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Abstract: University libraries are one of the important
places to cultivate talents and conduct scientific research,
but with the invasion of big data on the Internet, traditional
library services cannot accurately understand readers’
needs, leading to a decline in library attendance. To solve
this problem, the study proposes to combine multi-view
K-mean clustering algorithm with reader behavior analy-
sis to build a college library user portrait system to serve
readers. When the enhanced K-mean clustering algorithm
from the research was put to the test, the results showed
that it performed better than the other two comparison
algorithms, with accuracy and loss values of 97 % and 4.3 %,
respectively. The user profile method that was suggested
in the study was then empirically examined. The findings
revealed that, when utilised with university students, the
system was effective in raising the attendance rate of stu-
dents by up to 75 %. In conclusion, it is clear that the method
suggested in the study may accurately depict user profiles
and offer readers good services, increasing the likelihood
that readers will visit university libraries and lowering the
waste of educational resources.

Keywords: clustering algorithms; K-means; behavioral ana-
lysis; ETL; user profiling

1 Introduction

In the age of big data, all types of information have enor-
mous potential worth. By gathering and analyzing these
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data and information, the demands can be better under-
stood and the speedy solutions to issues can be found [1, 2].
On college campuses, the library acts as the institution’s hub
for sharing resources, and as such, the university devotes
a significant amount of resources there each year. To find
learning resources, students can now more quickly and con-
veniently utilize the Internet thanks to the quick develop-
ment of Internet technology and tailored recommendations
based on big data, and usage is rising. It is worth noting
that library use is not determined solely by user behav-
ior characteristics. For example, an intensive course period
may cause students to focus on using study spaces, while the
organization of campus cultural activities may temporarily
divert users. Traditional library services not only struggle
to accurately identify reader needs, but also lack the ability
to dynamically respond to external environments such as
course schedules, academic cycles, and campus activities.
This results in a continuous decline in reader attendance
rates. Some universities use traditional methods such as
questionnaires and opinion books [3]. Such methods are
not only heavy and inefficient, but also have disadvantages
such as not being comprehensive and professional enough.
To address this situation, the study constructs a university
library user portrait system by improving the multi-view
clustering algorithm (CA), namely K-means CA, and then
combining it with the behavioral analysis of readers in
university libraries [4, 5]. It is expected that the system
will improve the university library’s understanding of its
readers. Therefore, the library can provide more accurate
learning resources and personalised services to its read-
ers, and thus improve the attendance rate of the univer-
sity library. The study’s first section provides an overview
of recent domestic and international research on K-mean
clustering techniques and user profiling. The second section
describes how the K-mean CA was improved, applies behav-
ioral analysis, and creates a system for user profiling in
university libraries. The third section tests the performance
of the improved algorithm and analyses the practical effects
of the user profiling system. The fourth section provides an
analytical summary of the whole research results.
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2 Related works

With the rapid development of information technology,
there are various important multi-feature data in life,
which can be collected, analyzed and summarized by multi-
perspective CAs. The K-means CA has the advantages of
simplicity and efficiency, and is widely used in various
fields. Huang et al. proposed a moving window detection
algorithm based on K-mean clustering for the problem of
difficult detection of valve static friction, and compared
the test with the traditional algorithm. The results showed
that the algorithm not only detected valve static friction
performance better than the traditional algorithm, but also
provided static friction band estimation and detects unex-
pected valve closure [6]. Xiong et al. proposed a learning
model based on K-mean clustering and neural networks to
address the problem of low average prediction accuracy
of wafer reflectance in complex etching environments. A
comparative experimental analysis of the model showed
that the average prediction accuracy of wafer reflectance
improved by 9.38 % and the mean square error was reduced
by 21.64 % when the model was used [7]. Zhang et al. pro-
posed a practical protocol model for K-mean clustering
that incorporated a collaborative approach to clustering to
address the problem of user privacy leakage during cluster-
ing [8]. Zhang et al. proposed a recognition system incor-
porating self-applicable fuzzy dynamics, K-mean cluster-
ing and sparse representation classification to address the
problem of difficult weed identification in fields. Moreover,
it analyzed the system in a comparative experiment. The
outcomes demonstrated that the new approach could sig-
nificantly increase the accuracy of field weed identification
and classification compared to the conventional identifica-
tion technique [9]. Jiang et al. proposed a K-mean clustering-
based edge computing node deployment algorithm for the
problem of high latency of smart devices in smart manufac-
turing environments, which was empirically analyzed. The
results demonstrated that the proposed algorithm outper-
formed conventional methods in terms of network latency
and computational resource deployment. These results val-
idated the algorithm’s validity and efficacy [10].

