs to 
generate candidates to obtain a frequent item set. However, for the FP-Growth algorithm, 
generating candidates is not done because FP-Growth uses the concept of a development tree in 
search of a frequent item set. Characteristics of the FP-Growth algorithm are that the data 
structure used is a tree called the FP-Tree (Lakshika & Caldera, 2022). The FP-Growth algorithm 
can extract a frequent item set directly from the FP-Tree. The extraction of frequent item sets 
using the FP-Growth algorithm is performed by constructing a data structure called an FP-Tree 
(Lael & Pramudito, 2023). 

Automated library system 
Library automation employs information and communications technologies (ICT) to reduce 
manual processing in libraries, saving librarians significant time and effort. Integrating 
recommendation systems into these automated environments improves user satisfaction while 
delivering scalable efficiencies for large user bases. Researchers and librarians in academic settings 
have examined such systems, particularly their application to the OPAC module, which serves as 
the primary public interface for searching and retrieving resources (Puritat & Intawong, 2020; 
Puritat et al., 2021; Ikwuanusi et al et al., 2024). Open-source platforms such as Koha, Evergreen, 
and  OpenBiblio support modular integration of advanced algorithms directly into bibliographic 
databases (Mamoriya, 2021). This flexibility enables the use of collaborative filtering and content-
based techniques to deliver tailored discovery services aligned with academic research patterns 
(Alaoui et al., 2024). Numerous studies apply association rule mining to circulation logs, identifying 
recurring borrowing behaviours to predict and recommend relevant titles (Bhajantri et al., 2024; 
Xie & Liu, 2025). These approaches collectively advance personalised library services. 

Recent studies indicate that K-Means Clustering is effective in classifying users according to their 
service usage behaviour, borrowing frequency, and specific interests. Meanwhile, association rule 
mining, along with the FP-Growth algorithm, has proven to be a valuable approach for identifying 
patterns of relationships among books and co-occurring borrowing behaviours. Integrating 
techniques with data from an automated library system can significantly enhance the accuracy of 
book recommendation systems. This advancement enables users to more efficiently discover 
books that align with their interests;, improves access to pertinent information resources;, and 
enhances the overall quality of library services. 

Methodology 
This study adopted a multi-step approach that involves data collection, data preprocessing, user 
clustering using RFM analysis, and association rule mining using the FP-Growth algorithm, as 
shown in Figure 2. 
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Figure 2. Research methodology. 

Data collection 
The dataset used in this study was obtained from the daily borrowing behaviour records of the 
Library of Prince of Songkla University, Pattani Campus, through the Automated Library System 
for Thai Higher Education Institutes (ALIST). This dataset covers the period from January 1, 2020, 
to June 30, 2025.The data include as variables daily borrowing, number of book borrowing, book 
data, book title, call number, book category, book collection, and number of copies. 

This study followed established ethical principles and data governance frameworks by employing 
thorough anonymisation and de-identification procedures. All personally identifiable information 
was permanently removed before data processing and analysis. Additionally, techniques such as 
pseudonymisation, data masking, and tokenisation were utilised to reduce the risk of re-
identification. The data were protected through encryption, strict access controls, and secure 
storage systems. There was no intention to identify individuals or infringe on library users' rights. 
These measures ensure the protection of participant confidentiality and compliance with relevant 
data protection regulations and institutional review requirements. 

Data pre-processing 
After collecting the data, the next step was data pre-processing, which involved data cleaning 
aimed at removing unused or duplicate data during the process of building a recommendation 
model. Additionally, to address data inconsistencies, various issues were identified that required 
correction, such as inconsistent data types and missing data, which were filled in with null values. 

Then we identified the association in the book data, which includes a book collection and book 
classification, based on the book borrowing records. This stage produced four variables that serve 
as inputs for K-Means clustering. 

User clustering 
Cluster analysis is defined as the process of grouping a set of similar objects into clusters (Bhatia, 
2019). The main idea of clustering is to try to divide instances into clusters so that instances within 
a cluster are highly similar but with high dissimilarity between clusters (Bhatia, 2019; 
Silwattananusarn et al., 2020). , The K-Means clustering algorithm was used to analyse user 
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characteristics. In the K-Means clustering algorithm, objects are grouped into k clusters based on 
their attributes or features.  

