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Effective Korean sentiment classification method using word2vec
and ensemble classifier
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[Abstract]

Accurate sentiment classification is an important research topic in sentiment analysis. This study suggests an efficient classification
method of Korean sentiment using word2vec and ensemble methods which have been recently studied variously. For the 200,000 Korean
movie review texts, we generate a POS-based BOW feature and a feature using word2vec, and integrated features of two feature
representation. We used a single classifier of Logistic Regression, Decision Tree, Naive Bayes, and Support Vector Machine and an
ensemble classifier of Adaptive Boost, Bagging, Gradient Boosting, and Random Forest for sentiment classification. As a result of this
study, the integrated feature representation composed of BOW feature including adjective and adverb and word2vec feature showed the
highest sentiment classification accuracy. Empirical results show that SVM, a single classifier, has the highest performance but ensemble

classifiers show similar or slightly lower performance than the single classifier.
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Table 1. Recent studies for Korean sentiment classification

Source

Author Year Data Feature set Methods
Ahn et al. | oqq5 | Movie BOW SVM, NB
_[19] review
Kim et al. | 5y | Movie BOW SVM, NN
[20] review
BOW(uni/bi/tri-gram),
Jung et al. 2017 Twitter # .Of POS, SUM
[21] message | emotion lexicon,
# of Characters
Vehicle
Lee et al. Quality _ NB, SVM
[22] 2017 Assessment BOW(TF-IDF) RF
i text
Kim et al. 2017 MQVle BOW NB
[23] review
Heo et al. Movie . NB, LR,
[24] 2017 review BOW(Lexicon) NN.RF
Il ek
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Data set

I

Preprocessing
- POS Tagging
- Remove stopwords
+
Vectorization
- Bag of words
- Word2vec
v
Classification using single
and ensemble classifier

i
Result

af 2. 2 Aol =25 coloj 2
Fig. 2. Block diagram of the proposed approach
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Table 2. Type of classifier used in this study

Single Classifier

Ensemble Classifier

Logistic Regression(LR)

Adaptive Boost(AB)

Decision Tree(DT)

Bagging(BG)

Naive Bayes(NB)

Gradient Boosting(GB)

Support Vector Machine(SVM)

Random Forest(RF)
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Table 3. Number of features by each feature
representation
Feature representation # of features
BOW(A, D) 1209
BOW(A, D, V) 2089
Word2vec 300
BOW(A, D) + Word2vec 1509
BOW(A, D, V) + Word2vec 2389
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Table 4. Accuracies by each of feature representation

Methods Classifier (20\3/) ( AB%WV) Word2vec
LR 75.87 74.72 83.17
DT 73.57 69.99 71.35
Single
NB 66.56 66.36 77.46
SVM 75.45 74.43 83.29
AB 75.25 73.02 81.44
BG 74.51 73.36 77.08
Ensemble
GB 74.05 71.4 80.95
RF 74.79 73.43 82.49
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Table 5. Accuracies by integrated feature representation

BOW BOW
Methods Classifier (A, D) (A,D,V)
+Word2vec +Word2vec
LR 84.52 83.36
DT 72.96 71.76
Single
NB 70.38 68.86
SVM 84.70 83.47
AB 83.35 81.99
BG 78.36 77.56
Ensemble
GB 82.69 81.34
RF 83.54 82.37
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