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Abstract - Collaborative filtering is becoming an essential
technique for recommendation systems that is based on the
activities and preferences of users. The paper transforms
collaborative filtering algorithms into real-time library catalog
systems in order to enhance the user experience and retrieval of
information. Traditional library search systems are based on
keywords and subject categories, which can be ineffective in
capturing the interests of the user, and provide an opportunity
that allows chance-finding in a limited way. Under collaborative
filtering applications, libraries are in a position to offer custom
suggestions that rely on dynamic proposals that consider
borrowing habits, search records, and ratings left behind by
users. This paper talks about an item-based collaborative
filtering strategy of real-time recommendation, with a backend
that scales with real-time wuser data indexing. The
implementation of this system in a university library showed
significant improvements in recommendation accuracy and
overall user engagement. Results showed that users were more
likely to engage with and check out recommended material
when the suggestions were aligned with popular trends among
academics and what their peers were currently studying. The
model proposes solutions to cold start and data sparsity through
real-time feedback loops, along with hybrid approaches to these
problems. This paper demonstrates further advancements in
the development of intelligent library systems that provide users
with seamless, collaborative access to academic resources
crafted through sophisticated, responsive technologies.

Keywords: Collaborative Filtering, Real-Time, Library Catalog,
Recommendation System, User Personalization, Academic
Libraries, Resource Discovery
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I. INTRODUCTION

In recommender systems, collaborative filtering is a popular
machine-learning technique that uses the preferences and
actions of peers to recommend items. In library systems,
collaborative filtering utilizes user borrowing histories, their
provided ratings, and search logs to create real-time,
individualized recommendations of books or resources
(Desrosiers & Karypis, 2010; Abdullah, 2024). The addition
of immediate user input through real-time collaborative
filtering enables systems to adapt in real-time to user
suggestions and provide updates on recommendations that
incorporate those changes. Unlike collaborative filtering,
content-based filtering deals with the characteristics of the
books or materials. A helpful illustration would be if user A
and user B borrow similar titles together. When user A
borrows an additional title, we can recommend that title to
user B through the system. With robust computing systems
and cloud databases, this process becomes instantaneous,
providing scalable solutions that transform the model into a
smart and flexible one, making it convenient for libraries
(Bobadilla et al., 2013; Reddy & Muthusamy, 2021). The
incorporation of real-time collaborative filtering enables
libraries to transition from passive search engines to
proactive discovery mechanisms. Even when users are unable
to frame specific queries, such algorithms allow the recall of
pertinent information. This is akin to the services provided by
digital libraries to users, which are shaped by services such
as those offered by Spotify or Netflix (Ekstrand et al., 2011;
Velmurugan & Rajasekaran, 2012).
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Fig. 1(a) Personalized Real-Time Library Recommendation Process

This figure (Fig. 1(a)) illustrates a flowchart outlining the
steps involved in generating real-time recommendations for
libraries tailored to meet individualized requirements. It
depicts how users interact with the library catalog through
searching, clicking, or borrowing actions, and how the
actions taken from session input are sent to a real-time
processing engine. This engine employs a collaborative filter
that pulls in all information that comes in. User behavior and
availability are processed in real-time. It shows how the user
activity feedback is fed back into the system in the library
ecosystem and how the output refinement continuously
advances the efficiency with each interaction, book
recommendation list dynamically updated according to user
preferences, and how filters that remove guesswork through
preference analysis make the goal of user-specific tailored
book recommendations accurate through machine learning.