After data was pre-processed, we checked for recent transactions, frequency and the amount 
spent by the customers.  To create a recency variable, decide the reference date, that is, one day 
prior to the last transaction. RFM (recency, frequency, monetary) analysis is a very popular 
customer segmentation and identification technique in database marketing (Christy et al., 2018; 
Patil & Anita, 2022). RFM has been applied to analyse the borrowing behaviour of users as follows: 
Recency (R) implies the number of days since the last borrowing records; Frequency (F) refers to 
the number of times or records that users make when borrowing books; Monetary (M) is defined 
as the total quantity of books borrowed. 

K-Means algorithm is applied using the Euclidean distance metric to partition the users for RFM 
values. K-Means is used twice to analyse  the amount obtained for Recent and Frequent 
transactions as mentioned below: i) To partition the customers based on the amount generated 
with recent transactions, and ii) To group the customers by the amount generated with frequent 
transactions. Clusters obtained in RFM analysis are evaluated using the silhouette score and elbow 
method (Cui, 2020; W3Schools, 2025), which analyses show well the resulting clusters are 
separated based on their book borrowing records. The elbow method analysis results combined 
with silhouette score values are compared for k values to identify the optimal number of clusters 
in this study. For each cluster, a book recommendation model is developed using the association 
rules from the FP-Growth algorithm. 

Association rule mining 
Association rule mining is a commonly used data mining technique to explore the relationships 
between items in large data sets. The rule has the form ‘cause’ ⇒ ‘consequence’, which means “if the 
cause is satisfied, the consequence is likely to also occur”. In this study, association rules are used to 
recommend books. For example, the association rule ‘book 1’, ‘book 2’ ⇒ ‘book 3’ means that if a 
reader reads book 1 and book 2, they are likely to read book 3 as well. Rules like this can be used 
for book recommendations (Zhang et al., 2024). The FP-Growth algorithm is used in order to 
convert the raw borrowing logs into useful association rules; by setting strict thresholds for 
support, confidence, and lift, the system eliminates insignificant patterns so as to focus on the 
most important associations, thus enabling the identification of new titles that are tailored to 
individual user behaviours  Books are recommended based on a set of highly prioritised criteria,  
ensuring that users are introduced to new titles that they have not previously read. 

Evaluation 
A confusion matrix is used to summarise the performance of the classification model. The 
Confusion matrix holds Positive (TP), False Positive (FP), False Negative (FN), and True Negative 
(TN) counts, which will be used to calculate precision and recall scores, as shown in Table 1. 

 Positive Negative 

Positive True Positive (TP) False Positive (FP) 

Negative False Negative (FN) True Negative (TN) 

Table 1. Confusion matrix 

The metrics used to assess the performance of the research method includes Precision, Recall, and 
F-measure (Sundari &Subaji, 2022). The F-measure is defined as the harmonic average of precision 
(P) and recall (R). 
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(1) Precision (P) is the ratio of true positive predictions to the total predicted positives is defined 
by Equation 5. 

Precision = 
TP

TP+FP
 (5) 

(2) Recall (R) is the number of true positive predictions divided by all relevant test values defined 
by Equation 6. 

Recall = 
TP

TP+FN
 (6) 

(3) F-measure is defined as the harmonic average of Precision (P) and Recall (R) by Equation 7. 

F-Measure  = 
2 x Precision x Recall

Precision+Recall
 (7) 

In this study, the hit rate is a binary metric that indicates whether relevant items are included in a 
user's recommendation list (Annisa et al., 2024). The higher the hit rate, the better the quality of 
the recommendations generated. The hit rate indicates that developing a high-quality 
recommendation system requires each recommendation target to receive at least one relevant 
item aligned with their interests (Annisa et al., 2024). The hit rate is defined by Equation 8. 

