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Group recommendation algorithm based on symbolic data analysis

GUO Jun-peng NING Jing SHI Zhi—qi
( Dept. of Management & Economics Tianjin University Tianjin 300072  China)

Abstract: The group user profile in traditional group recommendation is described by singlevalued data. This results in the
loss of data information and being difficult to meet the demands of all the memebers of the group. Aimed at this problem this
paper took the method of symbolic data analysis aggregating individual ratings of the group into interval symbolic data into ac—
count. It proposed a novel distance considering the descriptive statistics of individuals within the intervals. Based on the K-
means clustering on the interval data of group ratings it obtained the similar groups. Then it predicted the ratings of the target
group by using the neighbors’ ratings. It conducted a simulation study to evaluate the new method. The result shows that the
new method based on interval symbolic data analysis is more accurate and efficient than the traditional item-based collaborative
filtering algorithms for group recommendation.
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N =30 N =50 N=70

1.3814 1.274 6 1.1427

1.314 6 1.184 2 1.007 3

1.178 3 1.063 5 0.923 6

1.052 4 0.989 3 0.8753
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/

N =30 N =50 N=70
h=4 2.123 8 1. 880 4 1.554 3
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N =30 N =50 N=70
h=4 2 785 ms 3289 ms 3367 ms
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h=8 3 683 ms 3 840 ms 4 061 ms
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