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Abstract. This article proposes an intelligent information management system for uni-
versity books based on clustering and Extreme Learning Machine (ELM) to address the
issues of low efficiency and resource waste faced in the management of university li-
braries. Firstly, through clustering analysis of book data, the system can automatically
identify and classify books of different categories, simplifying the book management pro-
cess and improving management efficiency. Firstly, in response to the issues of long-
time consumption and low classification accuracy in current book automatic classification
methods such as Support Vector Machine and Feedforward Neural Network, research was
conducted to introduce Extreme Learning Machine (ELM) into the field of book classifi-
cation, and a Chinese book automatic classification model based on ELM was proposed.
This model takes the mixed features of books as the training object, and utilizes the ELM
algorithm to compute the hidden layer output matrix and neural network weights, thereby
obtaining the classification model. Secondly, a university book online recommendation al-
gorithm based on ISODATA clustering is introduced, capable of adjusting clustering accu-
racy and enhancing user satisfaction. Experimental results demonstrate that this method
surpasses traditional approaches in classification accuracy, prediction performance, and
recommendation quality, significantly improving the management level and user experi-
ence of university libraries.
Keywords: book classification; extreme learning machine; book recommendations; clus-
tering

1. Introduction. With the emergence of the knowledge economy era, the circulation
of books in the book publishing industry is constantly increasing, and the demand for
university book procurement is also growing rapidly [1], resulting in the collection of
tens of thousands of books in university libraries, with a huge quantity. The manual
classification of book cataloging in university libraries is time-consuming and laborious.
If book classification is done manually, it will not only be complex, costly, and inefficient,
but also the accuracy cannot be absolutely guaranteed [2].

With the continuous development of artificial intelligence, using computer-based ma-
chine learning technology to achieve various automation tasks has become the mainstream
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and trend in various fields [3], significantly enhancing the efficiency of conventional manual
processes. The use of advanced artificial intelligence technology to solve the informatiza-
tion and classification automation of library resources has become a research focus and
primary task of library expert system technology.

The collection of books in university libraries is growing continuously, and the tradi-
tional method of searching for literature through catalog systems can no longer meet the
urgent need of users to accurately retrieve books of their interest [4]. Therefore, building
a book recommendation system that meets user needs is of great significance for users to
quickly search and make accurate choices. Generally speaking, in addition to classification
and labeling, books are related to other books in terms of content and references, and
recommendation systems mainly search and recommend based on this information.

The book recommendation system based on book title, author, publisher, and book
theme still adopts a basic grammar-based retrieval method, which leads to information
accumulation due to the need to include a large amount of index information. The
problem of information accumulation can have an impact on the timeliness and quality
of recommended books, leading to user errors in book selection. A good recommendation
system should not only simplify user operations, but also enable users to work more
effectively. The book recommendation system should minimize data output, allowing
users to find the most suitable books in a very brief time based on their needs, enhancing
user experience and resource utilization.

1.1. Related Work. At present, many classification research results based on various
machine learning algorithms have been proposed in the field of Chinese text classification.
Common text classification methods include Naive Bayes, Class Center Vector, K-Nearest
Neighbor, and Support Vector Machine. He et al. [5] discussed an enhanced TF-IDF
algorithm-based text classification method, which overcomes the disadvantage of the VSM
that cannot effectively adjust weights, and uses Bayesian classification to enhance text
classification accuracy. Liu et al. [6] introduced a patent text classification method using
probabilistic hypergraph semi-supervised learning, which adopts a K-nearest neighbor
(KNN) strategy to enhance classification accuracy and decrease the number of needed
training samples.

In addition to the above machine learning algorithms, as a type of Extreme Learning
Machine (ELM) utilizing a single hidden layer feedforward neural network structure [7, 8],
it offers rapid solving speed and strong generalization, demonstrating excellent perfor-
mance in tasks like classification, regression, clustering, and feature learning [9, 10].

