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Abstract With the development of mobile Internet technology,social media has become the main approach for the public to share
views and express their emotions. Sentiment analysis for social media texts in major social events can effectively monitor public
opinion. In order to solve the problem of low accuracy and efficiency of existing Chinese social media sentiment analysis algo-
rithms,an ensemble sentiment analysis big data method(S-FWS) based on Spark distributed system is proposed. Firstly, the new
words are found by calculating the PMI association degree after pre-segmentation by Jieba library. Then,the text features are ex-
tracted by considering the importance of words and feature selection is realized by Lasso. Finally,in order to improve the tradi-
tional Stacking framework neglecting the feature importance, the accuracy information of the primary learners is used to weight
the probabilistic features,and the polynomial features are constructed to train the secondary learner. A variety of algorithms are
introduced in the stand-alone mode and the Spark platform receptively to carry out comparative experiments. Results show that
the SSFWS method proposed in this paper has certain advantages in accuracy and time consumption;distributed system can great-
ly improve the operating efficiency of the algorithms,and with the increase of working nodes,the time consumption of the algo-
rithms gradually decreases.

Keywords Sentiment analysis,Public opinion,Chinese social media,Spark, Stacking
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Fig. 2 Fl-score of each feature extraction algorithm
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Fig.3 Fl-score of each model on dataset 1
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Table 2 Running time of each classifier on dataset I
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U EHLER Spark ¥ % & Spark 7 % &
= BHAE Bokak HEAE GEak HEAE Hikek
Stacking 173.97 58.59 226.18 79.20 118. 50 36.43

StackingC 93.32 32.61 121. 34 44.12 63.66 20. 32

Torikca 307.21 100. 03 399.47 135. 14 209. 10 62.12
S-PMLR 132.78 45.57 172.71 61.62 90. 49 28.35
S-MLLR 209.03 68.12 271.84 91. 86 142. 34 42.33
S-FWS 181. 32 63.83 235.82 86. 27 123.50 39.67
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Table 3 Running time of each classifier on dataset II
(A 2 s)
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263.93  88.76  343.31 119.93  179.67  55.13
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Torikca 465. 11 152. 82 604.84  206.41 316. 47 94.85
S-PMLR 201.97 69. 40 262.76 93.79 137.54 43.13
S-MLLR 317.00 104.20  412.30 140. 77 215.76 64.70
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Table 4 Running time of each classifier on dataset III
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Stacking 529.41 179.93 688. 43 243.11 360. 23 111. 66
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S-PMLR 408.03 141.62 530. 64 191. 29 277.69 87.90
S-MLLR 637.16 211.13 828.51 285.13 433.47 130.97

S-FWS 562.52 194. 49 731.48 262. 66 382.71 120. 68
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