It is common to find that the size of academic and general
content of library catalogs is growing at a rate that
overwhelms the user, reducing the efficiency of resource
discovery. This issue can be mitigated by automated
recommendation systems, which personalize information
based on the content and context of the user who is being
served (Ricci et al., 2021; Kuhanjani & Safari, 2016).
Especially students and researchers who delve into niche
subjects for exploration, for which relevant materials should
be made readily available, benefit from such personalization.
Personalized services are no longer a unique offering but
rather an expectation that service providers across digital
platforms have cultivated. Automated recommendation
systems integrated with library catalogs help meet this
expectation, thus improving user interaction and satisfaction
(Jannach et al., 2021; Parimala & Kayalvizhi, 2024). Users
tend to make better use of new materials and library
collections when they are offered suggestions based on prior
searches or similar peer activity, which promotes the efficient
use of library materials. Moreover, personalized systems can
stimulate the circulation of lesser-known resources. Libraries
can expand their collections by recommending relevant yet
underutilized resources (Qin et al., 2020). It recognizes the
equitable use of resources and helps in augmenting the
catalog's value beyond merely searching for items. Such
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systems assist academic library users by recommending
course-related readings or other research materials (Sahoo et
al., 2024; Vranjes et al., 2024). In the case of public libraries,
the recommendations can be tailored to the interests of
readers, the current season, or even the latest trends, thereby
promoting leisure reading and encouraging learning

(Manduca et al., 2005).
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Fig. 1(b) System Architecture of Real-Time Collaborative Filtering Model

This architecture (Fig. 1(b)) illustrates the operation of a real-
time collaborative filtering system, which combines multiple
components to provide users with tailored recommendations.
The interface collects the user's actions, which are tracked by
the session tracking engine. The data being recorded, along
with the previously collected information, is stored in the data
storage component, which includes user-item matrices and
session logs. The collaborative filtering engine accesses this
data to calculate similarities between users or items and
provide real-time recommendations. The recommendations
are also pre-emptively fetched through the recommendation
API and returned to the user in an intelligent, context-aware
manner.

The old library catalog systems continue to primarily rely on
keyword searches and subject classification methods that
frequently do not reflect the changing interests of users and
restrict the ability to find resources of interest. In spite of
extensive use of collaborative filtering in business settings,
such as e-commerce and media streaming, not many real-time
library settings have been equipped with this tool. Current
approaches have a number of severe problems: they are not
real-time responsive since they must be retrained after each
new interaction, they have cold-start and data-sparsity
problems when using specialised or academic datasets, they
are scale- and latency-limited when operating on extensive,
dynamic data. Such restrictions result in slower or less timely
or applicable recommendations, which eventually decrease
user interaction and satisfaction. Also, real-time systems
need constantly gathered data, which brings up privacy and
trust issues that libraries must resolve. Therefore, a session-
conscious collaborative filtering model is required, capable



of continually updating the recommendations on a low-
latency basis, efficiently handling sparse data, scalability, and
responsible use of user data to improve the overall library
experience.

In this research paper, the aim is to conduct a detailed study
on integrating real-time collaborative filtering into library
catalog systems. This document is organized around six core
components to thoroughly explain the design and analysis of
a model for real-time collaborative filtering
recommendations in a library catalog. After this introduction,
existing collaborative filtering techniques alongside previous
attempts within library systems and their possible drawbacks
are analyzed in Section Il (Literature Review). The data
sourcing, algorithm construction, and model evaluation
strategies used to define the contesting methods are described
in Section 111 (Methodology). In Section IV (Results), we
share quantitative data on the accuracy of recommendations,
comparisons to established approaches, and the overall
satisfaction metrics obtained from user feedback. Section V
(Discussion) interprets these findings and discusses their
implications for library system operations, prospective
research endeavors, and unresolved issues concerning
implementation. We conclude with Section VI (Conclusion),
where we delineate the primary insights arising from the
study and express considerations regarding the addition of
dynamic, bespoke recommendation services to library
systems.

