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The Application of Neural Networks on Sentiment Classification with
Explicit and Implicit Emotional Features
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[ Abstract] Three neural network models, BLSTM, GRU and BGRU, were applied to the emotion classification of Chinese text,
and the parameter selection and emotion classification results of the three neural network models under different characteristics were
systematically studied. Taking Chinese comment data with explicit and implicit affective characteristics as the research object,
Chinese text with different affective characteristics is vector graphically represented and used as the input of BLSTM, GRU and
BGRU neural network affective analysis models. Through model setting and parameter optimization, the prediction and comparative
analysis of emotion classification are realized. The experimental results show that the accuracy of the neural network based emotion
analysis model is over 87% for the explicit emotion characteristics of the comment text data. On the contrary, the accuracy rate of
the comment text data on implicit emotion characteristics is only about 79% , which indicates that the performance of the emotion
analysis model based on neural network in implicit emotion characteristics analysis needs to be improved. The performance of neural
network model in text emotion classification task is good, which proves that neural network has strong learning ability to complex
text task, but its analysis of implicit emotion characteristics still needs further research.
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Tab. 1 Index length covers the variation of sample range with

index length

RoKE o 5 R AR L/ 9%
234 95.55
235 95.50
236 95.65
237 95.60
238 95.58

2.2 ETF BLSTM Hy1E R

BLSTM ( Bi—directional LongShort—Term Memory,
BLSTM) HiRij[a] LSTM H1J5 [a] LSTM 21 &1 1, o i
PR s A R SCfs B BLSTM 41X LSTM
TE NG I HTO bR SCfF B AT 4 s iy ke 38 i
XL ) i 1 75 O A A B SCA T ) R SUE B

BLSTM X 45—~ i A7 51 #6 47 Aij ] iz 55 0 5
[aliE 5 O A ]38 2 5 AL 4G, o AR
LSTM 1%t FEAH [A] . BPAE i M) LSTM )5 ] LSTM
Hh X T A S o S PR w, A I ¢ B
Z) w, BRI x, ¢ — 1 BF 2R BRECIRAS A, FHEAZ
RS e, ,, FIBARK (1) ~ (6) 155 2477 ¢ 2430
TZARES ¢, € R" FIRRCIRE b,

i, =a(W, +U h,_, +b,), (1)
fi=oWx, +Uh,_, +b,), (2)
o =W, 4 U, +b) . (3)
g, =tanh(Wg x, + U hyy + bg) , (4)
¢, =f,Oc¢,_, +1,0g,, (5)

h, = 0,tanh®O (c,) . (6)

Hrp o FoRUR RE, 4 BLSTM HI T4y
Mrist, 1 S B LSTM 422 B8 F 3R 2 2070 51 R
FIE X AP HEAT iy | K5 A5 21 B 5 R 4 A )y 571
HEATHES 3% A B BLSTM S35 | &2 J5 4 FH 0 o
BT 50 10 155 SR P A T T

AR SCHH BLSTM HEA 7175 B A AT A A8 () il 2, 245
RAnE 1 fr ,BLSTM EiBYA 78,055,349 NS4L,
BLSTM #5 U 55 — 2 2 B ] 254 19 LSTM JZ2, LSTM
JZ % 25 S R B Y LSTM J2 LA % 38035 pR 8
JZ 3 S PR B B A AT AT A 2R
2.3 ETF GRU iSO

GRU #AYERXF LSTM & 7% ()1 12 P00 25 44 3t
okt , GRU AR AE A2 B e I B T E R S AT T A



128 /ORI B NS5 NMOA

510 %

MR TAEA NEHT, GRU B H T T3 A B4 B
TXXASF R BT XE B, [F B T B 25
*@[27—28] 5

El1 BLSTM 1R HEEILH
Fag. 1 BLSTM Structure of emotion analysis model

GRU il F—AN1 145 [l )= s 0T, (45 4 — 4~ 5ot
AT LA A St AN [ s ] FIAS ] ROBE AR &R . T
if, GRU S EdE A (7) ~ (10) 47 S 808
e

rI:O-(Wixt+Urhz—1) ’ (7)
z,=0(W.x, + U h,_), (8)

;L, =tanh(Wx, + U(r,O h,_,) ) , (9)
ho=((1=z2)h_ +2h). (10)

Hrr, o ZoRIK KB r, 8 GRU HPRYEE

1Tz, FRBEHIT; b, FRPHBRIKZE; OFRRITTE
FHIE . (I GRU #EAT1% BA ATr B BT TR ]
25 2 H AT I ) SCASRRAE , 38 2 G b 1) 5 O
i AP B R SCAFRAE HEA T R, i FH B PR R 5
BN AT 30 1 B 53 25

ARSI GRU A A 25 b )11 2145 SR n &1 2 iy
No HE 2 ATAL GRU BERUIEAT H T 77,999,477
NSH, A =2 GRU Z5H5 5L T GRU 1Y%k
SIFTRERY B2 GRU Z5 M M #f 4 Je B2 T
e,

B2 GRUERSHERZEH

Fag. 2 GRU Structure of emotion analysis model

2.4 ET BGRU KBRS

GRU 7E45#) EXF LSTM 28 T 4k, {H 2 GRU
B[] A R e A R R 24 ) B 2 11 UfE B,
DA, A SO BGRU #5880 5 o SCSCAR 077175 Jlk o

Mro 5 BLSTM it B — 3, BGRU 2k HIX[n) it
I 22 2T i AP B0 R SCfE B, 38 1 0 pR
BT R SCA I TR AP Sl R0

Hi ] GRU MZE 2 A5 132 U A 91 O i 4 1
A~ GRU 55 4K U AT 2 B 1 1) g 80 IR 2
(hn ,hzz ,hn P ’h/n) o lﬁlﬁﬂﬂ,}ﬁﬁﬂ GRU ME@E
AREUATT SN 75— PR . (hyhyhey e,
h,)o o, h, F R, R REEE A () ~
(10) ,fJm , BGRU #4453 2 W 11 0] BROBCIR S Ay, S

[] BEURCRZS b, EAT HRHRTT 2] BGRU 14 4 BROIR
7

h, = [h, ,h,]. (11)

ASCAFE A BGRU BEAYZE A 31| Zrdi S &l 3 i

~o HIE 3 AT, BGRU BRI ILAT 78,037,061 =

£, BGRU ALK 5 — F%E = )2 1) GRU L5
XL GRU 45H) , 20 80% 2 T R

B3 BGRU-1EZESHTERILH
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Tab. 2 Examples of Hotel Review corpus
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Fig. 5 The influence of learning rate and momentum factor on

neural network model
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Tab. 3 Comparison of the results of three neural network emotion

analysis models
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Fig. 7  Prediction accuracy of three neural network emotion

analysis models in explicit and implicit feature data
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