Hans Journal of Data Mining #(##2#, 2025, 15(3), 271-278 Hans )
Published Online July 2025 in Hans. https://www.hanspub.org/journal/hjdm
https://doi.org/10.12677/hjdm.2025.153023

ETMMR-DeepFMEE BIEIEEEBHE
HiEMR

igE', B R', Tmi', BB, RAa”

e E AR R RS TR, IR
R E R A, R TR

Weks Hi: 20254F6 H16H; FHER: 20254F7H9H; KA HH: 20254F7H16H

wm B

RENE B B R E R RES AR HEF RN HEERS, ACRH T —MRE R R1L%
#H 3¢ (Maximal-Marginal-Relevance, MMR) & i 1 i & (A T 4) f## Hl. (Deep Factorization Machine,
DeepFM)IR & % 5] #4245 IMMR-DeepFM B AL . R+ EIGHER2EE B EHIEHT
THEAGANR, SHEEB#HERELE, XCRH K EFH#EEREET DU S HEm A 2 A b H ohE
HFHERT, RAREEBERBMERSE.

KA
MMR, DeepFM, EH#fEE

Research on Book Recommendation
Algorithm for Library Readers
Based on MMR-DeepFM

Yihan Wang?, Chen Feng?, Xiaoxiao Wang!, Dengfeng Xie?, Lihong Zhang?*

Faculty of Information Science and Engineering, Ocean University of China, Qingdao Shandong
2Library of Ocean University of China, Qingdao Shandong

Received: Jun. 16", 2025; accepted: Jul. 9t, 2025; published: Jul. 16, 2025

Abstract

To enhance the utilization rate of library book resources and provide personalized recommendation
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services for readers more effectively, an MMR-DeepFM book recommendation model that inte-
grates the Maximal-Marginal-Relevance (MMR) algorithm and the Deep Factorization Machine
(DeepFM) deep learning neural network is proposed in this paper. The model was trained and
tested using reader data from the Information Department of Ocean University of China. Compared
with other book recommendation algorithms, the proposed algorithm in this paper can recommend
books more accurately and diversely to readers, ultimately increasing the borrowing rate of library
books.
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Figure 1. Investigation results of the issure “Can you usually find the paper and electronic books and periodicals you need

through the library?”
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Figure 2. Investigation results of the issure “How do you usually choose to borrow or download paper books and e-books?”’
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Figure 3. Schematic diagram of the book recommendation algorithm based on the MMR-DeepFM model
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Figure 4. Schematic diagram of the DeepFM model structure [11]
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Table 1. Algorithm comparison experiment results
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