Regarding book recommendation algorithms, scholars both domestically and interna-
tionally have conducted relevant research. The commonly used algorithms for recommen-
dation systems include content-based recommendation, association rules, multi-model in-
tegration, and collaborative filtering algorithms. Content-based recommendation methods
utilize prior algorithms to search for associations and dependencies between rules. The
typical feature of recommendation systems based on multi-model ensemble algorithms is
the multi-classifier structure, which requires the execution of two different layers. In the
first layer, several basic classifiers are trained; in the second layer, ensemble methods such
as XGBoost or AdaBoost are used to combine the basic classifiers. The collaborative
filtering algorithm searches a large number of users and detects a small portion of users
who have similar interests in a certain attribute. Among them, similarity measurement
is an important component of collaborative filtering, which can identify the user set that
selects the attribute.

Cui et al. [11] discussed the importance of ontology-based personalized book recommen-
dation and collaborative filtering algorithm recommendation, and introduced the main
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methods and technologies of collaborative filtering recommendation systems. Phorasim
and Yu [12] developed a movie recommendation system, and proposed a new method for
recommending to current users based on user clustering. With the increase of library
collections and the development of the Internet industry, the recommendation accuracy
or retrieval efficiency of these methods can no longer satisfy the demands of accurate
recommendation of libraries. Collaborative filtering algorithm is a common book recom-
mendation technique, with an accuracy rate of 88% in research [13], which is relatively
low. However, when adding the Jaccard similarity coefficient in collaborative filtering, its
recall rate can reach a relatively high level. Content filtering methods typically recom-
mend based on the similarity between articles. Most recommendation systems are driven
by big data and can provide recommendations based on search popularity, relevance, and
book content. Data sparsity is the main problem of traditional book recommendation
systems, and the use of neural network-based personal ranking algorithms can solve this
problem. In addition, some context-aware rule-based techniques, as well as their latest
pattern analysis [14, 15], classification-based, or rule-based belief prediction techniques,
can be used to construct recommendation systems.

1.2. Contribution. This article addresses the issues of lengthy training times and poor
classification results in existing book classification models. It introduces a new machine
learning algorithm, Extreme Learning Machine (ELM), into book classification and pro-
poses an ELM-based model. ELM, a learning algorithm for single hidden layer feedforward
neural networks, eliminates the need to adjust hidden element bias and network input
weights during training, requiring only the setting of the number of hidden nodes. Com-
pared to traditional classification algorithms, it simplifies parameter selection, accelerates
training speed, and improves generalization.

ELM, as a single hidden layer feedforward neural network, offers fast speed and good
generalization by randomly setting the input weights of hidden elements and networks
without requiring adjustments during training. It can effectively overcome the shortcom-
ings of commonly used algorithms in book classification, such as SVM and BP networks.
Thus, this article introduces an ELM-based classification model that extracts mixed book
features using LDA and TF-IDF algorithms, and then trains the book feature informa-
tion using the ELM algorithm to obtain a classifier. In the training process, ELM allows
random setting of network input parameters, while the activation function and number
of hidden nodes must be manually chosen. This article conducts extensive experiments
to determine the optimal number of nodes and activation function. Additionally, to eval-
uate the advantages and disadvantages of the ELM-based classification model against
traditional models, classifiers were trained using SVM and BP neural networks, and the
classification performance of all three models was compared using the same dataset.

Secondly, this study introduces a precise recommendation method based on the ISO-
DATA clustering algorithm, which incorporates splitting and merging operations into the
k-means algorithm, and is extensively used in text mining and behavior analysis. This
algorithm enhances the flexibility of recommendation system classification by adaptively
determining the number of categories, particularly when dealing with large datasets where
manual categorization is impractical. Moreover, unlike traditional recommendation algo-
rithms, it leverages both user information and preferences, thereby improving the accuracy
and efficiency of recommendations.

2. Theoretical Analysis.

2.1. Overview of Automatic Classification of Chinese Books. The book classi-
fication number is crucial in book retrieval and inquiry, but as mentioned earlier, the
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traditional manual classification method is no longer suitable for the increasing number
of book publications. It is an urgent problem to replace manual work with machines to
complete this task.

