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Abstract By analyzing a large number of text data with purchasing intention published by Weibo users, we can
identify their consumption intent and search their needs, which is great significant in many application fields. Firstly,
the data set is constructed by the data of Jingdong Question Answer Platform and Weibo based on transfer learning
method and a bi-directional long-term and short-term memory neural network model based on attention mechanism
is proposed to identify users' implicit consumption intention. For the problem of explicit intention recognition, a new
algorithm for extracting consumer intention objects is proposed, which combines TF-IDF (Term Frequency-Inverse
Document Frequency) with the verb-object relationship (VOB) in parsing. The experimental results show that the
training set can be effectively expanded by merging the data of Jingdong Question Answer Platform and Weibo. And
then, the classification model has high accuracy and recall rate. The method of extracting explicit consumer intent
objects by fusing VOB and TF-IDF achieves 78.8% accuracy.

Keywords Consumption Intention Detection; Intention Object Extraction; Transfer Learning; Attention Mechanism
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Table 1 The consumption objects in the implicit and explicit consumption intentions
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Fig.1 Processing framework of consumer intention recognition for Weibo users
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Table 2 Performance comparison of different models based on Weibo dataset

Precision Recall F1-Score

SVM 0.815 0.785 0.799718
LSTM 0.844 0.763 0.801458
Bi-LSTM 0.832 0.801 0.816205
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Table 3 Performance comparison of models based on different data combinations

Precision Recall F1-Score
LSTM(f s 4id) 0.844 0.763 0.801458
LSTM( il 12 % 4t + B #%23L 0.805 0.759 0.781323
0 AR AAR)
Co-Class( s 8 $ ¥ + B 4% 0.829 0.780 0.803753
TR I AR AR
LSTM(HBHE+ T B E 0.929 0.891 0.909603
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Table 4 Performance comparison of different models based on migrated data sets

Precision Recall F1-Score
LSTM 0.929 0.891 0.909603
LSTM+Attention 0.936 0.905 0.920239
Bi-LSTM 0.920 0.912 0.915982
CNN+LSTM 0.918 0.922 0.919996
Attentional-Bi-LSTM 0.939 0.920 0.929403
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Table 5 Comparison of different parameters

a B y Precision(%)
a=0 - 0.35 0.65 50.5
=0 0.62 - 0.38 64.3
y=0 0.78 0.22 75.4
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Fig.4 Performance comparison of different intent object extraction methods
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