In the era of big data, various industries pay much
attention to user profiling to provide better services to
users, and expect to understand the real needs of users
through user profiling to provide more reasonable and
humane services. The proposed algorithm is empirically
analyzed. The results show that the algorithm can evaluate
and summarize the actual circumstances of the use of guides
by different users. Moreover, the algorithm can improve
the accuracy and comprehensibility of guides and the user
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profile of the library, thus improving the satisfaction of
library users [11]. Han et al. proposed a network user pro-
filing system based on communication behavior to solve
the problem that general network traffic cannot distinguish
proxy users from normal users, and compared the system
with the traditional system in a test. Based on the results,
the system can increase the accuracy of detecting real net-
work environments by 85 % and the accuracy of identifying
proxy users by 95 %. This can lead to accurate proxy user
detection [12]. Li et al. proposed an intelligent management
framework based on the user portrait framework to address
the problem that the traditional context-aware framework
lacked the cold chain logistics and distribution domain, and
empirically analyzed the framework. The findings demon-
strated that the framework could successfully improve the
management capabilities of cold chain logistics and distri-
bution by reducing the root mean square error by 19.9 and
the average error of the cold chain information dataset by
8.37 [13].

In summary, various algorithms have been used in the
field of user profiling, and the superiority of the K-means
algorithm (KmA) has been demonstrated in many indus-
tries, and the combination of the two has great potential
value. To fill the data gap in this area of research, a user
profiling system based on an improved KmA combined
with patron behavior analysis is proposed for university
libraries. It is hoped that this system will help university
libraries understand the real needs of their student patrons
and provide them with more targeted assistance and ser-
vices, thereby increasing their usage rates.

3 User profiling in university
libraries incorporating improved
KmA and reader behavior
analysis

As big data technology becomes more widely used and tra-
ditional university library services fail to accurately under-
stand readers’ needs, more and more university students
are using the internet to look up study materials. This has
led to a gradual decrease in university library attendance
rates. Based on this research background, this chapter will
improve the KmA and combine it with reader behavior anal-
ysis to build a user profiling system suitable for libraries.

3.1 Improvements to the KmA

In the field of data analysis, KmA and mean shift clustering
(MSC) are two common clustering methods that partition
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datasets based on the similarity between data points. How-
ever, KmA has high computational efficiency, simple imple-
mentation, and is suitable for large-scale datasets. However,
MSC has a high computational complexity and may perform
poorly on high-dimensional data. Additionally, KmA centers
on clustering to attract similar data objects, whereas MSC
focuses on discovering mean patterns in the data. Consid-
ering the high dimensionality and large amount of reader
behavior data in university libraries, this study uses KmA
for cluster analysis. When performing a clustering analysis,
a lot of data are grouped together into classes according
to common criteria. A user portrait system for university
libraries will be built on the basis of the study’s clustering
of multi-feature data with the aid of CAs. A similarity matrix
will be constructed in the classification process based on
data similarity, and its expression is shown in equation (1).