Nowadays, the classification numbers of Chinese books are generated based on the
Chinese Library Classification System (referred to as Zhongtu Number). Zhongtu Number
is a notable large-scale classification system created and published after the establishment
of the People’s Republic of China, which uses a mixed number of letters and numbers and
adopts a layered numbering system. It divides all knowledge systems into 22 categories,
from A (Marx, Lenin, Mao Zedong, Deng Xiaoping Theory) to Z (Comprehensive Books),
and each category is further subdivided into several subcategories, such as A1 (Marx,
Engels’ works) and A2 (Lenin’s works) under category A.

There are many categories and complex levels in the Chinese Library Classification,
and generally speaking, the deeper the level, the fewer books there are. The premise of
machine learning is to have a certain amount of data support; for deep-level categories such
as TP311 (program design, software programming), because of the limited number of book
samples, the performance of classifiers trained using machine learning is unsatisfactory.

2.2. Feature Extraction. Feature extraction is a prerequisite for book classification,
and its main task is to quantify the feature words in book titles, abstracts, catalogs,
and other information to represent book information. Due to the fact that book titles
or abstracts are unstructured textual information that computers cannot recognize or
process, it is necessary to scientifically abstract these texts and establish mathematical
models to describe and replace them. This article mainly focuses on the TF-IDF model
and LDA Topic Model to extract feature information of books.

LDA is a document generation model that assumes that an article contains several
topics, each of which contains several words. It is widely used in fields such as text feature
extraction, article topic extraction, and sentiment analysis. The steps for constructing an
article using the LDA model are as follows: first, choose a topic with a certain probability,
then pick a word from this topic with a certain probability, and repeat this process until
the entire article is created [16, 17]. The joint probability of LDA is given by Equation (3).

p(θ, z, w, α, β) = p(θ | α)
V∏

n=1

p(zn | θ)p(wn | zn, β) (1)

where α and β represent parameters at the corpus level, which are the same for each
document and only need to be sampled once during the generation process. θ serves as
a variable at the document level, which is different for each document. Throughout the
entire generation process, each document is sampled only once; z is generated by θ, and
w is generated jointly by z and β, all of which are variables at the word level. A word w
corresponds to a topic z.

The LDA topic model can be used to obtain the “document–topic” distribution and
“topic–word” distribution of an article, which have wide applications in many fields. In
the field of machine learning, topics in the “document–topic” distribution are used as
document feature words for machine learning algorithms to complete classification or
prediction tasks. In the recommendation field, the distribution of items on topics is
calculated, and then the similarity between the distributions of two items on topics is
calculated to provide recommendations to users. Overall, using LDA topic models to
extract text topics as features is more effective in uncovering the core ideas of the text
compared to TF-IDF or VSM models, and has lower dimensionality. However, LDA
calculation is more complicated, time-consuming, and requires that the length of the text
should not be too short.
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2.3. Classification Model. Classification has long been a key research focus in ma-
chine learning, with many researchers contributing classic algorithms such as decision
trees, support vector machines, neural networks, and naive Bayes. Below, we will briefly
explain several commonly used classification algorithms and explore their advantages and
disadvantages in the field of book classification.

2.3.1. Support Vector Machine. The simplest idea for the classification task, given a train-
ing sample set of D = {(x1, y1), (x2, y2), . . . , (xn, yn)}, is to search for a hyperplane parti-
tion in the sample space. The partitioning of hyperplanes in the sample space is described
as follows:

ωTx+ b = 0 (2)

where ω = (ω1, ω2, . . . , ωd) represents the normal vector of the plane, b represents the
displacement, and obviously ω and b determine the position of the plane. The distance
from any point in space to a plane can be expressed as:

r =
|ωTx+ b = 0|

∥ω∥
(3)

If the hyperplane can perfectly partition the sample space, then let:

ωTxi + b ≥ +1, yi = +1 (4)

ωTxi + b ≤ −1, yi = −1 (5)

Obviously, finding a hyperplane that perfectly partitions the sample space and has
good generalization is equivalent to finding a partition hyperplane with the “maximum
interval”. That is, finding reasonable parameters ω and b that maximize γ while satisfying
the constraint conditions, that is:

max
ω,b

2

∥ω∥
(6)