Il. LITERATURE REVIEW

The collaborative filtering (CF) Algorithms offered a level of
automation in the design of systems of customized
recommendations. CF can be categorized into two methods:
the memory-based and the model-based methods. Nearest
neighbor algorithms are user-based and item-based
algorithms based on memory. Their predictions are based on
the similarity of users or products. These techniques are good,
but very basic. Conversely, the model-based approaches
employ machine learning techniques in a bid to obtain the
underlying factors based on the data of user interaction with
items. This paradigm is widely applied in matrix
factorization, Bayesian networks, and other deep learning
models. The inadequacy of memory-based solutions in large
data sets is addressed by the model-based algorithms that
permit improved performance (Ladhari & Morales, 2008).
Even more recent approaches, like AutoRec and more Neural
Collaborative Filtering (NCF), only enhanced the extent to
which those approaches are accurate and scalable (He et al.,
2017; Sarvi & Pourmozaffar, 2024). Such improvements on
the CF processes and the information provided by content-
based systems have led to quality recommendations. The
hybrid models have demonstrated the ability to overcome the
issues that pure CF systems have, such as the cold-start
problem. Such systems come in handy, especially where
there are digital libraries (Burke, 2002). The libraries have an
opportunity to exploit the borrowing history data as
collaborative indicators, alongside metadata such as genre,
author, and subject area (Adomavicius & Tuzhilin, 2011).
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In terms of systems deployed in the library, recommendation
technologies have been developed gradually and with time to
enhance the ease of retrieving information and user
satisfaction. Previously, libraries relied on a Boolean search
or facet browsing, fully aware that they were not personalized
in the slightest (Hahn et al., 2010; Givén & Lavrenko, 2009;
Das & Kapoor, 2024). The introduction of recommender
systems has introduced the element of user concern.
Information ~ regarding  real-time  recommendations
immediately after user action is not available in the field of
library science; however, it is widely acknowledged as a
developing concept. A real-time personalized search model
was presented by Givon & Lavrenko, (2009) and increased
document discovery in academic environments. Similarly,
(Huang et al., 2019) created a recommendation system of a
university library system that resulted in usage and
involvement of more people. Another relatively interesting
paper by (Al-Daihani & Al-Ateeqi, 2020) investigating the
relationship between the concept of public libraries and how
people perceive recommendation systems also revealed that
personalized recommendations resulted in a higher rate of
visits to the library and the borrowed materials. The real-time
nature was not of primary interest, but rather the authors
mentioned the necessity of immediate outcomes that can be
applicable and relevant. In addition, library application
vendors have begun adding the ability to generate real-time
recommendations into systems like VuFind and Primo via the
use of plugins (Verma & Nair, 2025). Such systems typically
employ collaborative filtering and user feedback systems.
This proves that libraries are starting to shift to the automated
data-intensive intelligent systems.

There are numerous potential advantages of collaborative
filtering, but it experiences numerous obstacles when used in
real-time library catalogues. A common issue is data sparsity,
where similarities were difficult to calculate to build robust
user models due to a large proportion of the catalog only
being used by a few users. Academic libraries with
specialized collections make this problem worse. The
absence of prior interactions with users or items, referred to
as cold-start problems, also restricts the functions of CF
algorithms (Simovié¢, 2018). The addition of content-based
characteristics helps mitigate this for hybrid systems, but the
need for real-time processing remains unsolved. Another
important problem is privacy. The libraries collecting the data
have ethical and legal concerns to deal with. Particularly for
academic or public libraries, users do not want to divulge
personal tastes, making the sharing of such information
highly reluctant (Amiri et al., 2024; Banerjee & Kapoor,
2024). For broad acceptance, anonymity and data safety need
to be guaranteed. High computational expense within a CF
system also accounts for limited scalability. CF systems that
operate in real-time have to monitor and process interactions
for up-to-the-second changes in recommendations. Such
functionality requires highly developed systems and
algorithms designed to work with rapid updates (Karatzoglou
et al., 2010). Lastly, interpretability is an enduring problem.
Users and librarians tend to want to know the rationale behind
an item recommendation. There is low confidence in systems
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that utilize deep learning due to the lack of insight provided
by black-box models, which decreases trust in such systems.

111. METHODOLOGY

3.1 Outline of the Steps Taken to Collect the Data

In order to build an effective real-time recommendation
model for library catalogs, data was extracted from the digital
transaction logs of library users over a one-year timeframe.
The raw data consists of anonymized information about book
checkouts, searches, ratings given by users, and sessions. All
interactions are time-stamped, thus supporting the modeling
of sequential behaviors and enabling real-time
recommendation changes. Anonymity while facilitating
longitudinal preference studies was preserved by assigning
users unique session identifiers. Furthermore, metadata about
the items, such as title, author, subject category, and
publication year, were retrieved from the library’s catalog
system to enhance user-item profiles. Users with fewer than
five interactions were classified as infrequent users and,
along with seldom borrowed items, were removed from the
dataset during preprocessing. In addition, timestamps were
used to order user actions and construct session-based
histories that made context-aware prediction models
possible. To mirror authentic circumstances, the finalized
dataset was chronologically split into training and test
subsets, reserving recent sessions for evaluation purposes.