Xy Xpp - Xy

A=|... ... . .. @
Xqg Xg - X
In equation (1), imeans that there are i data objects, and
J means that each data object has j features. The similarity
matrix A is a two-dimensional matrix, with rows represent-
ing data objects and columns representing features. The
element x; in the matrix represents the value of the j-th
feature of the i-th data object. Similarity between differ-
ent data objects is measured by calculating their distances.
The smaller the distance, the greater the similarity. The
larger the distance, the greater the difference. In selecting
the stability conditions, the study considers two aspects.
First, initial clustering centers are selected using a method
based on data distribution density to reduce the risk of local
optima. The second is the termination condition for CAs
iteration. To ensure the stability of the clustering results, the
iteration is stopped when the change in the cluster center
is less than a certain threshold or the maximum number
of iterations is reached. The degree of similarity between
different objects can be reflected by the distance between
objects, the smaller the distance means that the objects are
more similar, and vice versa means that the objects are more
different. In equations (2)-(4), there are three distance cal-
culation equations commonly used in clustering, and their
mathematical expressions.

Dy(a,b) = @

In equation (2), D; denotes the Euclidean distance
between objects a and b. a; denotes the coordinates of the
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object a. b denotes the coordinates of object b. n denotes the
dimension of the object point.

n
Dya,b) = Y |a; = by &)
i=1
In equation (3), D, denotes the city block distance
between objects a and b.

i~ bij‘ @

Dy(a,b) = max’ a
1<i<n
In equation (4), D, represents the Chebyshev distance
between objects a and b. The similarity coefficient, derived
from equation (5), can estimate the degree of similarity
between objects in the CA. The distance function can also
express similarity between objects.
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In equation (5), D'(a, b) denotes the similarity between

objects a and b. ¥\, jzlai]-bij represents the dot product

n 2y 2
i, j=1aijzi=1, jzlbij represents the

of objects a and b.
product of the lengths of objects a and b. In scenarios based
on vector space models, equation (5) calculates the cosine
similarity between two vectors. This measures the degree to
which the two vectors are similar in direction. The working
principle of the KmA is shown in Figure 1.

In Figure 1, the KmA is calculated by setting the number
of clusters K. Subsequently, K data are selected as clus-
tering centers in all data ensembles, and the remaining
data are classified into K categories by using the distance
equation. When the new cluster centroids are the same
as the previous ones, the clustering result will be output,
and if not, the data will be reclassified. If the new cluster

Recalculate the
centers of each
cluster

End
A
A
Y

Convergence or not

Initialize k cluster

Assign each data to

centers L the nearest class

0

Figure 1: Flow diagram of the KmA.
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centroids are still not the same, the process is repeated
again. The clustering result will not be output until the
centroids of the two clusters are the same. Because the
centroids used in classic KmA clustering are selected at ran-
dom, this could produce unstable clustering results that are
vulnerable to local optimal solutions. The study improves
the conventional KmA to somewhat overcome this flaw. By
treating the data ensemble as a cluster and clustering it
with a cluster number of 2, the improved KmA operates.
As a result, the two clusters that are closest to the cluster
center and the smallest cluster are selected and returned
to the cluster ensemble. Then, one cluster is selected from
the ensemble for clustering with cluster number of 2. The
aforementioned procedure is repeated up until K total clus-
ters make up the cluster ensemble. Equation (6) illustrates
the formula for this improved algorithm’s cluster center
calculation.

u= ],/mZx (6)

XES
In equation (6), u denotes the cluster center vector, S
denotes the data ensemble, m denotes the total number
in the B data ensemble. The corresponding mathematical
formulations are provided by equations (7)-(10), which use
the martingale distance to measure the distance between
data objects in the improved KmA.

H=EX) =X (Yg) 1 0

In equation (7), # denotes the mean, (1/, g)g><1 denotes

the g-dimensional column vector whose elements are all 1/g,
and X denotes the data sample matrix.
G =1gx"'x ®)

In equation (8), G denotes the autocorrelation matrix.

S=E{X-w'}=1gX"X - upu" ©)
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In equation (9), £ denotes the covariance matrix.