The above formula can also be written as:

min
ω,b

1

2
∥ω∥2 (7)

The primary goal of SVM is to identify the optimal hyperplane for partitioning feature
space, focusing on maximizing the classification margin. Support vectors play a key role
in SVM classification decisions, meaning that the computational complexity is not related
to the dimensionality of the sample space, but depends on the number of support vectors,
which can to some extent avoid the “curse of dimensionality” [18, 19]. However, SVM
uses quadratic programming to solve for support vectors, requiring the calculation of m-
order matrices during the operation, which consumes a lot of memory and time when
facing large-scale training samples. In theory, SVM can only solve binary classification
problems, and to apply it to practical multi-classification problems, it requires strategies
to construct multiple binary support vectors while combining the advantages of other
algorithms to improve multi-classification accuracy [20].

2.3.2. Extreme Learning Machine. The extreme learning machine (ELM), a single hidden
layer neural network algorithm, can be described by a linear equation as: Hβ = T where

H =

g(a1 · x1 + b1) · · · g(aL · x1 + bL)
...

. . .
...

g(a1 · xN + b1) · · · g(aL · xN + bL)

 , (8)

β = [β1, β2, . . . , βL]
T ∈ RL×d, (9)
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T = [t1, t2, . . . , tn]
T ∈ RN (10)

If the activation function g(x) is infinitely differentiable, the input weight a of the neural
network and the bias b of the hidden layer nodes can be set randomly without adjustment
during training. For randomly initialized a and b, training a single hidden layer neural
network involves finding the least squares solution of the linear system Hβ = T . When
the number of hidden nodes L equals the number of input samples N , with randomly set
a and b, H becomes a reversible square matrix, allowing the network to fit the training
samples with zero error.

However, usually, the number of training samples exceeds the number of hidden nodes,
making H an N × L matrix, thus requiring the calculation of the Moore–Penrose pseu-
doinverse:

β̂ = H+T = (HTH)−1HTT (11)

Unlike traditional single hidden layer neural networks, the ELM algorithm does not
require adjusting the input weight a and hidden layer bias b during training. It only
needs to adjust the value of P according to the corresponding algorithm to achieve a
global optimal solution, greatly enhancing the training speed.

2.4. Introduction to clustering algorithms. A clustering algorithm is an unsuper-
vised learning method that partitions objects in a dataset into groups or clusters based
on similarity or distance. The aim is to maximize similarity within clusters and mini-
mize similarity between clusters for effective data grouping. Common clustering can be
classified based on partitioning, density, and hierarchy.

(1) Partition based clustering algorithm is a clustering algorithm that divides a dataset
into disjoint subsets. The basic idea is to divide the dataset into several clusters, and then
iteratively partition these clusters to obtain the clustering results. A typical algorithm
such as K-means [21] includes the main steps of initializing the centroid, calculating the
distance between sample points and the centroid, assigning sample points, and recalculat-
ing the centroid. Repeat the above steps until a certain stopping condition is met, such as
achieving the iteration count or the variance of the samples within the cluster no longer
changing.

(2) Density based clustering algorithm is an algorithm that clusters data sets based
on their spatial density. This algorithm defines a density threshold, considers regions in
space with a density greater than the threshold as clusters, and merges sample points
within the clusters into the same cluster. This algorithm can recognize clusters of any
shape and has good performance in processing noisy data. However, this algorithm poses
certain difficulties for datasets with large density variations, and requires adjusting den-
sity thresholds and other parameters to achieve optimal clustering results. The common
DBSCAN [22] clustering algorithm is density based clustering algorithm.

(3) Hierarchical clustering algorithm is a bottom-up or top-down clustering method,
whose main idea is to merge or separate similar or dissimilar samples by calculating the
distance between them, gradually forming a hierarchical clustering tree. Clustering meth-
ods can be classified into cohesive hierarchical clustering and split hierarchical clustering.
The former uses a bottom-up approach to gradually merge individual samples into larger
clusters, while the latter uses a top-down approach to gradually subdivide the dataset into
smaller clusters. The clustering strategy can be analyzed based on the specific scenarios
in which the algorithm is used.