Hit Rate  = 
n hits

n users
 (8) 

Results 
This section presents the results from K-means clustering and association rule mining. The 
research evaluation used a confusion matrix along with hit-rate, precision, recall, and F-measure. 

General information analysis 

 
Figure 3. Trends of book borrowing by category 2020-2024 
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Figure 3 shows the distribution of book borrowing events across Dewey Decimal Classification 
(DDC) classes from 2020 to 2024, showing both annual totals and the proportion of each category. 
Overall, book borrowing fluctuated slightly over the five years. The class with the highest number 
of borrowing was Languages [400], followed by History & Geography [900] and Science [500], 
reflecting the popularity of media in linguistics, history, and science among users. In contrast, the 
categories Philosophy and Psychology [100] and Religions [200] saw low and relatively stable 
borrowing, while the category Technologies [600] showed an increasing trend after 2022, 
indicating a growing interest in technology and its applications. The results from this graph 
highlight trends and differences in book borrowing behaviour, which can be used to effectively 
plan the development of information resources to meet future user needs. 

Clustering analysis 
The results of the trained algorithm are then used to predict clusters in the test data. To find the 
most appropriate number of clusters from the results of K-means, the variance of the best cluster 
is searched using the silhouette score and the elbow method. 

 
Figure 4. The optimal number of clusters of library user groups from K-Means analysis. 

Figure 4 shows the relationship between the number of clusters (k) and the distortion score 
obtained from the K-Means clustering process. The left y-axis shows the distortion score, which 
is the sum of the squares of the distances between each data point and the centre of that cluster. 
The distortion score decreases rapidly as the number of clusters increases from 1 to 3, and after 
that, the rate of decrease begins to slow down. This turning point, or “elbow point,” indicates that 
the optimal number of clusters is k = 3, which gives a distortion score of approximately 5, 382.175. 
This suggests that dividing the library user data into three groups is the most appropriate grouping 
in terms of model accuracy and simplicity.  

In addition, the right y-axis shows the model's fit time, which changes slightly as the number of 
clusters increases, reflecting the variation in the computation time of each clustering round. The 
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elbow method analysis results combined with silhouette score values confirm that k = 3 is the most 
appropriate number of clusters for library user behaviour. 

Number of clusters Precision Recall F-Measure Hit Rate 

3 0.8298 0.9855 0.8815 0.9757 

6 0.8241 0.9704 0.8865 0.9229 

10 0.8059 0.9687 0.8745 0.9065 

Table 2. Performance metrics of the recommendations across, three, six or ten clusters  
using the same dataset.  

From Table 2 on the performance metrics of library user groupings using K-Means with the 
number of clusters equal to, three, six or ten, it is seen that all four metrics, namely precision, recall, 
F-measure and hit rate, were at a high level, indicating accuracy and stability of the model used to 
cluster the data. However, the model with three clusters was the most appropriate choice, with 
precision at 82.98%, recall at 98.55%, F-measure at 0.8815, and hit rate at 97.57%. 

Based on the results of the user clustering, the researchers defined the behaviour of the three user 
groups using RFM, (Recency, Frequency, and Monetary) analysis, as shown in Figure 5. 

Figure 5 (a), 5(b) and 5(c) illustrates the behaviour of each cluster as follows: Cluster 1 is defined as 
dormant, low-activity users. This group reflects users with the lowest level of library engagement 
across all dimensions, including both borrowing frequency and volume. They also have the longest 
gap between their last borrowing visits compared to other groups, indicating a tendency towards 
churn or being one-time users. ; Cluster 2 is defined as loyal high-value users. This group 
represents the highest quality target group, exhibiting significantly higher borrowing frequency 
and volume of resources borrowed compared to other groups (High Frequency & Monetary). 
Furthermore, they have the lowest Recency, indicating consistent return visits, reflecting their 
engagement and satisfaction with library services.  Cluster 3 is defined as drifting moderate users. 
This group has a moderate borrowing history, neither too high nor too low, but their Recency is 
similar to Cluster 1, indicating that although they used the service moderately in the past, recent 
usage has become less frequent, and they may be heading towards cessation of service if not 
stimulated. 