Data collection (historical + session data)

Similarity matrix computation

Neighborhood selection (top-N)

Ranking and recommendation generation

Evaluation metrics application

Fig. 2 Flow of Collaborative Filtering Algorithm with Data Processing
Steps
Fig. 2 depicts the workflow of the collaborative filtering
algorithm applied in this research for real-time
recommendations of library catalogs. The process starts with
data collection, in which both historical user-item interaction
data and session-based activity logs are captured. This
information is utilized to calculate a similarity matrix, which
portrays the relationships among users or items based on
borrowing behavior. The matrix is used to form the
neighborhood of top-N similar users or items, which is
subsequently  used  for  generating  personalized
recommendations. These recommendations are later re-
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ranked according to relevance, which is calculated based on
the similarity weights of the items. The effectiveness of the
recommendation outputs is evaluated using Precision@10,
Recall@10, and nDCG@10. This diagram illustrates the
entire workflow of translating user behavior actions into
instantaneous automated recommendations powered by a
rigorous algorithmic process.

3.2 Explaining the Collaborative Filtering Algorithm
Employed

In this study, we apply a collaborative filtering strategy based
on matrix factorization. This is a model-based technique in
which users and items are mapped to a common latent factor
space, revealing hidden structures in the user-item interaction
matrix.

Consider the matrix R € R™*" as the user-item rating
matrix, with m as the count of users and n as the count of
items. The goal is to approximate R by factoring it into two
matrices of lower dimensions:

U € R™*K describes the k latent features of the user
V € R™*k describes the k latent features of the item

For any user u, the predicted rating 7,; for item i is computed
as follows: the dot product of the corresponding matrices.

fui = Uy V; €y

To acquire these matrices, the system optimizes the
regularized quadratic error loss for a given set of interactions
and their corresponding outcomes as follows:

min > G = ULV + AQIU 12 + V1) @
" (uiek)

Where K is the Known Interaction set and A1 is a
regularization parameter which prevents overfitting.

For instantaneous responsiveness, the model employs
incremental changes as responses to user actions. As users
perform actions, the appropriate user or item vectors are
updated on a granular level, without requiring the retraining
of the entire model. This approach improves performance and
reduces computation burden, latency, and load.

In response, the model enhances the existing matrix
factorization methods with a session-informed user context
vector, denoted as S. This vector records user actions within
the current session, like recently viewed or borrowed items,
with consideration given to recency.

The following changes have been made to the prediction
formula:

2 = (U, + aS)"V; 3



Where:

U, represents the long-term user preference vector, V;
denotes the item feature vector, S, represents the session-
based context, and a influences the session context control.
This combination maintains enduring preferences and
interests changing in real-time. Regularized stochastic
gradient descent (SGD) is used to perform the learning of the
parameters. With each new interaction ru, the latent vectors

are adapted to be consistent with the information
incrementally without retraining the model:
U,<Uy+n- [(rui - fui(S))Vi - AUu] 4
Vi Vit [(rus = 7u®) U + @S,) = 2Vi] )

In this case, n denotes the learning rate, and A signifies the
regularization factor. Since the model parameter update is
done incrementally, the system is low-latency and highly
responsive—essential for real-time recommendation in
library contexts. These features of session-based matrix
factorization improve recommendation accuracy by adapting
to users’ momentary preferences while still honoring their
lingering interests, thereby increasing the relevance and
personalization of library catalog suggestions.