3. Intelligent information management method for university books based on
Clustering and extreme learning machine.
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3.1. Automatic book classification based on extreme learning machine. The
purpose of this section is to construct a hierarchical classifier for the middle graph method,
using a mixed feature model and an extreme learning machine algorithm. Unlike typical
single-layer classifiers, hierarchical classifiers place greater emphasis on the hierarchical
relationships between categories. They decompose a classification task into several smaller
layers and construct classifiers in each layer. This mode can reduce computational com-
plexity and is suitable for situations with multiple hierarchical categories. The basic steps
are as follows:

(1) Data preprocessing: A word segmentation system is used to segment the biblio-
graphic information from the training and testing sets, and remove stop words and special
characters to obtain a word document distribution matrix.

(2) The LDA model is used to train the word distribution matrix for abstract infor-
mation, obtain the corresponding topic document distribution matrix, and determine the
optimal number of topics through multiple training comparisons. The TF-IDF model is
used to weight the word distribution matrix for book title information, and the two are
combined into a mixed matrix.

(3) Train the mixture matrix of the training set obtained in the previous step using the
ELM algorithm, construct a text classifier, and obtain a classification model.

(4) According to the classification model, predict the category of the test set.
(5) Repeat the above steps to obtain classifiers for the second and third level categories

respectively, and test the classification performance of the corresponding test set on the
classifiers.

Extreme learning machines are extensively used in fields like power monitoring and
image recognition, weather prediction, etc. due to their fast-training speed, good clas-
sification performance, and strong generalization ability. The core of extreme learning
machine is to find the least squares solution of linear system Hβ = T . Therefore, the
book classification algorithm based on extreme learning machine is described as Algorithm
1:

Algorithm 1 The book classification algorithm based on ELM

Input: TrainSetTr = {Tr1, Tr2, . . . , Trm}; TestSetTr = {Tr1, Tr2, . . . , Trn}; L; g(x).
++ Output: Classification mode TM; Training and testing time;

1: Loading training and testing sets;
2: Randomly generate hidden layer node parameters;
3: Calculate the hidden layer output matrix H;
4: Calculate output weights β;
5: Obtain the classification mode TM of Chinese books through H+β;
6: By comparing the training and testing sets, we obtained the accuracy and time metrics

for both training and testing.

3.2. Recommendation algorithm based on ISODATA clustering. This section
investigates a book recommendation algorithm based on ISODATA clustering. It in-
cludes three parts: data acquisition, preprocessing, and recommendation algorithms. The
dataset is sourced from Kaggle’s Goodreads Books knowledge base. Kaggle’s Goodreads
books repository contains seven datasets, of which four datasets (Books.csv, Book tags.csv,
Ratings.csv, and Max Rating.csv) were used according to algorithm requirements.
Firstly, preprocessing techniques were applied to merge all datasets. Then, the dataset
was denoised and vectorized to form a new dataset for analysis. Finally, clustering algo-
rithms were applied to accurately recommend books of the specified category to users.
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In recent years, recommendation algorithms based on k-means have developed rapidly,
which can improve data sparsity and algorithm scalability issues and have high recom-
mendation accuracy. This study proposes an improved k-means algorithm, namely the
ISODATA algorithm, for clustering-based recommendation. Compared with k-means, the
significant advantage of this algorithm is that it can dynamically adjust the number of
book categories k according to the actual situation. When the dataset is large, it is
difficult to manually determine the number of categories. In this case, the ISODATA
algorithm automatically adjusts the number of categories through splitting and merging
operations, enhancing the flexibility of the recommendation system.

 

               

              

          

         

          

               

            

                                      

                                  

               

           

             

            

               

        

   

            

              

          

                    

 

 

 

 

 

 

Figure 1. ISODATA algorithm flowchart.

