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Abstract. This paper establishes a library-collected document lending system based on data mining
technology. This paper uses the statistical method of probability theory of association rules between
multi-dimensional attributes to mine the regularity of document usage. Through this method,
corresponding decisions can be made to optimize the layout of the library's collections. This paper
uses data mining methods such as cluster analysis and association analysis to establish a data
mining processing model. This method records the retrieval behavior of teachers and students. In
this way, the interest points of teachers and students' demand books can be summarized. Finally,
according to the above scheme, a simple experimental system is implemented, and the experimental
results are verified and tested. The research finds that this paper's bibliography recommended by
the book recommendation system using data mining technology is consistent with the borrowed
bibliography. Compared with the traditional method, the judgment accuracy of the algorithm is greatly
improved.

Keywords: Probability theory, Statistical method, Library literature, Book lending system, Data
mining.

1. Introduction

The continuous development of colleges and universities and the continuous increase in the
number of students have led to a geometric increase in library resources. At present, solving the
problem of information overload faced by readers has become a necessary standard to measure the
quality of personalized service in university libraries. The traditional book viewing efficiency is low,
and the utilization rate of library resources is not high [1]. The importance of accurately capturing the
needs of different readers and providing them with high-quality, targeted, and personalized book
recommendation services is self-evident. The customized book recommendation is an essential means
to optimize the service level of university libraries in the new era. This method is beneficial to
stimulate the reading interest of teachers and students in colleges and universities and can improve
the utilization rate of book resources [2]. This paper is based on the four-year book borrowing log of
college students. We conduct data mining on borrowing logs through association rules and Bayesian
network algorithms. In this way, personalized book recommendations can be realized, and the service
level of the library can be improved.

At present, most of the hot research is through the improvement of various recommendation
algorithms. These methods aim to improve the accuracy of the recommendation and improve the
quality of the request. However, the personalized semantics for different users cannot be fully
reflected, and the research on mining the category relationship between model data attributes is not
sufficient. This paper uses borrowing time as the primary dimension to conduct data mining through
the association rule algorithm [3]. We use the Bayesian network to perform semantic verification on
association rule mining results. This can improve the accuracy and reliability of the recommendation
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results. This method conducts an in-depth analysis of linked data and recommendation results. Finally,
this paper proposes the corresponding personalized recommendation strategy. This can improve the
level of library recommendation services.

2. Research Process

2.1. Data acquisition and processing

This paper selects 1,000 readers from the 2018 undergraduates (with a four-year schooling period)
through stratified sampling. We extracted the borrowing log data of the sampled readers from
September 2018 to June 2021 through the book borrowing management system. This sample of
readers covers 17 majors, including medical testing technology, medical imaging technology,
rehabilitation therapy, pharmacy, nursing, and social work. A total of 29,211 borrowing log data were
obtained this time [4]. We select the following fields for the sampled sample: reader barcode, call
number, title, reader unit, borrowing grade (operation date), reader major, etc. We extract the required
fields as shown in Table 1.

Table.1. Association rule mining results

Program number Program

1 R47, H31, D92, B84
2 TP3, R47, R71, D92
3 TP3, R47,R71, B84
4 TP3, R71, B84, D92
5 H31, R47, R71, D92
6
7
8

R47, R71, D92, R192
TP3, H31, R71, D92
TP3, R47, B84, D92

9 H31, R47, R71, B84
10 H31, R91, B84, D92
11 TP3, R71, D92, R192
12 TP3, H31, R47, R71
13 TP3, H31, R71, B84
14 TP3, R47, R71, R192
15 R47, R71, B84, R192
16 R71, B84, D92, R192
17 TP3, H31, R47, D92

2.2. Apriori algorithm and Bayesian network

The Apriori algorithm is an algorithm for mining data association rules. We extract frequently
occurring data from data values to form a dataset and further analyze it. Multi-dimensional association
rules need to examine the number of readers, book types, majors, and grades in the reader's loan log.
The article mines the association rules between these data. The goal of the Apriori algorithm is to
find the most extensive frequent set of K items. The algorithm can be divided into 2 steps. First, we
iteratively retrieve the recurring settings that meet the support criteria in the database. The goal is an
item set whose support is not lower than a set threshold. Then we construct a rule that satisfies the
minimum trust degree of users through frequent itemsets. The specific steps of the Apriori algorithm
are as follows: We first retrieve a candidate item set and record it through the iterative idea. Next, we
find its corresponding support [5].

