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Abstract: Online social networks have gradually become popular and popularization. A number of social networks such as
microblog have formed a unique form of literary and emotional expression. Because the expression of microblog is different
from the expression of traditional articles, the sentiment analysis research based on short-text machine learning has become
more and more difficult. Aiming at the new features of Microblog short text language expression, we crawl and collect a
large amount of non-emotionally labeled Microblog data, and build a Microblog short text corpus to create a global relation-
ship graph between words and short texts. The BERT ( Bidirectional Encoder Representations from Transformers) document
embedding is used as the feature value of the graph node, and graph convolution is used for feature transfer and feature ex-
traction between nodes. We manually annotate non-emotionally labeled Microblog data which sample from the whole Mi-
croblog short text corpus. A semi-supervised machine learning method combined with global relationship graph is proposed
to improve the performance of sentiment classifier. Experiments show that by increasing the proportion of unmarked data,

the method can better capture global features and improve the accuracy of sentiment classification. Comparative experiments
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are carried out on self-built artificial labeling data, COAE2014 data set and NLP&CC2014 data set. The experimental re-

sults show that the method has a good performance in accuracy and recall.

Key words: microblog text; sentiment analysis; graph convolutional network; semi-supervised
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Fig. 1 Algorithm flowchart

TR Aty S R0 1T i ) A TRt A B A TRT PR ) A TR 5
M, T BEET X ol P 50 Bl A Ao By 155 e o D
ABE o AR SCE R TRRTE , i 1 e
(] S I o B A e 5 , K PRI Al
AR N TAR: R 720, XA R 15000 25 #E47 15
ETRbRE . T I A I PR TR A A AR
M2 BERRIC N R 43y =21, B 41 43 3 37 % 15000
SRR TR IRRTE , Bo PR = I bRiCas SRt T
CEOVEE 1 RIS ER B SCARARTESS R

15000 Z&Arid Kot 1 D =4 i 5 A B I 5 1) s 262
S80HHs , 11 S T 4y g A ) o8 P R0 2% TR BB e 8 Al .
FSCABE A o e 4 JR) e 1 T 7 20 ol 1
WG AT FUAL B, 1 16 5 B X T A S 1 SOAR kA T
WBARTEVE B R SO A S ) AR A AR A
TERESF SOAS I TG SR AR B R AT 5Bk W T L BRIV
JETCIRAR G 08 SCRCE T8 /A P 2R 47 20 1) 40 B
jieba 73] THJ&— 4~ 5 T e i 1] i (1 p 30 1) T
He, BAT IR R v 222 05 i e 2l K 4 5, A
ST jieba 73 i) T B3 b SORCRE 47 0 T Ak 2L
G TAIAE B AR SCA 2 A7 AR R A5 A 45 iR
SEARAE TSGR 28 B B A, Bt T
ST AFERE S SCAHRURAT AR R 45 TR, 2 %
A A A R B T, DR I A s LA B e
Bt [ s A X P SR o A7 AE R L BT
(PP 2N ) 0 268 ]I 25 B L, AR SO0 A5
TRAEAT TP 58, W T — AL EE R 45 T AR
18 BIOCT (F55 2 W45 AT 3%, 76 3 T ] i

FEAHLAL 30T B T SR R4 ], IR L I
SR _EHGAS TR F AR FBUOCT B AH B AL BE 43 2%
(RIS =9 PO B e S N i g = O
3.2 HMEETERFHIENREE

R YR P A R 2 T 4 4 B Bl P SOAS 1 4
JRRFAE K i PR (45 15000 2K C AR
B AT RS IC RS ) b R — A~ R 8 42 Ry 3o
SR NP 2 7R o e T, 55 B3] 1Y 5 R S
AR RPN [ 1 3 A T8 3 R SCAS 1 A R B
TAIYT R A SR E A4 3k, P16 R 22 R 45 ] LR A
AN SR I IR Z R i SR IR S A
W EEC [VI=CIST+[C1), Hp | S| hHTf
TS T ST SR SO, | € | O BT 1 )
PATIHVE R AN B AR A TR E
AL PR RIE B A 19 A, R 0 S Ay Pl ) DA = o
ANTRPJEAR 2 < BT Y - R SCAR T A5 | B Y -
BT U R SCAR Y RSO R SO
S RSO L 8] E SO B BIE I, SO
A T PR 5K 230 7k B3] 1Y i (9 RS IR A 13 A ), S [
H AP AE A AL Y BT R SR Y 2 R A
(18 B - R T S R B SR
s; AR — IR /L e, JERAFAER AT ¢ R
1Es; B W s; )5 & o A, 13 5] s /Y1)
TBHCi=le,ep,0e] ,CeC M ey oy, TR
IR s AAAE— ARG R O I, s s; =4 4K
JEE Y, UL E SR Bk, it AR
PRAT™ BL” AL R A BT Ak 6 Al



1070

$31 %

e RSCAmSHE

W=TEF-IDF

\\ A

S

| @ HiA

— AN R -RSOR N R
| — B AR L

-

s I ey A I
o [BARETHT TR, RIS (B15 0 BB F KW W T > @ @
o HRRAIUF, A ED | (4% R4IUF RIM 0% By xn | G @D @5

LA : RS EfF A

: - Cg Cy Clo
s | AFREERN, SUHEERE . | AR B BLHE %o E%] HE B W HE

411 ‘12 Ci-l Ci
TR S AR R
K2 SORSHEEERER
Fig.2 Schematic diagram of text heterogeneous graph construction
PR H i=6,188] s, MiRlES C={“ 45 K", " wise Mutual Information, &5 H{ZH.)., PMI (&1L

