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Group Recommendation Method Based on Weaken-Concept Similarity

FAN Min*%, ZHANG Jie!'?, LI Jinhai'?

(1. Data Science Research Center, Kunming University of Science and Technology, Kunming 650500, China;2. Faculty of Science,

Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Concept cognition and knowledge discovery from network data are important research directions
of machine learning and artificial intelligence under the network background, and have been introduced into
the study of recommendation system. The existing recommendation methods based on concept lattice
ignore the network structure relationship between nodes. At the same time, the efficiency of constructing
concept lattice is low and the constraints of constructing concept set are strict, which is difficult to realize in
large-scale social networks. In order to solve these problems, this paper integrates the topology of complex
networks and weaken-concept similarity under the framework of network formal context, and proposes a
group recommendation algorithm based on weaken-concept similarity. Firstly, the importance of attributes
is described by defining attribute degree and attribute density, and then the expert nodes are determined by
using the improved node influence. Secondly, the community is divided by expert nodes, the group
recommendation research is carried out by using the lower limit similarity of attribute weaken-concept in the
divided community, and then the recommendation rules are obtained and the group recommendation is

applied to the corresponding communities. Finally, the influence of various parameters on the algorithm is
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analyzed on Movielens and Filmtrust datasets, and reasonable values of the parameters are determined.
After that, the proposed algorithm is compared with other recommended algorithms, and the experiments
show that the proposed algorithm is effective.

Key words: formal concept analysis; network formal context; node influence; weaken-concept similarity;

group recommendation
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Table 4 Precision comparison of different algorithms

A E/TES GRAWS UBCF IBCF GR ETBR TFC

ML-1m 0.436 4 0.412 3 0.405 5 0.424 7 0.428 9 0.416 3
ML-100k-ul 0.704 8 0.6811 0.690 2 0.682 2 0.702 3 0.6817
ML-100k-u2 0.619 2 0.602 3 0.594 3 0.614 3 0.620 1 0.604 3
ML-100k-u3 0.629 7 0.605 8 0.6113 0.612 4 0.626 6 0.6155
ML-100k-u4 0.549 5 0.523 4 0.526 6 0.536 6 0.541 3 0.536 6
ML-100k-u5 0.576 1 0.552 3 0.564 3 0.574 8 0.569 7 0.568 0

Filmtrust 0.423 9 0.4177 0.420 1 0.416 9 0.4318 0.427 8
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Table 5 Recall rate comparison of different algorithms
Kt b GRAWS UBCF IBCF GR ETBR TFC
ML-1m 0.2184 0.196 2 0.204 3 0.206 2 0.213 4 0.203 8
ML-100k-ul 0.682 3 0.667 8 0.6711 0.664 5 0.678 8 0.675 4
ML-100k-u2 0.586 8 0.573 4 0.563 7 0.5711 0.5814 0.580 1
ML-100k-u3 0.606 7 0.582 3 0.594 4 0.586 7 0.590 2 0.594 6
ML-100k-u4 0.5277 0.496 8 0.530 6 0.5119 0.523 1 0.528 9
ML-100k-u5 0.547 9 0.540 1 0.552 2 0.5418 0.542 2 0.543 3
Filmtrust 0.422 6 0.4216 0.413 3 0.409 7 0.418 8 0.420 1
%6 REEEMFEXE
Table 6 F, value comparison of different algorithms
VAEIE S GRAWS UBCF IBCF GR ETBR TFC
ML-1m 0.298 8 0.267 5 0.2727 0.280 1 0.272 9 0.280 0
ML-100k-ul 0.693 4 0.674 4 0.680 5 0.673 2 0.690 3 0.678 5
ML-100k-u2 0.602 5 0.587 5 0.578 5 0.5919 0.600 1 0.592 0
MIL-100k-u3 0.6180 0.593 8 0.602 7 0.599 3 0.607 9 0.604 9
ML-100k-u4 0.5384 0.509 7 0.528 6 0.524 0 0.532 0 0.532 7
ML-100k-u5 0.561 6 0.546 1 0.558 2 0.557 8 0.5556 0.555 4
Filmtrust 0.423 3 0.419 6 0.416 7 0.413 3 0.425 2 0.423 9
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Fig.5 Precision comparison chart of different algorithms Fig.6 Recall rate comparison chart of different algorithms
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Fig.7 F, value comparison chart of different algorithms
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