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Sentiment Classification Using Sequential Three-way Decisions Based on
Weighted Ensemble
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Abstract: To improve the performance of sentiment classification, this paper proposes a sentiment classification model based on
weighted ensemble sequential three-way decision. The model firstly uses different classifiers to obtain their respective prediction
probabilities for the boundary domain of the review dataset. Then, based on historical classification performance, the prediction prob-
abilities of different classifiers are weighted and integrated. According to the threshold and cost loss, three-way decisions are made
to classify the reviews into positive, negative, and boundary domains. The boundary domain is sequentially subjected to integrated
probability prediction and further classified into new positive, negative, and boundary domains according to the probabilities and
thresholds. Until the finest granularity of the boundary domain is reached, a final classification result is obtained through integrated
two-way decision. The research results show that this model outperforms existing methods on Chinese computer reviews, hotel re-
views and clothing reviews datasets. Among them, the classification accuracy on the hotel review data set reached 86.75%, which
was improved by 3.6% compared with the sequential three-branch decision emotion classification based on hard voting integration.
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Fig. 1 Diagram of sequential three-way decisions model
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first granularity
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Fig. 4 Classification accuracy of naive bayes on the hotel

review dataset with three granularity features
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Table 5 Comparing results of Precision (P)

Decision  Sentiment

Jrik 5 ENUTEE WEE RS

IR Negative 0.863 0.863 0.829
’ Positive 0.890 0.867 0.858
Negative 0.859 0.811 0.823

SVM N
Positive 0.910 0.835 0.824
B Negative 0.755 0.881 0.825
Positive 0.830 0.817 0.814
Negative 0.888 0.855 0.852

NSTWSC .
Positive 0.904 0.889 0.914
Negative 0.910 0.839 0.947

ESTWSC -
Positive 0.931 0.822 0.922
Negative 0.918 0.887 0.921

WETWSC -
Positive 0.898 0.878 0.929
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Table 6 Comparing results of recall (R)

Jrid 25 RS WEHE RIS
IR Negative 0.911 0.884 0.844
’ Positive 0.861 0.844 0.844
Negative 0.916 0.863 0.799
SVM o
Positive 0.850 0.775 0.846
B Negative 0.852 0.825 0.783
Positive 0.724 0.876 0.851
Negative 0.906 0.903 0.881
NSTWSC N
Positive 0.886 0.834 0.886
) Negative 0.914 0.841 0.910
ESTWSC
Positive 0.926 0.820 0.954
Negative 0.907 0.901 0.921
WETWSC -
Positive 0.910 0.831 0.928
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Table 7 Comparing results of 1 values

Tk Bl HHRHNIEE WIS e
IR Negative 0.877 0.874 0.836
’ Positive 0.875 0.855 0.851
Negative 0.887 0.836 0.811
SVM B
Positive 0.879 0.804 0.835
B Negative 0.801 0.852 0.803
Positive 0.774 0.846 0.832
) Negative 0.897 0.875 0.866
NSTWSC -
Positive 0.895 0.851 0.900
Negative 0.912 0.840 0.928
ESTWSC -
Positive 0.928 0.821 0.937
Negative 0.910 0.894 0.921
WETWSC N
Positive 0.904 0.854 0.928
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Fig. 5 Comparison of classification accuracy of SVM, NST-
WSC, ESTWSC, and WETWSC on chinese computer, hotel,

and clothing review datasets
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