Dy(X;—X) = (% — “)Ti (i = u)

1

10)

In equation (10), Di denotes the Marcian distance from
sample X; to sample overall X. The behavior of readers
in university libraries is usually characterized by multi-
source heterogeneity. The traditional KmA is sensitive to
the initial clustering center and prone to getting stuck in
local optima. The combined multi-view KM can reduce
dependence on initial clustering centers and improve the
stability and accuracy of the clustering results by jointly
optimizing multiple views. Therefore, this study adopts
the combined multi view KmA to abstract reader behav-
ior data into multiple views, each corresponding to a
specific type of behavior feature. A more comprehensive
user profile can be constructed by jointly optimizing the
clustering objective function of multiple views and min-
ing the complementary information between them. Simi-
lar to Clifford-valued neural networks, which achieve sta-
ble analysis by decomposing high-dimensional structures,
this study abstracts multi-source behavioral data into inde-
pendent views, reducing dimensional complexity through
joint optimization [14]. The Marcian distance is calculated
based on the overall data sample, which can enhance the
accuracy of clustering results. Moreover, the equation per-
forms better in multi-view clustering, which can meet the
requirements of multi-dimensional multi-view features for
multi-view clustering. Figure 2 depicts the improved KmA’s
workflow.

In Figure 2, the improved KmA sets clear iteration
termination conditions to ensure the convergence of the
algorithm. Specifically, the algorithm stops iterating when
either the change in the cluster center is less than a certain
threshold or the maximum number of iterations is reached.
This ensures the algorithm does not run indefinitely and

Initialize cluster table
Input data set, number
. The number of
Start of clustering clusters i
K clusters in the current
cluster table A=1

Extract a cluster
Number of clusters B<=A
using K-means
algorithm B=0

Y

| .

Join cluster collection
Delete the original
cluster that generated
these two clusters

Figure 2: Working flow chart of the modified KmA.

A classical K-means
algorithm for K=2 on
extracted clusters
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can converge on stable clustering results within a reason-
able number of iterations. Furthermore, the enhanced KmA
mitigates the occurrence of local optima by meticulously
selecting initial cluster centers based on the density of the
data distribution. This initial clustering center selection
method, which is based on data distribution density and
the gradual updating process of clustering centers, helps
improve the stability of the clustering results. This ensures
the convergence of the algorithm. The combined multi view
KmA can integrate multi-source behavioral data of uni-
versity library readers, mine complementary information
between views, construct accurate user profiles, and sup-
port dynamic updates and personalized recommendations.
In practical applications, this algorithm can assist libraries
in optimizing resource allocation, improving service qual-
ity, better meeting reader needs, and thereby increasing
library resource utilization and reader satisfaction.

3.2 Building a user profile system
for university libraries combined
with reader behavior analysis

Behavioral analysis is proposed by the American psycholo-
gist Hunter [15]. A lot of useful information can be reflected
from various behavioral activities in people’s lives, and by
mining and analyzing this information, habits and pref-
erences in people’s lives can be derived [16]. The study
will provide some scientific basis for the portrayal of user
portraits by mining and analyzing the behavior of student
patrons in university libraries [17]. The basic structure of the
behavioral analysis is shown in Figure 3.
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In Figure 3, behavioral analysis contains static behav-
ior, dynamic behavior and the analysis of occurring events,
etc. Through behavioral analysis, a multi-dimensional and
multi-perspective feature system can be constructed. For
the behavioral analysis of library patrons, the following five
perspectives can be analyzed. First, the reader activity rate,
whose calculation equation is shown in equation (11).

RA=NJF §5)

In equation (11), RA denotes reader activity. N denotes
the number of times readers visit the library during the
time interval. F denotes the number of days readers visit
the library during the time interval. The second angle of
analysis is the usage rate of electronic resources, which is
calculated by the equation shown in equation (12).