Firstly, select Ko’s book as the initial cluster center in the dataset, denoted as C =
{C1, C2, C3, . . . , Ck}, calculate the distance from each book ai to each cluster center in the
dataset, and change its label to the category corresponding to the nearest cluster center,
such as “Sense and Sensibility” being labeled as a “romantic” book and “Treasure Island”
being labeled as an “adventure” book. If the number of books in a certain category is less
than the set threshold Nmin, the category will be deleted, that is, K = K − 1, and the
category of each book in the dataset will be recalculated. After temporarily determining
the number of categories, recalculate the cluster centers for each category, which are the
centroids of all books in that category:

ci =
1

|ci|
∑
a∈ci

a (12)

After obtaining the new cluster center, it is necessary to determine the size of the K
value of the current number of book categories. If K < K0/2, it is necessary to determine
whether to perform a category splitting operation: first, calculate the intra-class variance
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of all book categories, traverse each category, and if the following conditions are met,
perform a splitting operation on it: {

σi > Σ
ni > 2Nmin

(13)

where Σ is the intra-class variance threshold, determined based on the overall dispersion
of the book dataset; ni is the number of samples in class i.

The splitting operation divides the categories that meet the conditions into two subcat-
egories, such as splitting the “horror category” into “adventure category” and “suspense
category”. At this time, K = K + 1, and the clustering centers mi1 and mi2 are:{

mi1 = mi + σi,
mi2 = mi − σi,

(14)

where mi is the cluster center of the split category.
If K > 2K0, it is necessary to determine whether to perform a merge operation: first,

calculate the inter-class distance d(i, j) of all book categories, where d(i, j) = 0, traverse
each category pair, and if the following conditions are met, perform a merge operation on
them:

d(i, j) < D, (i ̸= j) (15)

where D is the inter-class distance threshold.
The merge operation is to merge the categories of two books that meet the conditions.

Its effect is opposite to the split operation. At this time, K = K − 1, and the new cluster
center mij can be represented as:

mij =
1

ni + nj

(nimi + njmj), (16)

where ni and mi respectively represent the number of books and the centroid of the
i-th and j-th merged categories.

4. Experiment.

4.1. Data set. The dataset used in this experiment is the Goodreads book dataset repos-
itory. This dataset stores rating data for 10,000 best-selling books. This dataset consists
of seven tables, namely Books.csv, Generators.csv, Book tags.csv, Max rating.csv,
Ratings.csv, Read.csv, and Tags.csv.

4.2. Evaluating indicator. This article selects two evaluation metrics for recommen-
dation algorithms to evaluate the performance of the ISODATA algorithm, namely the
contour coefficient and Rand index. These two metrics primarily assess the clustering
performance of the dataset, with higher values indicating better clustering results.

The prediction accuracy of book recommendation systems is also an important indicator
for evaluation. The accuracy metric performs poorly on imbalanced datasets; for example,
when a user has 10 books they are interested in and 90 books they are not interested
in, even if the classifier labels them all as not interested, there is still a 90% accuracy
rate. Therefore, the receiver operating characteristic (ROC) curve is used to evaluate
the predictive accuracy of the book recommendation system. The ROC curve [19] is
commonly used in machine learning and deep learning to visually summarize classifier
accuracy. Unlike the P–R curve, the ROC curve’s shape remains relatively stable even
when the number of positive and negative samples varies. This stability allows the ROC
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curve to minimize interference from different test sets and objectively measure model
performance.

The prediction problem in this study can be divided into two categories: the books that
users are interested in are referred to as positive examples; if the user is not interested, call
it a negative example. Therefore, there are four possible types of classification instances.
A correctly classified positive case is a True Positive (TP), while an incorrectly classified
one is a False Negative (FN). A correctly classified negative case is a True Negative (TN),
and an incorrectly classified one is a False Positive (FP). Based on the above classification,
evaluation indicators such as Precision (P), FP rate (FPR), Recall rate (R), TP rate
(TPR), and F1score can be defined, which are expressed as follows:

P =
TP

TP + FP
(17)

FPR =
FP

TN + FP
(18)

TPR =
TP

TP + FN
(19)

F1score =
2× P ×R

P +R
(20)

where R measures the proportion of recommended books that users are interested
in, while the FPR calculates the proportion of recommended books that users are not
interested in. The F1score calculates the harmonic mean of recall and precision. The
maximum value for F1score can be 1.

