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Abstract Formal concept analysis is a knowledge discovery method that has great achievements in theory and application. Re-
cently, with the emergence of three-dimensional data, triadic formal concept analysis has been developed. However, there are few
researches and applications in this field,especially it has not been applied to recommendation systems. This paper proposes an ef-
ficient triadic concept set construction method and applies it to social recommendation. Firstly, the heuristic information is de-
signed to generate a set of triadic concepts covering all users. Heuristic information aims to construct strong concepts with a cer-
tain scale of extension and intension. Then,appropriate social relations are screened through the attributes of the proposed items,
and the recommendation prediction is realized by combining the popularity of the items in the concept. Three experiments are car-
ried out in real data set and sampled data set respectively. In the first experiment,the number of triadic concepts and running time
constructed by the heuristic method and V , operation are compared respectively. The concepts constructed by the V, operation
do not significantly improve the recommendation effect. The second experiment compares the accuracy,recall rate and F1 of the
recommendation effect. It reveals that increasing the number of conditions can effectively improve the recommendation effect. The
results of the last experiment show that the recommendation effect of the new algorithm is better than that of KNN and GRHC.

Keywords Triadic formal concept analysis, Heuristic algorithm,Item conditions,Popularity,Social recommendation
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Table 1 Triadic formal context T=(U,A,D,Y)
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18.  end while

19. E=1Y ,M=E®;
20. C=CU{(E.I,M) };
21.P=P—E;

22.  end while

23. end for

24. return C.
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Table 4 Prediction of u;
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Table 5 Dataset information

AR & P A # TE A # A
Movielens-100K 943 1682 19
Doubanl 2965 1897 24
Douban2 2965 1897 24
Douban3 2965 1897 24
MovieLens-1M 6040 3952 18
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Table 6 Number of concept vs running time

Fl=
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Dataset [Ches | [Cy, ty, /tHCs
Movielens-100K 2076 87 45.15
Doubanl 6940 112 69. 15
Douban2 6993 123 66.66
Douban3 6978 105 57.53
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Fig. 1 Influence of number of conditions on recommendation
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Table 7 Comparison of RTCS and two algorithms
Dataset Evaluation index KNN GRHC RTCS
precision 0.1623 0.2040 0.2110
Movielens-100K recall 0.3771 0.2114 0.3076
F1 0.2269 0.2076 0.2503
precision 0.1451 0.2016 0.2113
Doubanl recall 0.1580 0.1472 0.1501
F1 0.1518 0.1702 0.1755
precision 0.1518 0.2035 0.2176
Douban2 recall 0.1563 0.1460 0.1519
F1 0.1543 0.1700 0.1789
precision 0.1496 0.0952 0.2132
Douban3 recall 0.1599 0.2898 0.1524
F1 0.1546 0.1433 0.1777
precision 0.1375 0.3015 0.1893
MovieLens-1M recall 0.3923 0.0631 0.2373
F1 0.2036 0.1044 0.2106
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