3.3 Evaluation Metrics for Performance Assessment in
Recommendation Systems

Various important metrics are used to gauge the performance
of the model in the scenario of collaborative filtering.
Precision@K is the fraction of relevant items in the top-K
recommendation determined by whether users accessed the
recommended materials, and Recall@K is the fraction of
relevant items suggested that should have been accessed in
comparison to the relevant items that should have been
accessed, which shows coverage. Mean Reciprocal Rank
(MRR) is concerned with the ranking of the first valuable
item in the list of recommendations, and the systems are
rewarded by showing useful results first. Normalized
Discounted Cumulative Gain (nDCG) also considers the
ranking of quality, assigning more points to relevant items
that appear in the upper parts of the list. Dynamic latency is
a time measure of the mean latency time of converting user
interaction into recommendations, with low latency being of
paramount importance in real-time responsiveness. Lastly,
the coverage is a measure of how well the catalog is covered
in the recommendations, a measure of diversity, and system
coverage. Combining all of these metrics enables one to have
a balanced perspective of the accuracy, the high performance,
the responsiveness, and the overall user satisfaction.

IV. RESULTS

4.1 Dataset Details

The records being tested were twelve months of the history
of the transactions of the digital libraries. It had 1,980 active
users, 14,500 unique items, and 82,000 registered
transactions (borrowing, searching, and rating) on post-
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processing. A descriptive statistical test revealed that the
user's activity was significantly different. Mean time of
interaction was 41.4 times with SD = 12.2, and the time spent
in the sessions was 2 to 15 actions (Mean = 8.5, SD = 4.0).
On average, items borrowed per session had an average of 2.9
(SD=1.6). These findings denote varying usage trends
amongst users, as some of them exhibit very active borrowing
behaviour, and others borrow on a few occasions. These
distributions are shown in Fig. 3, as the user engagement and
session behavior distributions are dispersed.

0.8

0.7

0.6
0.5 +—

0.4 +—
Traditional Model

Real-Time Model

0.3 +—
0.2 +—
0.1 +—

0 T T )
N \Q
OB

& 9

Fig. 3 Recommendation Accuracy Comparison

The performance disparities of the two models are illustrated
in the graph (Fig. 3) using three metrics: Precision@10,
Recall@10, and nDCG@10. In each of the three metrics, the
real-time model outperforms the traditional model by a
notable margin. Notably, the Precision@10 also increases
from 0.56 to 0.71, meaning that the relevancy of
recommended items is more prominent. Recall@210 shows an
improvement from 0.49 to 0.65, which indicates that a larger
number of relevant items were retrieved in the
recommendation list. Also, nDCG@10 reveals an increase
from 0.53 to 0.74, which demonstrates that relevant items are
better ranked among the top recommendations. This data
substantiates the assumption that the addition of session-
aware elements along with incremental learning features
improves the recommendation engine’s confidence and
performance, guided by enhanced accuracy.

4.2 Comparative Performance of Baseline vs Proposed
Model

TABLE | COMPARATIVE PERFORMANCE

Metric Baseline | Proposed %
CF Model Improvement
Precision@10 0.56 0.71 +26.8%
Recall@10 0.49 0.65 +32.6%
nDCG@10 0.53 0.74 +39.6%
Latency (ms) 920 180 —80.4%
Coverage (%) 60 82 +36.7%
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The proposed real-time, session-aware collaborative filtering
model was compared against a baseline traditional matrix
factorization model. The performance was assessed using
Precision@10, Recall@10, nDCG@10, latency, and catalog
coverage.

Significant performance increases are shown in Table I. The
session-aware model greatly enhanced the precision of the
recommendations as well as the responsiveness of the system.
Specifically, the latency was reduced by more than 80
percent, which is a significant improvement to make the
system acceptable in real-time.

1000
900
800
700
600
500
400
300
200 -
100

0 T T T T )

Traditional
Model (ms)

= Real-Time
Model (ms)

Fig. 4 Recommendation Latency

Fig. 4 demonstrates the latency or response time in
milliseconds for the recommendation systems as
approximated during the five user sessions. The line graph
indicates that the traditional model's latency remained
constant at around 900 milliseconds, while the real-time
model operated significantly faster with latencies in the 170
to 190 millisecond range. This increased speed in the real-
time model highlights the effectiveness of the proposed
system in providing recommendations  almost
instantaneously after user interactions. Such speed is
hypercritical for applications in real-time environments such
as a library catalog, where immediate feedback is crucial to
maintain engagement and satisfaction.