 



Information Research, Vol. 31 No. 3 (2026) 

395 

 

 
Figure 5. RFM analysis of the user groups was analysed using K-Means clustering. 

Association rule mining results 
Association rule mining was used to identify patterns in book borrowing within each user cluster, 
with a minimum support value of 0.15and a minimum confidence value of 0.90.The results from all 
three clusters were similar, demonstrating a highly consistent pattern of book borrowing 
behaviour across the clusters, as shown in Table 3. 
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Rule Premises Conclusion Support 

(%) 

Confidence 

(%) 

Lift Conviction 

1 Economics [330], Social 

Sciences [300], History of 

Europe [940] 

History of Asia 

[950] 

1.6 100.0 6.7 ∞ 

2 Life Sciences; Biology 

[570], Languages [420], 

Physics [530] 

Chemistry 

[540] 

2.0 96.0 6.4 21.2 

3 Political Science [320], 

Economics [330], History 

of Europe [940] 

History of Asia 

[950] 

1.9 95.8 6.4 20.2 

4 Mathematics [510], Physics 

[530] 

Chemistry 

[540] 

1.9 95.7 6.4 19.8 

5 Political Science [320], 

History of Europe [940], 

Social Sciences [300] 

History of Asia 

[950] 

1.6 95.0 6.3 17.0 

6 Plants [580], Chemistry 

[540] 

Life Sciences; 

Biology [570] 

1.6 95.0 6.3 17.0 

7 Animals [590], Physics 

[530] 

Life Sciences; 

Biology [570] 

1.5 94.7 6.3 16.0 

8 Economics [330], History 

of Europe [940] 

History of Asia 

[950] 

2.4 93.5 6.2 13.1 

9 Political Science [320], 

History of Europe [940] 

History of Asia 

[950] 

2.8 91.7 6.1 10.2 

10 Economics [330], Law 

[340], History of Asia [950] 

Political 

Science [320] 

1.9 91.7 6.1 10.2 

11 Animals [590], Medicine 

and Health [610] 

Life sciences; 

Biology [570] 

1.8 91.3 6.1 9.8 

12 Law [340], Public 

Administration [350], 

Social Sciences [300] 

Political 

Science [320] 

1.6 90.5 6.0 8.9 

13 Economics [330], Public 

Administration [350], 

History of Asia [950] 

Political 

Science [320] 

1.5 90.0 6.0 8.5 

Table 3. Association rule mining results. 

The analysis demonstrates significant interdisciplinary borrowing patterns among library users 
(Table 3).The association rules identified thirteen significant rules meeting the criteria for Support, 
Confidence, Lift, and Conviction.  
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Strongest relationship. Rule 1: Economics [330], Social Sciences [300], History of Europe [940] ⇒ 
History of Asia [950] has a confidence of 100%. This means that whenever a book from each of the 
premises has been borrowed, the user also borrows one from History of Asia. Although the Support 
is only 1.6%, this perfect Confidence indicates a strong and consistent connection in historical 
data. This rule may reflect a group of researchers or students studying social science and 
economics topics in a comparative context between Europe and Asia. 

Relationship between disciplines. Economics & History: There is a strong relationship with Asian 
History (see Rules 1, 3, 8, and 13 in Table 3), indicating that those interested in Economics are also 
likely to be interested in the History of Asia. Science-related subjects (Life Sciences, Physics, and 
Chemistry) in rules 2, 6, and 7demonstrate the relationship between these subjects. For example, 
those who borrow Life Sciences and Biology books are likely to also borrow Chemistry, which is 
very reasonable because these subjects are related. Political Science, Public Administration, and 
Social Sciences show strong connections with History of Europe, History of Asia, and Law (see 
Rules 5, 9, 10, and 12), indicating that those interested in politics and government tend to study 
history and law simultaneously. 

The association rule results in Table 3, showing the relationships among library users' book 
borrowings, are presented as a knowledge graph, as shown in Figure 6. 