We prune and remove the 1 item set lower than the support degree to get the frequent 1 item set
and record it as C1. Then we concatenate the remaining frequent itemsets to get the candidate's regular
two-item sets. At this point, we call it L2. We filter out the candidate frequent two itemsets lower
than the support degree to get the true frequent two itemsets. Let's call it C2. And so on and so on
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until no frequent k+1 itemsets can be found. The set of corresponding regular k itemsets is the output
result of the algorithm. The location of the results we get satisfies the minimum confidence. This is
also the result of definite association rules. We can mine helpful information and directions from
historical data.

The ideological basis of the Bayesian network is as follows: we solve the probability of each
category appearing under the condition that the item to be classified seems [6]. The formal definition
of Bayesian network classification is as follows:

(1) Suppose x={a,,a,,a,,---,a, }is an item to be classified, and each @ is a feature attribute of X.

(2) There is a definite set denoted as C ={y,, ¥,,--*,a,}.

(3) We find a set of known classification items to be classified (training set). At this point, we
statistically obtain the conditional probability estimates of each feature attribute under each category.

P(@, | ;) Py | Yy)eee p(@, | Y1)
p(81 | YZ)7 p(az | yz)v """ p(am | yz);

p(az | yn)’ p(az | yn)1 """ p(am | yn)!
If each feature attribute is conditionally independent, the following derivation can be obtained
according to Bayes' theorem:

~ p(X]y) p(y;)
p(y, lx)_—p(x) (1)
(4) Each category is calculated as follows:
pP(x|y)p(y) = p(@ | y))p(a, | yi)--- p(@, | i) p(y;) = p(yi)f[= p(a;[v:) (2)

(5) We take the most crucial term of P(xIy)P(¥)) as the category to which X belongs.

2.3. Personalized Recommendation Model Based on Association Rules and Bayesian Networks

We build a personalized recommendation model through association rule mining algorithms,
historical data pruning, and Bayesian network correction (Figure.1.). The model makes the original
database based on the reader's 4-year borrowing log data. We preprocess the data and input it into the
Apriori algorithm. This also acts as an association rule mining module. We combine the association
rule mining results into an association rule set. We prune it with historical data. We will prune data
below the average. At this point, an optimized association rule set is obtained. We use the Bayesian
network standard library to perform semantic verification through the Bayes algorithm [7]. We sort
the associated itemsets by probability. We analyze the books borrowed by readers based on
association rule mining. This paper obtains the output results through Bayesian network optimization,
and a personalized recommendation strategy is formulated.
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2.4. Book Personalized Association Recommendation Algorithm

Dais the borrowed data for the preprocessed readers. The algorithm mines association rules from
D2. We prune the frequent itemsets in the mined association rule set through historical data. In this
paper, the Bayesian network verifies the pruned association rule set. At this point, we get the
optimized set of association rules. In this way, a personalized book recommendation scheme is
developed [8]. Where Algorithm 1 will call Algorithm 2.

Algorithm 1: Bayesian personalized association rule recommendation algorithm

Input: D,
.S

output: P

Begin:

1) This article obtains the borrowing data of readers after preprocessing and denote it as Dl.

2) According to the Apriori algorithm, we set the support degree Support_de—gree and generate
the k itemset. We obtain frequent itemsets Si, Sx€ Sj, K€ [1, n] to be recommended to readers through
Apriori algorithm, n is the number of items.

3) User user historical data is recorded as Huser. We combine Huser and call Pr une(S;, Huser).
We perform personalized semantic pruning on Sjand output Sr= {SrSrESi} .

4) If Sr satisfies the set k item set requirements, then go to step.

5) Otherwise, go to step 2) until the k itemset requirements are met.

6) We construct a borrowing record database D2 that reflects readers' interests.

7) We take Sr as the input to the Bayes algorithm. We run the Bayes algorithm to output Sp, Sp=

{Sy|SyESi} sorted by reader interest.

8) Return (Sb); Sv is the recommended solution.

End

Among them Na is the selected threshold.

2.5. Evaluation of Recommendation Algorithms

Generally, we can evaluate the recommendation results according to the precision rate and recall
rate. Recall rate refers to the proportion of recommended books that meet the reader’s interest in the
reader's interest set. The accuracy rate refers to the ratio of recommended books that meet readers'
interests in the total recommended book collection. The calculation formulas of recall rate and
precision rate are shown in formula (3), formula (4), and formula (5).

Recall rate:
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)

Accuracy:

2L (4)

P — i=1
" MxN
The harmonic means of the two:
2xR xP
F = e r
R.+P ©)

Among them, Pi is the total number of books that represent the reader's interest. Li indicates
recommended books that match the reader's interests. M is the total number of readers. N means the
total number of recommended books. When the F value is higher, the recommendation effect is better.