LR=I/N (12)

In equation (12), LR denotes the rate of readers’ books
borrowed. L denotes the number of times readers borrowed
books during the time interval. The third angle of analysis
is the characteristics of the books borrowed by readers, and
the computational analysis is shown in equation (13).

tf(t;,d) xlog(M/m; + 0.01)
\/ ¥ [¢f(t, d) x log(M/m, + 0.01)]*
ted

In equation (13), w(ti, d) denotes the weight of feature
t; in all borrowed book texts, and d denotes the set of bor-
rowed book texts. tf(t;, d) denotes the word frequency of
feature ¢; in all borrowed book texts, and M denotes the total
number of borrowed book texts. m; denotes the number of

w(t,d) = (13)
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Static behavior
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Local features

T
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Figure 3: Schematic representation of the behavioral analysis structure.
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book texts in which ¢; appears in the set. The fourth angle
of analysis is the use of public resources within the library.
Public resources in the library include study rooms, reading
rooms, seating, self-service printers, etc. The equation for
calculating the usage rate of these resources is shown in
equation (14).

PR = pt+st+rt+ vtN (14)

In equation (14), PR denotes the usage rate of public
resources in the library. pt, st, rt, and vt are the number
of bookings for study rooms, reading rooms, seats and self-
service printers in the library respectively. The last angle of
analysis is the usage of electronic resources in the library,
which is calculated as shown in equation (15).

IR = Z(dx+sx)/N

xee

(15)

In equation (15), the usage rate of e-resources in library
IR. e denotes the collection of e-book repositories. d, denotes

I ]

Data processing

Multidimensional
feature system

T

SiMulti perspective
clustering

* User portrait

Figure 4: Schematic diagram of the working principle of the user
portrait system.

Web crawler
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the number of downloads in e-book library x. s, denotes
the number of down views in e-book library x. The analysis
of the reader’s behavior allows the construction of a multi-
perspective and multi-characteristic system, which helps
to provide an accurate portrayal of the user profiling sys-
tem. User profiling is based on real user data, abstracting
information about the user’s characteristics, based on this
information to understand the user’s real needs. Labeling
is the core work of user profiling. The research will use
design and thinking as a method to construct user por-
traits. Combined with the research, a user portrait system
based on improved KmA and reader behavior analysis for
university libraries is proposed, which works as shown in
Figure 4.

In Figure 4, there are many types of data involved in
this process of data collection and processing, and the work-
load is huge. Student arrival patterns are often highly corre-
lated with course density, homework deadlines, and exam
cycles. By integrating user behavior data with structured
data such as course schedules, exam schedules, and home-
work submission cycles, prediction accuracy and strategic
flexibility can be further improved. To this end, research
has used web crawling technology to capture data from
educational systems, gate card swipes, self-service systems,
and campus activity announcement platforms. External
data and user behavior data are aligned through times-
tamps to form a multidimensional dataset [18]. The journey
of this technique to obtain data information is shown in
Figure 5.

In Figure 5, the web crawler technology is the first
to initiate an access request to the system, crawling the
system page information and then extracting the required
information according to the web crawler exclusion crite-
ria. This selected information is then parsed and the key
information data is finally extracted. However, in the pro-
cess of crawling and transmitting information data, abnor-
malities in the data are inevitable. Therefore, processing
is required to enhance the quality of the data after it has
been collected using web crawler technology. The study
uses extraction-transformation-loading (ETL) technology to
process and load the data into a data ensemble [19, 20]. ETL

Extracting Key

Syfstem exclusion criteria Information
— » »

+»
E:b
=
=
=3
Automatic crawling
of information

Figure 5: Workflow of web crawler technology.

Parsing information
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Source data

aggregation

Perform data
conversion

Extracting reader
behavior data

Figure 6: Schematic diagram of the ETL technical workflow.

work includes data extraction, cleaning, transformation and
loading. Data extraction is the use of data interfaces to
extract data from the source data. The user profiling sys-
tem needs to choose incremental extraction for the library
where the patron behavior data changes over time, and
specific extraction frequencies can be set for different types
of data. Once the data has been extracted, it needs to be
cleaned. Data cleansing means that missing parts of the
data are filled in, incorrect parts are corrected, duplicate
parts are removed, etc. A fault-tolerant mechanism can be
constructed using RBF neural networks to correct sensor
errors and transmission noise in behavioral data, thereby
improving the reliability of feature extraction [21]. After
cleaning, the data remains in its original format, so the
format of the data varies between types. The ETL process
is shown in Figure 6.