Traditional Real-Time

42%

58%

Fig. 5 Catalog Coverage Comparison
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A straightforward comparison of the coverage of the library
catalog using the cataloging systems is presented in Fig. 5,
where the pie chart has been used to compare coverage by
each system. Coverage, in this case, is a measure of how
many unique items from the library’s catalog are
recommended by all users. The graphic also shows that the
real-time model achieves 82% coverage while the traditional
model was only able to reach 60%. This means that the real-
time system gives a more expanded and diverse selection of
book recommendations. Not only does better coverage in the
catalog lead to better use of resources, but it also allows the
user to access material with which they have never been
acquainted, which adds to the library experience.

4.3 Testing of Statistical Significance

To ensure that the implemented improvements could not be
considered as random, one-way ANOVA tests were
conducted concerning all metrics of evaluation. The results
have validated that the performance variations were
statistically significant in all situations (p < 0.001).

TABLE Il ANOVA TEST RESULTS

Metric F-value | p-value | Significance
Precision@10 | 24.65 | <0.001 | Significant
Recall@10 19.42 | <0.001 | Significant
nDCG@10 22.13 | <0.001 | Significant
Latency 57.82 | <0.001 | Significant
Coverage 16.27 | <0.001 | Significant

Table 11 shows that such statistical validation reinforces the
statement that the proposed model will always be better than
the baseline in terms of accuracy, responsiveness, and
diversity of recommendations.

4.4 User Feedback and Engagement

The user surveys also confirmed the quantitative results.
Relevancy (4.5 vs 3.2), responsiveness (4.7 vs 2.9), and the
discovery of new materials (4.3 vs 3.1) were rated
significantly higher in the real-time model. The overall
satisfaction had improved to 4.6. Qualitative feedback
confirmed that context-sensitive recommendations in the
moment, enhanced exploration with resulting extended
variety of usage of the library collection.

Response from users was collected through polls and
engagement activities with the participants using the two
systems. Feedback revealed that the relevance and timing of
recommendations were more appropriate in the real-time
system. Most of the users commended the flexibility offered
by the real-time system as it attended to their recent interests
promptly. A case in point is users who had recently searched
for books on a new subject and got related recommendations
almost automatically, thus enhancing their engagement with
the catalog. There were no focus groups conducted, but the
qualitative feedback received pointed out the elucidated
recommendations and the previously unmarked materials that
were pertinent to users, which they could use. This not only



increased satisfaction but also enhanced borrowing all the
same. Overall, user satisfaction further confirmed the
technical performance benchmarks. Positive outcomes from
the real-time collaborative filtering model indicated an
increase in accuracy and responsiveness and an overall
improvement in user satisfaction with the system interactions
and exploration within its library resources.

m Traditional Model
(Avg Score / 5)

u Real-Time Model
(Avg Score / 5)

Fig. 6 User Satisfaction Survey Results

The user satisfaction survey focusing on relevance,
responsiveness, discovery of new materials, and overall user
satisfaction is illustrated in Fig. 6. The graph depicts a
grouped bar graph, and it is evident that users prefer the real-
time system. The scores for relevance and responsiveness
improved from 3.2 and 2.9 to 4.5 and 4.7, respectively, which
indicates that users perceived real-time recommendations to
be more pertinent and timely. Users’ ability to discover new
diverse materials also improved as the score for the discovery
of new materials increased from 3.1 to 4.3. Users' overall
satisfaction also improved, and the score reached 4.6, which
indicates that the real-time model indeed offers enhanced
user experience. These results support the technological
refinements made with real-world user feedback.