3. Analysis and discussion of experimental results

We use 29211 items as the original borrowing data for data mining. (1) We perform association
rule mining on the borrowing database. We select a reader and prune it with his personal history of
borrowing books [10]. We analyzed borrowing records from a single study subject. This paper uses
the Apriori algorithm. Set the support to 0.05 to get frequent item sets (Table.1.), and we use the
Bayesian network to perform personalized semantic verification on the itemsets to get the results
(Table. 2.). By comparing Table 1 and Table 2, we can find that the results mined by the association
rules in Table 1 do not meet personalization requirements. Based on Table 1, this paper uses the
Bayesian network to perform personalized semantic verification to obtain the probability ranking of
priority recommendations. In this way, a personalized book recommendation for different readers is
realized. To get customized book recommendation results, we selected nursing readers with student
number 3130608019.

The top 5 book sets recommended by this algorithm are R47, R71, B84, R192; R71, B84, D92,
R192; R47,R71, D92, R192; R47, H31, D92, B84; TP3, H31, R71, D92. Therefore, the priority order
of personalized recommended book types is {R47, R71, B84, R192, D92, TP3}. We demonstrate the
effectiveness and authenticity of customized recommendations for a single reader by analyzing the
reader's visit [11]. The types of books that the reader is interested in are R47 (Nursing), R71
(Obstetrics and Gynecology), B84 (Psychology), R192 (Nurse Vocational Qualification
Examination), D92 (Medicine and Law), TP3 (Computer Science) grade exams). The results are in
line with the borrowing rules of the reader's nursing major.

The algorithm of this paper is used to mine and analyze 29211 loan log data. The thresholds of
association rules are respectively set as Rule 1: 0.0345; Rule 2: 0.0462; Rule 3: 0.0511; Rule 4: 0.2876;
Rule 5: 0.0786; Rule 6: 0.0899; This paper uses book recommendation accuracy (Pr), recall (Re) and
harmonic mean F as the test indicators. The larger the F value, the better the recommendation effect
[12]. We mine and analyze the borrowing log data through different recommendation algorithms. The
experimental results are shown in Figure.2. and Table.3.
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Table.2. Bayesian personalized semantic verification results
New recommended serial Original item set serial -
Program Priority
number number
1 15 R47, R71, B84, 0.02151
R192 1
2 16 R71, B84, D92, 0.02154
R192 5
3 6 R47, R71, D92, 0.02016
R192 8
4 1 R47, H31, D92, B84 | OO0
5 7 TP3, H31, R71, D92 0'011861
6 5 H31, R47, R71, D92 0'0%3816
7 1 TP3, R71, D92, 0.01802
R192 1
TP3, R47, R71, 0.01890
8 14 R192 4
9 12 TP3, H31, R47, R71 0'0%3865
10 17 TP3, H31, R47, D92 0'011852
11 10 H31, RO1, B84, D92 0'0%816
12 9 H31, R47, R71, B84 0'011659
13 3 TP3, R47, R71, B84 0'011611
14 13 TP3, H31, R71, B84 0'02408
15 8 TP3, RA7, B84, D92 0'0%3268
16 2 TP3, R47, R71, D92 0'0%885
17 4 TP3, R71, B84, D92 0'0%685
1
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Figure. 2. Test comparison results of recommendation algorithms
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It can be seen from Figure 2 that the book recommendation accuracy and recall rate of the
algorithm in this paper are higher than other recommendation algorithms. This shows that the
personalized recommendation of the algorithm in this paper is highly reliable and accurate.

Table.3. Harmonic mean of different recommendation models in three groups of experiments

Recommendation algorithm | Experiment 1 | Experiment 2 | Experiment 3
Collaborative filtering 0.633 0.798 0.668
Keyword recommendation 0.773 0.737 0.789
Content recommendation 0.773 0.321 0.717
Algorithm 0.912 0.869 0.919

The higher the harmonic mean F, the higher the recommendation accuracy. In this paper, the F
value of book recommendations using this method is higher than other algorithms. Book
recommendation accuracy is high, and reliability is good. This shows the superiority of this method.

4. Conclusion

This paper is based on the library book borrowing log data. This paper obtains a book personalized
recommendation model by combining association rule mining and Bayesian network verification.
The model can filter out the books that readers are interested in. Compared with other
recommendation algorithms, this algorithm has high accuracy, high reliability, and a good
recommendation effect. We can grasp and understand the interests and needs of readers of different
grades and different majors in the data mining and analysis of borrowing logs. Moreover, this paper
can provide book recommendation services according to the school's discipline construction and
professional structure. This is more in line with the requirements of personalized book
recommendations.
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