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[Abstract]

Sentimental analysis begins with the search for words that determine the sentimentality inherent in
data. Managers can understand market sentimentality by analyzing a number of relevant sentiment words
which consumers usually tend to use. In this study, we propose exploring performance of feature
selection methods embedded with Particle Swarm Optimization Multi Objectives Evolutionary
Algorithms. The performance of the feature selection methods was benchmarked with machine learning
classifiers such as Decision Tree, Naive Bayesian Network, Support Vector Machine, Random Forest,
Bagging, Random Subspace, and Rotation Forest. Our empirical results of opinion mining revealed that
the number of features was significantly reduced and the performance was not hurt. In specific, the

Support Vector Machine showed the highest accuracy. Random subspace produced the best AUC results.

» Key words: Sentiment analysis, Feature selection, Particle Swarm Optimization,
Multi Objective Evolutionary Algorithm, Machine learning
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I. Introduction
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II. Preliminaries

1. A study on the sentiment analysis based
on machine learning
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Table 1. A Study on the Sentiment Analysis Based on Machine Learning
author year Data study method BOW FS
Ye et al. 2009 Travel blog SVM, Naive Bayes 0 Information Gain
Expert Knowledge
Moraes et al. 2013 Movie, SVM, Naive Bayes, ANN 0 Minimum .Fequer)cy
Amazon Information Gain
Chi-Square
Ghiassi et al. 2013 Twitter DAN2, SVM Term Frequency
Da Silva et al. 2014 Twitter BOW, FH -
Amazon . .
Wang et al. 2014 review Bagging, Boosting, Random Subspace
Yoo et al. 2018 twitter Prgdlcthn framework for user§ sentlmental _
trajectories for events detect in real time
Slarc'a'Pab'os et 2018 SemEval2016 W2VLDA(Word2vec with LDA) -
. Comparison performance of FS method
This study 2020 SemkEval2017 (PSO. MOEA) 0 PSO, MOEA
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2.1 Particle Swarm Optimization(PSO)
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2. A study on the feature selection with
evolutionary algorithms
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Table 2. A Study on the Feature Selection of the Particle Swarm Optimization Algorithm

Author year Data Model learners FS search algorithm
Wine, Australian, Zoo,
Vehicle, German, WBCD, NSPSOFS, CMDPSOFS,
Xue et al. 2012  Ionosphere, Lung Cancer, KNN PSO-MO
Hillvalley, Musk1, Madelon,
Isoletb
Cervante et al. 2012  Chess, Splice, Spect, Lymph DT BPSOFS
Cambridge ORL, UMIST,
Krisshna et al. 2014  Extended YaleB, CMUPIE, Euclidean ThBPSO
Color FERET, FEI, HP
Kushwaha, & Pant 2018  Reuter-21578, TDT2, TR11 k-means clustering LBPSO
Vehicle, German, Sonar, RFPSOFS, CMDPSOFS,
Amoozegar & Minaei-Bidgoli 2018  Hillvalley, Musk1, LSVT, kNN HMPSOFS, MOPSO,
Madelon, Isolet5, CNAE NSGAII
This study 2020 SemkEval2017 DT, NBN, SVM, RF, BA, PSO, MOEA
RS, Rof
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Table 3. A Study on the Feature Selection of Multi-Objective Evolutionary Algorithm

Author year Data Model learners FS search algorithm
Gaspar-Cunha 2010 Carqlac SP.ECT SVM MOEA
Diagnosis
. MOEA-wraper,
Vignolo et al. 2013 Essex Face Database KNN Aggregative GA, MOGA
Mlakar et al. 2017 CK, MMI, JAFFE SVM DEMOFS
Jimenez et al. 2017 Online Sales data set RF, M5Rules, PCR,.ReIaxo, Fqba, ENORA, NSGA-II
LeapForward, Penalized Ppr, Ridge
Zhang et al. 2020 20 UCI repository data OPS MOFS-BDE, NSGAFS,

DEMOFS, MOPSOFS

This study SemEval2017

DT, NBN, SVM, RF, BA, RS, Rof MOEA, PSO
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III. The Proposed Scheme
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-Stop word Remove
-Max, Min Frequency word remove
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(3) Feature Vector
Transform
(TF-IDF)

!

(4) Feature Selection
PSO, MOEA

!

(5) Evaluation of the Machine Learning
Classifiers
DT, NBN, SVM, RF, BA, RS, Rof

Fig. 1. Procedure of this study
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IV. Results and Discussion
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2013-16(0.6003)0]c}. 20161 =of| &gt EAX 0 2 sletah
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Number of Features Number of Class
Before MOEA PSO Positive Neutral Negative Total
twitter-2013 4,254 16 1,633 1,475 1,513 559 3,547
twitter-2014 4,804 55 1,315 982 669 202 1,853
twitter-2015 3,480 30 983 365 1038 987 2,390
twitter-2016 5,128 8 2,123 7,059 10,342 3,231 20,632
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Table 5. Accuracy Results

ACC DT NBN SVM RF BA RS Rof
Before twitter-2013 53.17 51.90 59.88 58.73 57.57 58.19 55.54
twitter-2014 54.02 54.67 58.40 54.72 57.69 55.91 55.86
twitter-2015 51.05 53.10 58.54 57.99 56.23 56.19 54.10
twitter-2016 60.46 55.06 62.28 60.91 60.95 60.71 61.81
MOEA twitter-2013 49.68 49.68 49.99 50.27 50.07 49.82 49.68
twitter-2014 55.32 55.37 55.32 55.10 55.59 53.43 55.48
twitter-2015 43.89 45.73 46.19 46.44 45.86 45.40 45.77
twitter-2016 51.94 51.94 51.91 51.95 51.93 51.94 51.92
PSO twitter-2013 52.38 50.63 60.33 57.37 56.07 57.12 53.82
twitter-2014 57.10 56.34 58.88 55.42 57.86 56.02 56.83
twitter-2015 49.58 50.17 57.32 54.98 52.89 54.14 51.67
twitter-2016 59.40 54.46 61.19 57.43 59.59 59.07 59.82
Table 6. AUC Results
AUC DT NBN SVM RF BA RS Rof
Before twitter-2013 0.65 0.67 0.68 0.74 0.71 0.72 0.69
twitter-2014 0.60 0.64 0.60 0.64 0.66 0.68 0.63
twitter-2015 0.64 0.71 0.65 0.75 0.72 0.73 0.68
twitter-2016 0.67 0.65 0.65 0.69 0.70 0.71 0.70
MOEA twitter-2013 0.56 0.56 0.57 0.57 0.57 0.57 0.56
twitter-2014 0.57 0.57 0.55 0.57 0.58 0.57 0.58
twitter-2015 0.51 0.54 0.52 0.54 0.53 0.53 0.54
twitter-2016 0.52 0.52 0.52 0.52 0.52 0.52 0.52
PSO twitter-2013 0.65 0.67 0.69 0.71 0.70 0.72 0.67
twitter-2014 0.61 0.64 0.60 0.64 0.66 0.66 0.63
twitter-2015 0.62 0.70 0.64 0.72 0.71 0.72 0.66
twitter-2016 0.65 0.63 0.64 0.65 0.68 0.68 0.68
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V. Conclusions
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