4.3. Experimental results and analysis. The confusion matrix, a common tool for
evaluating classifier performance, is detailed in Table 1 for the test results. The test con-
tains 1000 samples, with 400 positive cases and 600 negative cases, respectively. Using the
proposed extreme learning machine and clustering algorithm, 793 samples were correctly
classified and 207 samples were misclassified, generating a confusion matrix as shown in
Table 1. From the classification results, this algorithm has good classification accuracy.

Table 1. Test result.

Predict category Positive sample Negative sample Total
True 302 109 411
False 98 491 589
Total 400 600 1000

At the same time, experimental verification was conducted on the book recommendation
situation for real users. The dataset was divided into ten small datasets containing 1000
samples and tested on ten different users. The indicators TPR, FPR, and F1score were
calculated for each user. Table ?? shows the experimental results. It can be seen that
User 1 has a higher TPR than other users, which means that it has the highest probability
of recommending a book list that interests the user; User 3’s FPR is 33%, indicating it
can better help users discover and eliminate books they are not interested in. The F1
score is more useful than accuracy as it balances precision and recall.

Due to the algorithm used by the research institute focusing on the classification results
during classification, it is difficult to calculate the classification confidence and directly
plot the ROC curve. Thus, a TPR–FPR distribution chart was created based on the
ROC curve definition to visually present the test results, as shown in Figure 2. The chart
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Table 2. Experimental result.

Test Number TPR FPR F1score
1 0.66 0.34 0.608
2 0.51 0.42 0.485
3 0.65 0.33 0.605
4 0.57 0.41 0.513
5 0.58 0.35 0.538
6 0.52 0.40 0.543
7 0.56 0.40 0.575
8 0.63 0.36 0.607
9 0.60 0.36 0.587
10 0.58 0.38 0.565
Average Value 0.587 0.377 0.5625

shows that the TPR–FPR distribution is closer to the upper left corner, indicating good
algorithm performance.

 

Figure 2. TPR–FPR distribution.

This study compared the clustering performance of the proposed algorithm with the
k-means algorithm across the entire dataset. Figure 3 shows the comparison of contour
coefficients and Rand indices for both algorithms with k = 8. The results indicate that the
proposed algorithm outperforms the k-means algorithm in both metrics for this dataset.

Finally, comparative experiments were conducted between the proposed algorithm and
the k-means clustering algorithm on ten datasets, using F1score the same evaluation met-
rics. Figure 4 displays the results, showing that the proposed algorithm outperforms the
k-means algorithm in all but the second and fourth datasets. This indicates that the
book recommendation system based on the Extreme Learning Machine and ISODATA
algorithm offers better accuracy compared to traditional recommendation systems.
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Figure 3. Comparison of clustering algorithms.

 

Figure 4. Comparison of recommendation results.

5. Conclusion. This article introduces an intelligent information management system
for university books that utilizes clustering and ELM to address issues of inefficiency
and resource waste in library management. First, for book classification, the proposed
system employs the ELM algorithm to create a Chinese book classification model. This
model uses mixed book features for training and generates an efficient classification model
by computing the hidden layer output matrix and neural network weights. Experimental
results demonstrate that this model significantly improves classification accuracy and pro-
cessing speed compared to traditional methods, thereby enhancing library management
efficiency. Second, for book recommendations, the article proposes an online recommenda-
tion algorithm based on ISODATA clustering. This algorithm adjusts clustering accuracy
dynamically to improve recommendation precision and user satisfaction. By analyzing
book data clusters, the system can automatically categorize and classify books, stream-
line management processes, and offer personalized recommendations. The results show
that this approach surpasses traditional methods in classification accuracy, prediction
performance, and recommendation quality, thereby enhancing library management and
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user experience. Overall, the proposed system based on clustering and ELM significantly
boosts management efficiency, optimizes resource allocation, and improves user satisfac-
tion, supporting the modernization of university libraries.
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