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[Abstract]

The hangul word embedding should be performed certainly process for noun extraction. Otherwise, it should be trained words that are
not necessary, and it can not be derived efficient embedding results. In this paper, we propose model that can retrieve more efficiently by
query language expansion using hangul word embedded, apriori, and text mining. The word embedding and apriori is a step expanding
query language by extracting association words according to meaning and context for query language. The hangul text mining is a step of
extracting similar answer and responding to the user using noun extraction, TF-IDF, and cosine similarity. The proposed model can
improve accuracy of answer by learning the answer of specific domain and expanding high correlation query language. As future
research, it needs to extract more correlation query language by analysis of user queries stored in database.
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[395] 0.01260504 0.75000000 44.625000
[396] {ZH[3 0.02100840 1.00000000 39.666667
[397] (24} 0.02100840 1.00000000 47.600000
13se] {8} 0.02100840 1.00000000 47.600000
[399] {E7h 0.01260504 1.00000000 29.750000
[400] {28} 0.01260504 1.00000000 59.500000
[401] (Hel} 0.01260504 1.00000000 79.333333
1402] 1.00000000 47.600000 a
[403] 1.00000000 34.000000 W
[404] {=%2} 0.01680672 1.00000000 $9.500000
[405] {£1D} 0.01260504 0.75000000 17.850000 L
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Fig. 7. Apriori query expansion.
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