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Abstract

With the relentless and groundbreaking advancements in internet technology, the aggregate vol-
CHEIEE

SCEGIFH: AMEK, S, — TR R R I 8 SRR R TR 55 AR TP RO R D). BT RIS PRIR, 2024, 13(3):
5659-5671. DOI: 10.12677/ecl.2024.133696


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2024.133696
https://doi.org/10.12677/ecl.2024.133696
https://www.hanspub.org/

IMENR, BRE

ume of data stored within network architectures is expanding at an unparalleled velocity. In this
context, the task of precisely and efficiently extracting the targeted information from the deluge of
data resources has emerged as a crucial and pressing issue demanding immediate attention and
resolution in contemporary times. In this study, we propose a new collaborative filtering algo-
rithm to generate recommendations in e-commerce products. There are two main innovations in
this study. First, we propose a mechanism for embedding temporal behavior information to find a
set of neighbors, where each neighbor has a very important influence on the current user or pro-
ject. Secondly, a new collaborative filtering algorithm is proposed by introducing neighbor sets
into probability matrix factorization. We compared the proposed method with several state-of-
the-art alternatives on actual datasets. Experimental results show that the proposed method is
superior to the existing methods.
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Figure 1. Probability matrix decomposition diagram
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Figure 2. User consumption network diagram
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Figure 3. Project consumption network diagram
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Table 4. Root-mean-square error of each algorithm with different user scores (books)
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SocialMF 0.8301 0.7423 0.7256 0.7541
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Table 5. Root-mean-square error of each algorithm with different user scores (movie)
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