Ultimately, the system completes the user portrait rep-
resentation by analyzing the processed reader behavior
data, building a multi-dimensional and multi-view reader
characteristics system, and using the improved KmA for
cluster analysis.

4 Performance testing of modified
algorithms and empirical analysis
of pictorial systems

The study will construct the algorithm in the computer pro-
gramming language java in order to test the effectiveness of
employing the improved KmaA it has suggested. Moreover,
the Balance-scale dataset will be selected as the dataset
for the algorithm comparison test, and the accuracy rate,
loss value, PR curve, and accuracy-recall curve will be used
as the evaluation index of the test results. Three majors
with comparable numbers in a university will be randomly
chosen for the comparison test with the goal to assess the
usefulness of the user profiling method suggested by the
study. The system usage satisfaction, perceived usefulness,
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New data
collection

and patron arrival rate will also be used as evaluation
indicators.

4.1 Improved KmA performance comparison
test

The study uses the conventional KmaA, partitioning around
medoid (PAM) CA, as a control method and examined the
improved KmA’s performance [22]. The test dataset is clus-
tered using the improved algorithm, KmA, and PAM algo-
rithms. On the balance scale dataset, each algorithm is run
30 times independently, randomly initializing the cluster
centers each time and recording the accuracy and loss val-
ues of each run. The accuracy and loss value results for each
algorithm are displayed in Figure 7.

At around 100 iterations, the accuracy and loss value
curves of the KmA exhibit a variety of accuracy changes,
but the loss value is unaffected. At around 300 iterations,
both accuracy and loss values begin to stabilize. The above
curves of the PAM algorithm also show a fast convergence
rate, with both accuracy and loss value starting to sta-
bilize at around 200 iterations. After 500 iterations, the
KmA has an accuracy and a loss value of 89 % and 6.7 %,
respectively, while the PAM method has an accuracy and a
loss value of 88 % and 7.7 %, respectively. After 500 itera-
tions, the accuracy of the improved algorithm is about 8 %
higher than that of K-means and PAM algorithms. Moreover,
the loss value of the improved algorithm remains stable
at 4.3 %, lower than K-means and PAM algorithms. Com-
pare the accuracy differences between improved KmA and
KmA and between improved KmA and PAM using paired
t-test. Using the Bonferroni correction adjust the signifi-
cance level to a = 0.025. The test results show that the accu-
racy of improved KmaA is significantly higher than that of
KmA (t =15.34, p < 0.001) and PAM algorithm (¢t =16.78,
p < 0.001). In addition, Figure 7 shows that the accuracy and
loss value curves of the improved KmA remain relatively
stable during multiple independent runs and stabilize after
300 iterations. This indicates that the clustering results are
stable during the iteration process. In contrast, the KmA
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Figure 7: Accuracy and loss value curves of the three algorithms.

experiences significant changes in accuracy after about 100
iterations. This is because traditional KmA tends to get
stuck in local optima due to its random selection of initial
clustering centers. This results in significant fluctuations in
clustering results under different running times. Figure 8
displays the accuracy-recall curves and PR curves for the
three techniques.

Figure 8(a) depicts the PR curves for the improved
algorithm, the KmA, and the PAM algorithms, all of which
exhibit a steadily declining trend. The better algorithm’s
area enclosed under the curve is the greatest, followed by

the KmA and the PAM algorithm. From Figure 8(b), the
accuracy-recall curves of all three algorithms show a grad-
ually decreasing trend, with the area contained under the
curve of the improved algorithm being larger than the
other two algorithms. In conclusion, the modified algorithm
clearly outperforms the KmA and PAM techniques. Using
the enhanced algorithm increases the accuracy of cluster-
ing. Figure 9 displays the outcomes of the trials that addi-
tionally examined the KmA and PAM algorithms’ running
times and the sum of their martingale distances in the
data set.