 

 Figure 6. Knowledge graph of library book borrowing patterns. 

Discussion 
From the analysis of the RFM model for grouping users by K-means clustering, using the elbow 
method combined with silhouette scores, the most appropriate number of clusters was k = 3. This 
is because the borrowing behaviour of users tends to fall into a few main groups, with each group 
having different characteristics of interest (for example, a group of users who focus on specialised 
academic books, a group interested in general books, or a group with diverse borrowing behaviour. 
This is consistent with the quantitative evaluation using the four performance indicators precision, 
recall, f-measure and hit rate, which are all at a high level when compared to the models with the 
number of clusters equal to six and ten. 
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Furthermore, the analysis results show that the model with a smaller number of clusters (k = 3) 
outperforms the models with larger numbers of clusters (k = 6 and k = 10). This reflects that adding 
too many clusters may cause the model to over-segment. This may be because users have different 
book borrowing behaviour, resulting in too many clusters, which affects the performance 
evaluation of indicators such as Precision, Recall, F-Measure, and Hit Rate. Furthermore, setting 
the number of clusters at an appropriate level results in the loss of important behavioural 
relationships between users in the same group and reduces the ability to learn aggregate patterns 
in the da ta.Annisa et al. (2024) analysed performance with the number of clusters set at two, six 
and sixteen, and they found that the most appropriate number of clusters was k = 2.Setting the 
number of clusters at an appropriate level improves the accuracy of the recommendation system 
because it can maintain the relationship within the clusters more efficiently. Furthermore, this is 
consistent with the idea of Occam’s Razor, which states that less complex models that produce 
results that are as efficient as or better than more complex models are often the most appropriate 
models in practice (Bargagli Stoffi et al., 2022). Therefore, user grouping by K-means clustering 
with three clusters was not only statistically appropriate but also reflected the actual behavioural 
structure of the library users, which can be used as an important basis for the development of the 
book recommendation module in the next step of the study. 

An analysis of association rules using the FP-Growth algorithm was used to identify borrowing 
patterns within each user cluster. Analysis of all three clusters revealed highly similar borrowing 
behaviour, demonstrating a significant consistency across clusters. This indicates that borrowing 
behaviour does not vary based on user clustering but rather reflects the common behaviour of 
most library users. It was found that the rule with the highest strength is Economics [330], Social 
Sciences [300], European History [940]⇒ Asian History [950], with a Confidence of 100%and 
Support of 1.6%. This may be because the study of history helps to reflect on the social, cultural, 
economic and political background of each continent, which most humanities and social sciences 
refer to the regional context in the form of comparative analysis as a case study to create reflection 
(van Eeden, 2024). This relationship, despite its relatively low support, has a perfect confidence, 
reflecting a stable and consistent academic connection among the user group, which may be 
researchers or students studying economic and social issues in a comparative dimension between 
Europe and Asia to see social and economic distinctions. Rules 1, 3, 8, and 13, indicate a structural 
pattern of book borrowing: users interested in economics also tend to be interested in history. 
This is consistent with the idea of interdisciplinary knowledge discovery, which suggests that 
contemporary learners tend to connect knowledge across disciplines to gain deeper and more 
comprehensive perspectives (Wu et al., 2024). 

On the other hand, the rules related to the natural sciences (rules 2, 6 and 7) show a relationship 
between Life Sciences, Biology, Physics and Chemistry, reflecting the nature of these disciplines 
sharing common ground and continuously sharing knowledge resources. This relationship is in 
line with the trend of science integration learning systems (STEM Integration) in which learners 
often connect knowledge from many fields, especially in general education or foundational 
subjects. Tinpun et al. (2025) stated that faculties that have integrated learning in education with 
science and technology will borrow books that are relevant and necessary for knowledge 
integration. 