4.5 Assessment of Recommendation Precision

The proposed model of collaborative filtering was assessed
through its attempts to predict users’ advancement with
preference modeling. For validation, a holdout dataset
consisting of the most recent user interactions was created in
order to check how well actual behaviors were predicted. The
primary metric considered was Precision@K, which
calculates relevance for the top K recommendations. It can be
expressed as follows:

Precision@K
[{levantitems} N {top — K recommendeditems}|

K
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If a system recommends 10 books and 6 of them are actually
borrowed by the user, then Precision@10 = 0.6. This humber
illustrates how accurate the recommendations are towards the
user's actual interests. In addition, Recall@K was used,
which captures the fraction of all relevant items that appear
in the top K list:

Recall@K
_ |{relevant items} n {top — K recommended items}|

[{total relevant items}| @)
Besides that, Normalized Discounted Cumulative Gain or
nDCG was applied in order to rank the items in terms of
importance. Higher scores are achieved if the ranked items
are relevant to the user and appear earlier in the list

DCG@K

——— where
IDCG@K

nDCGC@K =

T li—
DCG@K = ¥k, 21

=1T0g 300 D) )
Users generally prefer to have nDCG scores that are high, as
this indicates that the relevant items will be listed closer to
the top, which significantly improves the likelihood that the
user will be satisfied. The results showed that the proposed
session-aware model had a clear advantage over the baseline
model, with the former having a Precision@10 of 0.71,
Recall@10 of 0.65, and nDCG@10 of 0.74, which shows that
higher recommendation accuracy was achieved.

4.6 Differentiation of Traditional Approaches from Real-
Time Recommendations

Collaborative filtering models, like matrix factorization, do
well in controlled conditions. Despite the initial performance,
they completely fail to keep up with users' dynamically
changing needs. These models also require full retraining
with every new case of user interaction, which precludes
them from being used in any real-time applications. Unlike
the former, the model proposed here can be updated
incrementally regarding user behavior during a working
session using real-time, proactive updates. Such updates lead
to a decrease in latency or the total delay required to compute
the recommendation updates with respect to the latest user
action. The primary measure of latency was 920 ms for the
traditional model, while the new system was only 180 ms.
Coverage, another measure of comparison, analyzes the total
number of users in relation to the item list provided to them:

|unique items recommended|

Coverage of |/total items in catalog| ©)
For the real-time model, it was found that coverage was 82%,
illustrating a decrease in limitations compared to the
traditional model’s 60%. The real-time system beats
traditional approaches in most, if not all, aspects,
recommending faster and more extensive.
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V. DISCUSSION

This study’s findings clearly indicate that the addition of real-
time collaborative filtering for recommending systems in
library catalogs improves precision, efficiency, and overall
user satisfaction. The session-aware model (which merges
user short-term actions and long-term preferences) achieves
high recall, timeliness, and contextually relevant
recommendations. This development has the potential to
transform the way library patrons interact with digital
catalogs, stimulating  exploration and  discovery.
Enhancement of recommendation accuracy increases the
systematic nature of users' interactions with the materials,
leading to time efficiency. Instead of browsing through a pool
of non-organized search results, users are provided with
targeted search results based on their interests and past usage-
based controls. This has the potential of escalating user
interaction and raising browsing subscriptions and general
use of resources by the library. Also, the broader coverage of
the catalog that is available through the real-time model
implies more justifiable bias in favor of less popular or
infrequently accessed items. This trend must reduce bias in
content and provide equal highlights, which is essential to the
inclusion of heterogeneous collections in scholarly or popular
libraries.

The existing model has been promising, and improvements
could be made through additional research. The first way is
the inclusion of content-based attributes in the collaborative
filtering method. Hybrid models that blend user-item
interaction data with metadata like book topics, genres, and
authors could offer even more tailored recommendations,
particularly for new users or items with minimal interaction
data like reviews, clicks, or ratings. In addition, research can
be the application of deep learning techniques to the
identification of more complex patterns of user behavior.
Recurrent neural networks (RNNSs) or even transformers can
be used to track user interactions over time and improve how
the system can reason about the intent of users more
accurately over time. Various types of user feedback can be
examined too, including ratings they have been rated with,
search terms, time reading, click streams, and even duration
reading. The researchers can see the user preferences in a
more holistic picture by expanding the range of input data to
cover the entire history of borrowing of a user. Besides, it
would be highly beneficial to conduct more studies on long-
term patterns of user engagement and user behavioral
changes as affected by real-time recommendation systems. It
would help to understand how such systems would affect
their users in the long term so as to inform the development
of more resilient and user-friendly catalog systems.

