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Abstract ; Aiming at the problem that the current Chinese micro-blog emotional analysis methods were not com-

prehensive, which led to poor sentiment analysis results, a Chinese micro-blog emotional analysis method

based on semantic rules and expression weighting was proposed. On the basis of using traditional emotion dic-

tionary to analyze the emotion tendency of Chinese micro-blog, negative words, degree adverbs and network

neologisms were incorporated into the general emotion dictionary. According to the unique language characteris-

tics and sentence pattern characteristics of Chinese micro-blog text, the method of emotional analysis from

words to clauses and then to complex sentences was adopted to analyze the whole Chinese micro-blog. Expres-

sion weighting and semantic rules were used to perform weight summation to determine emotional tendency. The

experimental results showed that compared with the other three Chinese micro-blog emotional analysis meth-

ods, the proposed method was more effective. It had an average precision rate of 78.4% , an average recall rate

of 75.2% , and an average F value of 76.7% .
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Table 1  Emotionality tagging with common emoticons
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Table 2 Partial emoticons and their weights
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Table 3 Example table of partial network new words

4 28 35 il R A FUE
%N 1E14] 1.6

A5 DT 1E14] 1.3
IERER i 1.4

7 B g -0.8

W B -0.6

T LR i) -0.9

k4 Iy Te A
Table 4 Example table of partial degree adverbs
it BE il ) g0 BUE

B A sod Xt AER T . o

HI TEH e S JE oo B 2.0

HAD JLICASHL MK A L
W25 B S oo RE L

B BN M B T .
B e 0.9
LT HOHCASOL R, e o

2228 ANEA

%5 T RETH A

Table 5 Example table of partial negative words

1] Y
BBEA B A R ANEE R -1
AR AR RASE AN oo 1

B, P AR ) R = A AR 3 ) | Tl g R R L ).
A3 ) T AR 1) 15 SRR ) AN K 5 ) /) S )
Jea) ) ARG 1) ), 52 ) ) 2 f A /) 0 1 TR
[ra] DI [1] A5 24y 470 ) 55 5 D A7 1] 28 Sy IE ], 5 7]
) 3E R R AL i BE R A B, AR B TG IR
A5 Ak 5 RIS AT ELAT i 58 7 S qut e p VR
B s, RFREA R F R MAE, IBAX 3
AT R M BUELUN T < R ) s, = 15 BE [l 4
si=0, M) s, = - L5 KA W5 &
B, HJEUR] s, =2 B A R E K, AN SO H
H A SO 18 55 29 158, 0 A 98 R 47 i
M, AR B B R A 1B 2 NS
W) s, =2, 4n5fs 3 Ak 3 AL EEGS I s, =3.

1.4.2 HEXRFXHAM  BRARERI, )
[) 5 R AL S X SR A A7 77 AR FE B I RE . AE P
SCI) H H Rk B ETEARZ ][R R, Gt
FIRFR GBI KR EFERR IR R REE
RS ER IR FR A, A SO H S
Hh R I AR A e () e AT 3B T AR i 3 g ]
KAEMTAUE B W HESC LGy,
C.,C,C, | KFmaEAE A, Hrp € HT%
IR 43 a], S (C) T 2R S AUE.

1) B4 ¢ F 52 W AUE : X T £7 76 7% v in]
SRR BRI AN A AR T ISR AR B FE
TEfG A, K S(C,) =0,S(C) =155 TR
A — AT R (A0 LA ) AR
TR E B B ST S A i oA v I I
HS(c,) =1,5(C,) =0.

2) B R R AU 3B ¢ R H B
i P S IZ N |= TR = R NS SR ¥ S D S
WG] 9 ) - T 2% 3k ) I JER O s B0, Bl AL S
(¢)=1,5(C) =1.5.

3) ik & R R M AUE : W28 an e an
Hovenn A7 B ) BB, HiF T 4 ) B A ek
i) B R —28 ) S(C,) =1,5(C;) =0.5; qndg
TR ARAS e WS E IR, oA



RIUR, % 2T B AN AR A AR o SR R 47 7 %

.79 .

HEW, N S(C) = -1,5(C;) = -0.5.
1.5 ARXAFERRE

i b3 43, FEX o SOOI SCAR T
TSI, B 6 ) A A o SO SCAS R 1 7 R
X5y, Geit g IR, R 5 X8 I 45 7 1) R
)RR A ) AT AUE 0 BT, o 3X SEAUE AT 3R
Tt 58, PR G AT FE SO 47 AU (E
SRR, DA a2 AR I 1) A SCH H 1) v SCR
TS BT R AL 2 IR,

WFYI5
v
A R B

|
v v v

R I b 3 0 i Ak B [ 258 38 ) b B

I I |
v

BUE R AT 5

v

v

HAHE A

T SR b P

v
R R AN
v
R i i A )

4
B2 PSR BT AR R
Fig.2 Flow chart of Chinese

micro-blog emotional analysis method
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