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A multi-domain sentiment classification model based
on sample filtering and transfer learning

QU Zhaowei,ZHAQO Yanjiao, WANG Xiaoru
(School of Com puter Science and Technology » Beijing University of Posts and Telecommunications» Beijing 100876+ China)
Abstract: Most of the models for sentiment classification are trained and tested on a single dataset.
However, the model parameters obtained by training on one dataset are not suitable for another dataset
and the model is not generic. A multi-domain sentiment classification model (MDSC) was proposed. With
sample filtering and transfer learning. the trained model can be applied to different datasets in multiple
domains and the model is more applicable and expandable. Specifically, a document is first mapped to the
domain distribution which is used as a bridge between domain classification and sentiment classification,
and then sentiment classification is completed. In order to make the model more generic, representative
data samples should be selected. MDSC constructs a domain-independent sentiment lexicon to filter
sentences that belong to the same document and obtain a high-quality training dataset. At the same time,

to improve the classification accuracy and reduce the training time, parameter-based transfer learning with
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neutral networks is used to obtain the document embeddings for classification. Extensive experiments on

datasets containing 15 different domains show that the proposed model can achieve better performance

compared with traditional models when applied to datasets in multiple domains.

Key words: sentiment classification; sample filtering; transfer learning; sentiment lexicon; neural network
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Tab. 1 Statistics of datasets

Datasets  Train Dev. Test Avg. L. Vocab.
Books 1 400 200 400 159 62 k
Electronics 1 398 200 400 101 30 k
DVD 1400 200 400 173 69 k
Kitchen 1 400 200 400 89 28 k
Apparel 1 400 200 400 57 21k
Camera 1 397 200 400 130 26 k
Health 1 400 200 400 81 26 k
Music 1 400 200 400 136 60 k
Toys 1 400 200 400 90 28 k
Video 1 400 200 400 156 57 k
Baby 1 300 200 400 104 26 k
Magazines 1370 200 400 117 30 k
Software 1 315 200 400 129 26 k
Sports 1 400 200 400 94 30 k
IMDB 1 400 200 400 269 44 k
MR 1 400 200 400 21 12 k
SST 1 400 200 400 23 12 k
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Tab. 2 Results of models on all domains

Domains LSTM BiILSTM MSC MSC-WASP-MTIMDSC

Books  79.5 8.0 81.3 81.8 84.0 84.7
Electronics 80.5 78.5 81.5 835 86.8 87.4
DVD 81.7 8.5 80.4 8.0 8.5 87.8
Kitchen 78.0 81.2 78.2 79.5 86.2 85.9
Apparel 83.2 86.0 8.3 8.3 87.0 87.8
Camera 85.2 86.0 8.5 8.5 89.2 88.7
Health 84.5 78.7 86.3 87.8 88.2 89.6
Music ~ 76.7 77.2 79.2 79.0 82.5 82.5
Toys 83.2 84.7 84.9 8.3 80 87.4
Video  81.5 83.7 831 8.3 84.5 87.9
Baby 84.7 83.5 8.6 86.3 886 88.2
Magazines 89.2  91.5 89.0 89.0 92.2 90.7
Software 84.7 857 84.5 8.5 87.2 89.9
Sports  81.7 82.0 82.7 82.5 84.7 85.9
Movies(SST) 84.9  86.5 87.1 87.5 89.0 89.2
Average 82.6 83.1 83.6 84.3 86.9 87.6
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