— TImproved K-means —— TImproved K-means|
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(a) PR curve (b) Accuracy recall curve
Figure 8: The PR curves and the accuracy-recall curves of the three algorithms.
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Figure 9: Time-consuming and Mahalanobis distance sum for the three algorithms.
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When there are 5 clusters, as shown in Figure 9(a), the
modified algorithm outperforms the comparison algorithm
with a running duration of 16s and a sum of Marcian dis-
tances of 7. As shown in Figure 9(b), when there are 10
clusters, the running time of the improved algorithm is
15s, and the total of the Marcian distances is 13, both of
which are noticeably faster than the times of the other two
techniques. Comprehensive Figure 9(a) and (b) shows that
when the number of clusters increases, the running time of
the improved algorithm remains stable and the speed is sig-
nificantly higher than the other two algorithms. Moreover,
the sum of the martingale distance is still lower than that of
the comparison algorithm, i.e. It reflects the advantages of
the algorithm in terms of high computational efficiency and
accuracy. Figure 10 displays the test results for experiments
to ascertain the impact of altering the threshold parameter
on the correct rate of the improved algorithm, the KmA, and
the PAM algorithm. These experiments are set up in three
sets of trials with respective cluster counts of 4, 5, and 6.

In Figure 10, the accuracy of all three algorithms
decreases as the threshold parameter increases, but the
accuracy stabilizes as it approaches 60 %. The revised
algorithm has a greater accuracy rate than the other two
algorithms in all three sets of experiments, even when accu-
racy is declining. In conclusion, the modified algorithm out-
performs the KmA and the PAM method in all evaluation
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indicators. This is demonstrated by testing its performance.
The application of the algorithm to the user profiling sys-
tem of university libraries can improve the accuracy and
efficiency of the system carving.

4.2 Empirical analysis of user profiling
system in university libraries based
on improved algorithm and reader
behavior analysis

In the comparison trial, majors that do not use a user pro-
filing system are designated Major 1, majors that used the
traditional user profiling system are designated Major 2,
and majors that used the proposed system are designated
Major 3. The comparison study lasts 67 days, and students
from the three majors are surveyed on days 30 and 60 of the
study regarding their satisfaction and perceived usefulness
of using the system.

In Figure 11(a), after 30 days of the experiment, the stu-
dent satisfaction and perceived usefulness of Major 3 are 8.3
and 8.1, respectively, both higher than the other two majors.
This means that the user profiling system proposed in the
study had the highest satisfaction and perceived usefulness.
This result also shows that the user profile system has the
highest satisfaction and perceived usefulness. Combining
Figure 11(a) and (b), it can be concluded that the satisfaction
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Figure 10: Effect of threshold parameters on accuracy.
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Figure 12: Admission rate of students in the three majors.

and perceived usefulness of students who did not use any of
the user profiling systems remained largely unchanged. Stu-
dents who used the user profile system shows an increase
in satisfaction and perceived usefulness. The students who
used the system proposed in the study shows the great-
est increase in satisfaction and perceived usefulness. This
suggests that the proposed system is superior for real-life
applications. The number of students visiting the library is
recorded on days 30 and 60 of the trial and the results are
shown in Figure 12.

In Figure 12(a), after the 30-day trial, students in all
three majors visits the library more often than the other
two majors each day for a week, with the highest atten-
dance rate of 70 %. In Figure 12(b), after the 60-day trial,
students of the three majors visits the library the most
times a day within a week, with the highest attendance
rate of 75 % for major 3, which is an increase from the

1 2 3 4 5 6 7

Days
(b) Survey situation using 60 days

30-day trial. That is, the study proposes that the user
profiling system can effectively improve the attendance
rate of university libraries and provide better services to
patrons. To further validate the performance differences
of the proposed improved KmA in different student demo-
graphics, this study separates undergraduate and gradu-
ate students from the original student data of the three
majors and constructs sub-datasets for each. Moreover, the
improved KmaA is compared with density based spatial clus-
tering of applications with noise (DBSCAN), hierarchical
clustering (HC), and Gaussian mixture model (GMM). The
clustering performance of the four algorithms on different
groups of students is shown in Table 1.

