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Abstract: With the development of Web 2.0, more and more users are happy to share their opinions and experiences on
the internet. Subsequently, it is increasingly difficult for people to collect and process the huge information from the
network. Therefore, text sentiment classification based on the computer is proposed to tackle this problem. And one of
the most important research directions is to enhance the classification accuracy for text sentiment classification. In
addition, ensemble learning is an effective approach to enhance the classifigation accuracy=and has shown better
performance than base classifiers in many fields. Based on these consideratiOne; textrsentiment classification based on
ensemble learning is proposed to enhance the performance of classifiers. Experimental results reveal that three ensemble
methods, i.e., Bagging, Boosting and Random Subspacesenhance the classification accuracy of different base classifiers.
Compared with Bagging and Boosting, Random Subspace gets more significant improvement of the classification
accuracy. All these results.demonstrate the effectiveness and feasibility of application of ensemble learning in text
sentiment classification.
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Input: Dataset D= (2,7, (3,52, (G V)5

Base learning algorithm L,
Mummber of learning rounds T
Process

For ¢=12,---.T:

D, = Baotstrap( 1)), %o Generate a bootstrap sample from 0

hy =Li,) % Train a base learner /2, from the bootstrap sarnple
end.
Ouput: 4 (x) = argmax Z‘:_ll(y =h,(x)) % the value of 1( @) is 1if i true

Yhand 0 otherwise
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Base classifier algorithm L
Mumber of learning rounds T

Process:
DE) =11m % Initialize the weight distribution
For t=12,---,T
k=L(D.D,); % Train a hase classifier %, from D using distribution D,
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end.
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Input: Datasel 2= {(x,00),(2, ), -+ (% In 1}

Base learning algorithm L
Mumber of selected features rate &
MNumber of learning rounds T

Process:
For i=12,---,T:
D, = R3(D.K), % Random generate a subspace sample from D)
#, = L(D) % Train a base learner %, from the subspace sample
end.
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*2 BFEHGUHRELSAE (NB)
NB Bagging Boosting Random
NB NB Subspace NB
NB - 0.403 0.991 4.236**
Bagging NB - 1.116 4.368**
Boosting NB - 1.732*
Random
Subspace NB

Notes: *P-values significant at alpha=0.1; **P-values
significant at alpha=0.01.
*#3 BEUEZHRELR (DT)

oT Bagging Boosting Random
DT DT Subspace DT
DT - 22.048** 21.612** 22.296**
Bagging DT -2.697** ~_0.650
Boosting DT : ! 3.086**
Random jy
Subspace DT g "

Notes: *P-values significant at alpha=0.1; **P-values
significant at alpha=0.01.
R4 BENGIHREREAR (KNN)

KNN Bagging Boosting Random
KNN KNN Subspace KNN
KNN - 3.139** 0.223 11.833**
Bagging KNN -3.139** 10.425**
Boosting KNN 11.833**
Random
Subspace KNN

Notes: *P-values significant at alpha=0.1; **P-values
significant at alpha=0.01.
R5 BAEAIOESR (SVM).

Random

Bagging Boosting
SVM "
SVM & SVM Subspace SVM

SVM - | 11.050** 2.367* 13.572**
Bagging SVM -5.647** 5.290**
Boosting SVM 9.490**

Random

Subspace SVM

Notes: *P-values significant at alpha=0.1; **P-values

significant at alpha=0.01.
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