There are a number of challenges that come with the
integration of collaborative filtering in real-time into library
systems. Among the most outstanding concerns is that of the
data processing efficiency of computation. Real-time systems
that provide recommendations need real-time processing and
frequent updating of the user's information, which can be
highly resource-demanding, especially in large-scale
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environments with thousands of users and objects. Other
problems can also be further nuisances. Libraries may have
to deal with extremely small volumes of interaction data on
many or even many users or uncommon objects, and this can
drastically reduce the utility of collaborative filtering
algorithms. This is particularly so in the case of new users
(cold-start problem) who have no borrowing record. There
are some critical privacy and security issues associated with
collaborative filtering operations. Real-time systems rely on
some continuous monitoring of user action, which is highly
problematic in terms of data gathering and permission. Some
of the guarantees that must be provided to enable confidence
in such systems are anonymization, safe data storage, and
ethical usage of sensitive information. Lastly, organization-
wise, the librarians should be supported so that they can be
taught how to supervise and interpret these information
systems. The key aspect of the process of technology
adoption in the institution is related to the alignment of the
technology adoption with the institutional objectives and the
needs of users.

In reality, real-time recommendation systems will find
application in various situations differently. Universities can
use them to support teaching and research (by suggesting
course readings and trending academic material), and the
public libraries can use them to support leisure reading,
seasonal titles, and collections that are not accessed. This
must be done through phases, beginning with pilot projects
and alliances with software vendors or consortia. Scalability
is problematic, however: real-time engines require costly
infrastructure, high-end hardware, and integration between
old legacy catalog systems. Smaller libraries can be helped
out of a compromising choice by having hybrid schemes
where the focus is on high-demand sessions as the source of
real-time updates. Even ethical and legal issues need to be
considered. Libraries must be privacy-conscious by
establishing anonymity, minimal storing of information,
defined opt-out options, and meeting the standards of other
laws, including GDPR. The process of creating the
recommendations also needs to be transparent in order to
build trust. Finally, it still has some limitations. The current
outcomes were based on the data gathered in a single library,
and this limits the generalization; cold-start is still a problem
regarding new users and niche content. Potential effects on
reading diversity and computational trade-offs in peak
demand are also of interest in the long term, with the
personalization, which should also be further investigated.

V1. CONCLUSION

This paper was concerned with real-time collaborative
filtering used to enhance catalog recommendation in
libraries, and its effectiveness has been proven. The model
presented in this paper uses both session and user
information, which is processed through algorithms, unlike
the conventional approach, where only long-term user
preferences are considered and short-term session
information is not taken into account. The proposed real-time



model actually offers more relevant recommendations than
the traditional models with superior recommendation
responsiveness, accuracy, coverage of the catalogs, and lower
latency. Such improvements make the use of the same more
enjoyable to the users. It has also been established that real-
time systems enhance user satisfaction in that, at a given time,
the most salient preferences of the users are captured, as well
as the range of content provided is expanded. The findings
indicate that collaborative filtering systems radically
transform library services by enabling the dynamic content
discovery that is comparatively synchronized to the
immediacy of attention to content by users, which prompts
optimized user-interest access to previously concealed
materials. Preferably, the users will experience an improved,
interactive interface, which will re-establish their hitherto
passive experiences with the library by programmed
transitions to a more intuitive and individualized browsing of
the catalog. Part of the development was also creating a new
paradigm of session-aware frameworks to be applied in the
real world, which other researchers or practitioners might
apply further on with hybrid models and sophisticated
behavior analysis. Finally, in summarizing this paper, the
continuing application of collaborative filtering to both
digital and non-digital aspects of library systems must be
intelligently foreseen since it will radically transform the
expectations of the user of digital libraries, making them
receptive gateways of information.
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