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Sentiment Analysis of Twitter Data Based on CNN
Wang Yuhan', Zhang Chunyun', Zhao Baolin®, Xi Xiaoming' . Geng Leilei', Cui Chaoran'

(1. School of Computer Science and Technology, Shandong University of Finance and Economics, Jinan, 250014, China; 2. Storage

R & D Department, Inspur Electronic Information Industry Co. , Ltd, Jinan, 250101, China)

Abstract: With the increasing popularity of social networks, sentiment analysis based on Twitter text has
become a hotspot in recent years. The sentiment tendencies contained in tweets are important for mining
user needs and predicting major events. However, the existing sentiment classification methods are
mostly based on hand-made text features, and it is hard to mine implicit deep semantics of texts. In addi-
tion, because of special characteristics, such as short text and arbitrariness of users’ behavior, it is more
difficult to improve performance of current sentiment classification. This paper presents a novel Twitter
sentiment classification model based on convolutional neural network (CNN). In order to explore senti-
ment tendency of tweets, the proposed model utilizes a dynamic CNN architecture to learn deep seman-
tics from tweets, which initializes input word embedding with word2vec method. Experimental results
show that our proposed model can achieve a recall rate of 82. 3%, which is much higher than perform-
ances of traditional classification methods.

Key words: Twitter data; sentiment analysis; word embedding model; convolutional neural network
(CNN)
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18 1270 7 (Sentiment analysis) » SCHEFRAE WL 542 38 50U A3 20 A7 » 0 H A5 2 1 oo B0 42 4 15 1 SCAR 9
178 AR A I 0 A A B SCAR 9 19 SO 1) o R O BT A LR A T S P PR B AR AT B A
LA S 45 Cn I A RS LA 1 SR B9 Twitter F1 Faceboolo) i 48 X 208 K EAL L M 45 & L
IR 3R A C WL SO AR A6 2T . i Tk — 2 e AR R 281 5 A T 4 S A
L R A B A A 1 49 A SCAS BN o A2 0 K A B I 0 I HL AT S L o LA Mg A A kA
77 45 5 AR AT 2R T SN (L

T A 52 W 45 19 155 820 M F 5 IR Bl 46 280 B (Mlieroblog sentiment analysis) i ¢ h 5 %2
BT IR . I (Microblog) J 4 A8 IR A v 2 LA 8 SCAS R R o IR P 15 CHIVHE R I TR Bl D) s K R
RE A8 WC AR Tk 9 Sl A 6L L b A 5 1 £ WU A ORI 2 R A (. SR BRI SO 5 8 B A B
AR B A DA B R A R A AR SR IR B AR AT A5 AR T BRI PR, H T iy
Rl AT W B 2 2T B D7 T T T MR R TR M A 2D D vk . IR TE A SR AR P L RRAE Y R
IC B e Km0 R R A B 0 SCAS B R 45 B (Term frequency-inverse document fre-
quency, TF-IDF) . One-hot representation 4 Jy Ff fiE 1 5 9 30325 (H il T B AT AN BE R AF 0K 2 30 |
T 3T B S5 R i i A B S (] A DR IR A R L R A ) S AR P — R B R R
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(Support vector machine, SVM) , #p 2 1 - (Naive Bayes, NB) #& 8 DA B £ /4 ( Maximum entropy s ME) #&
TYPEAT I 25 2R e A ] — T 23 3] (Unigram) £F S FRAE R IO 25, 981 SVM 847 73028, 7T UG B 4
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Fig. 1 Schematic diagram of word embedding produce
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2.2 HRMEMEER
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Fig.2 Structure diagram of CNN
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LB U BB e X I 1 7 1R /ING 0 R 30455 B 5 R Relu SO BRBGHATHIE . B 1k R i d5e s » 1 I L, 1F
WAk F1 Dropout e W 42 il B AL I 25 1 3 #2 . H.3% Dropout {524 0. 5, R34t Ab 3 e /IMEAELCH 50,
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Tab.1 Similar word vectors and similarity

- ) 1 Je& im) AH AL 2% 3] A 5E AR B
P B O AR AR RN vk . M R AL B S Y 4 Horrible 0.596 59
SCAHE R i A 43 )R] 48 4% B T One-hot representa- Bad Terrible 0.562 88

Da

tion HEFF 45 A 7675« 2R R 4 I 25 55088 B A B logistics Shabby 0.538 51
S AR AT B 2 5T L R R A B 4 2 3 o Ta“yd 0.034 81
Pleas 0.518 17
HEAT I, 49 WIS 3 T 74% R 39 %1% F1 f co
Lovely 0.513 85
(2)WOId2VeC+lOgiStiCS Happy Celebrating 0.508 35
4 Google $2 4 1) Yl 25 55 45 45 5t A 2l word2vec [ Pleasing 0.508 14
T AT IR 2 5T 2 1 JRR T AN i A A Lonely 0.692 77
{055 L AR A A% AR o 1 3% 9 3 1 Boring Quiet 0. 68290
Miserabl 0. 660 75
FERORLAL 1 V5 4 Twitter SCA RO 4D F 1 Bt L BK ’
Depressing 0.647 26

i 2% Twitter SCA AP 1) fin) 5 A I HCF- 32 (8 73 21 8] 1
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B R A BE At L e CNN X 3ol ) B ) 2 $0E A7 A - 45 B 9 A - R T I A R I DO e D
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A Bl AT LR AR B ) oy SR A B AR SN A8 o S Tk B R A B R S .
3.4 XWERDH

BT ) fE Y CNN BEELAE Twitter SCAS 7R 28 ol DUAG BB GF 19 45 0 U D AR T« (1) 2 T ot 22 o 2%
P4 ) ] AR TR W UAR R G T 2 TR Y 56 AR K bR U IR B TS AR R KR LAE B B sk 1 TE-IDE o 30
AR SRR 22 1 R [ BN U A 2R 1 Ome-hot i) 28 2 7 1) 4 A 6 66 9 A g 1) TR) AL 5 (2) 3% T CNIN #8128 1) 2%
BERYFE 53 27 2] 1 SCAR YT SCIE B R PR I 2 57 9 37 15 X SCARJEAT 2028 . 3R 2 A5 1T DL LAY
I word2vec HEAT 3] 1) 2% 2] J5 #4385 A% G0 15 2R AT Twitter SUAS (9 73 28, M0 R JF BOA & AR I 35 1 78
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Tab.2 Effect of text classification

P& NI ES i WWwRE/ N HEE/% F1 18
TF-IDF+ logistics 74 74 0.74
One-hot+ logistics 63 52 0. 39
Word2vec—+logistics 69 69 0. 69

Word2vec+ CNN(F 24 82 81.4 0. 821
Word2vec+ CNN(3hZ) 82.3 82.3 0. 823
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