In summary, the discovery of association rules using the FP-Growth algorithm in this study not 
only reveals behavioural  patterns in book borrowing, but also reflects interdisciplinary knowledge 
dynamics that demonstrate the linkage of knowledge from multiple disciplines to solve complex 
problems that cannot be solved by a single discipline. This concept emphasises the application of 
knowledge, skills, and ideas from multiple disciplines to real-world situations (Wu et al., 2024).The 
results can be used to develop a user-centric recommendation system based on borrowing history, 
which can significantly improve the efficiency of information and learning services in educational 
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institutions (Cox & Mazumdar, 2022).This may be because university libraries have a large budget 
for purchasing books to be consistent with the courses offered. Analysing the borrowing behaviour 
of users will increase efficiency in deciding how to purchase books, which will help reduce the 
budget for purchasing books that meet the needs of users. Khademizadeh et al., (2022) stated that 
libraries are the source of all knowledge and learning, and provide a large amount of information; 
therefore, association rule mining is required to dynamically analyse library databases and make 
strategic decisions for effective library management. 

Conclusion 
Users were grouped using K-means clustering. The results from the elbow method and silhouette 
scores indicated that the most suitable number of clusters was k = 3. The model in this case gave 
the highest accuracy measures when compared to clustering done with k = 6and k = 10.This shows 
that the model is accurate and stable in classifying users with similar book borrowing behaviour. 
The fact that the model with fewer clusters gave better results than the model with more clusters 
suggests that the data structure reflects only a few main user groups with specific behavioural 
characteristics. This appropriate grouping reduces the problem of over-segmentation and 
supports a deeper understanding of the service usage patterns of each user group. 

Analysis of the relationships in book borrowing using the FP-Growth algorithm revealed significant 
association rules consistent with academic characteristics across disciplines. The results reflect 
strong relationships among user groups interested in comparative economic and social issues 
between Europe and Asia. Other important relationship clusters were also found, such as those 
between the natural sciences (Biology, Physics, and Chemistry), indicating interdisciplinary 
borrowing patterns, a key trend among users in the current era. 

The findings indicate that the integration of K-means clustering and the FP-Growth algorithm 
significantly enhances data-driven analyses of user behaviour. The clustering model effectively 
distinguishes between distinct user segments based on shared behavioural characteristics, while 
association rule mining reveals underlying patterns in book borrowing activities. This synergy of 
analytical techniques facilitates the development of a personalised book recommendation system, 
resulting in improved accuracy and operational efficiency. 

While the theoretical foundations of behavioural analysis for decision-making support are well-
documented in existing literature, this study contributes valuable empirical insights by extracting 
hidden patterns from real-world service usage data. Rather than restricting recommendations to 
broad subject categories for collection development, this analysis uncovers deeper 
interdisciplinary connections that may not be readily apparent through traditional curriculum 
structure examinations. The methodological framework employs a combination of data analytics 
techniques, utilising the RFM model to measure user engagement and assess borrowing intensity, 
K-means clustering to categorise users based on shared behaviours and the FP-Growth algorithm 
to identify frequently co-borrowed book sets through association rule mining. The outcomes of 
this analysis are then translated into a personalised recommendation system capable of offering 
precise and context-sensitive suggestions. 

We note that while curriculum-based analysis serves as a valuable mechanism for guiding resource 
acquisition, an exploration of actual user behaviour provides a more accurate representation of 
user needs. By aligning collection management decisions with empirical usage patterns, libraries 
can effectively reduce the incidence of underutilised materials and enhance budget allocation 
efficiency. Overall, the proposed approach has significant implications for improving the quality of 
information services in digital-era libraries and presents a scalable model for advancing data-
driven library management within educational institutions. 
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This study highlights the transformative potential of intelligent library systems through user 
clustering and association rule mining for book recommendations. By shifting from reactive to 
active services, these systems deliver targeted suggestions aligned with users' borrowing patterns 
and cluster interests. Consequently, libraries enhance resource utilisation efficiency, minimise 
unnecessary acquisitions of underused materials, and enable data-driven decisions for collection 
development. Additional benefits include elevated user satisfaction, reduced search times, and 
wider access to relevant knowledge. Overall, the findings advance service quality, optimise 
resource management, and support practical applications of recommendation technologies in 
digital library environments, fostering more responsive and efficient information systems. 
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