Table 1 shows that the improved KmA algorithm per-
forms well in both undergraduate and graduate popula-
tions. It has an accuracy rate of over 90 % and a contour
coefficient of over 0.60. These values are higher than those

Table 1: The clustering performance of four algorithms in different student groups.

Student group Index DBSCAN HC GMM Improved KmA
Underaraduate Accuracy/% 76.69 80.55 87.42 96.42
g Contour coefficient 0.46 0.51 0.61 0.68
Postaraduate Accuracy/% 70.57 73.26 80.32 94.17
g Contour coefficient 0.37 0.41 0.49 0.60
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of the DBSCAN, HC, and GMM algorithms. The results indi-
cate that the improved KmA performs well with various
student demographic data and is stable and superior.

4.3 Discussion

Although the manuscript focuses on the characteristics
and needs of university libraries, the improved K-means
CA and the reader behavior analysis method adopted by
the system are universal techniques in the fields of data
mining and user analysis. Moreover, different types of
libraries have certain similarities in data collection. There-
fore, manuscripts still have a certain degree of adaptability
in other types of libraries. However, there are significant
differences in library management systems, resource types,
and reader behavior patterns among different educational
institutions. And while the system improves the KmaA, it
also increases the complexity of the algorithm, which may
limit its application in environments with limited comput-
ing resources. Therefore, future research should promote
cross-institutional data standardization protocols, develop
unified data interface specifications, and ensure the com-
patibility of multi-source data to ensure that the proposed
system can be applied on a large scale in different educa-
tional institutions. Further optimization of the algorithm’s
resource consumption should be carried out to eliminate
unnecessary computing steps or migrate computing tasks
to cloud platforms that can dynamically adjust comput-
ing resources. In addition, this study constructs user pro-
files based on CAs without considering the influence of
time series. In the future, further exploration can be con-
ducted on the modeling ability of neural networks for non-
linear behavior patterns. For example, time-delay recur-
rent neural networks can capture the temporal dependence
of behavioral data through attention mechanisms. These
mechanisms can enhance the dynamic response capability
of portraits by identifying the lag correlation between job
submission cycles and arrival behavior [23, 24].

5 Conclusions

As information technology advances, people are relying
more and more on accurate recommendations from big
data, while traditional learning resource libraries, such as
university libraries, are experiencing a gradual decline in
usage. To solve this problem, the study proposed to combine
the improved KmA with reader behavior analysis and build
a university library user profiling system based on this.

Y. Gao and W. Gao: User profiling in university libraries =11

Comparing the enhanced KmA to the conventional KmA
and the PAM algorithm was examined. According to the
test findings, the upgraded KmA had an accuracy and loss
value of 97 % and 4.3 %, whereas the KmA’s accuracy and
loss value were 89 % and 6.7 %, respectively. Moreover, the
PAM algorithm’s accuracy and loss value were 88 % and
7.7 %, respectively. The improved KmA outperformed the
other two algorithms used for comparison. The improved
KmA was able to consistently outperform the comparison
algorithm in terms of accuracy with the influence of the
threshold parameter. The running time of the improved
KmA was 16s and 15s when the number of clusters was 5 and
10 respectively, which were both lower than the running
time of the KmA and the PAM algorithm, i.e. the algorithm
had the highest computational efficiency and large compu-
tational capacity. An empirical analysis of the proposed user
profiling system showed that it was effective in increasing
student attendance. Student attendance increased to 70 %
after 30 days and 75 % after 60 days of using the system. In
summary, the study proposes that the system can accurately
portray user profiles, provide good services to readers and
achieve the purpose of increasing the attendance rate of
university libraries.
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