7R E M A N ES 5 = V- R AR G
ti TF-IDF ( Term Frequency-Inverse Document Fre-
quency , JalB-108 SCREAIUR ) Bk 45 2], TF-IDF
AT — R T8 SCAR S BRE TR Rr A Re BRGE TJ7 1%
FLIE RS (TF) A SRR (IDF) B8 5% . TF-IDF
SER H RN T A BRI SO SRR
PP ) B AR JRE il A LA SCAS B RO I
B 1 [ 7 8 A 26 v o 0 A 400 3 R L, D I 4]
B3 ('TF) BAE LU ] 388 SCR AR (IDF) iR e 3l
SRS SCR A A TS A 25X (2) A1 (3) .

n.

tf.

>
k

idf; =log K

(2)

S|
j:ciesj% ""‘1 3)
S0, RO < A R LR R,

S | FTRIBREPRISCARIEEL, | )i, es) | Fm
P A AL B3] o SR SCA SRS B, O 1 S B
A, K BTN 1 AR B

AR A5 5 BT Y R A A S A R
R/ PR ) B AR SR E . B RCE O 1, BRI
T R s — A A AL &, e it AN TR AE Rl — 4>
T2 B U TSP 1] Y PMI{H ( Point-

7N T AR A OGRS 5] ¢,y ¢; 19 PMITAETT
B (4) fis
p(eise)
PMI (ci’c"):l()gpi(ci)p(cj) (4)

pe; ) B ¢, e, B B BLHEA  p (¢ \¢;)
SETHAR ¢, F o TEIR]— T B S U LATE R
PER BT B SR p(e) M p(e) R8I ¢, ¢, IDZME
2R, ST B BRI T O UCRRER ATE R rh A T 1
S A e F e B9 PMIE R T30 /Y REL, D AE M
R (B ES ACE  H DA PMI AR A

T RN m AR B ) 3 3k I SR THRRAE 1
SE o T T AR v 8 i 2R A BE R AT AR B
I, AN 3 frs .

X AR A 2 1 DR /NHEAT 1 I3 S, 43531 2 B
HH B A i g 1 SCAS R E P B SO A BE A
SRR EERY 172 483 o R/ IEAT 52 3, S 3 R W
IR I v Y SCAR K BE 6 1Y 172 (Bl m=3)
YER B KN, AT AR B 5 i 1 52 56 45
3.3 ESHMRXEFE

FIBFRSCA 3 2R M 28 i g A2, FRAE 3R BUZ,
SPRIZHN . FAJZ R AR R A AR
Ve D DLRCY URRIE X o ABHEAERE A JERERE D i
PR 42 Jry SCAS S A R A 31, 35 fURRAE X AR SCil



5 6 1] U7 A BET A RRAEEI R R I SO R 2R 1071
1R,

2000
1750
1500

¥ 1250

§ 1000

750
500
250

0

SR KT
i
]

K

0 10 20

30 40‘7 50 60 70
A E /iR

K3 SURKESRIE
Fig.3 Statistical graph of text length

it BERT HARIE SRR ™A o fa] ) 5 /] LU 6 5
IRTE B SN 1) 4 e S5 21 S 2 A o) B 6 22 4
VR 2k B AR IR 5 AL FRAT 55 B IR Z T, Bl
AFNE LS5, /] LR THT 55 A B VERE . 125
Word2vec ][] A5 Hy 155 40 ] 5, 4R ) J2 X6 o
P10 2 R BEAREF 227 , BT —S64T:
5 ERMAE, W — 10 2 OB R AR U A SCA
WAFIC o o BERT A SR F X ) 4 3 ) AL )
LA [l i AR 2R, A R — 17 2 Y
FIRFOR 8 BERT #5173 55 11 2545 21 1) A1 % 5C
AR RN, IR 1) BT A R AL, 7 AT
FROEFE X, 1 R R A

SR A JEFEE D L) SURHE X i A E
FRIESRIBUZ 1 G AR 45, 34T A ARl B, 7 A 4
SCARBYARFERRA , B J5 8 77 B H R AE A8 A B 3T
AGyRIZ I3 RIZE T softmax pREIEAT A B
RTINS E T 3R W 1R 2 B 4l A B2
It ] LIS BIAR G A 3R, AR SCRY 11 4 B R
JERI MR HILAL o AL I 5 R T A8 U AR D 461 2K e
B IR BeR A2k B 07 =X, Bk s B R
15000 % ELFRTE I B0 19 40 2% o B (EL, I X 48 44
AR AR R 0 A T BT TR, AR A% 8 U 2 A
A2 )R A EI N EAT , BRI P 4 )Ry S A 81 %o 2 SC
AR RGHAT 328 FRAE IR A T TOAR 28 £ 80 1)
A JRyRHIE , T AR THE I S R HERR 2

4 LIGHHT

4.1 EHIEE
S T = BRI RR SO R n

(1) B A ol o S A i 4 - 1) 2% TR B g 5
Pl SCA B dla 4k 55000 7% R e 48 73 o WA 1
3 s — TR0 2 T T2 W B v O AR A8 Kl A ol SCAS
40000 2%, 75 — B 73 & N bR TE B9 A AR 2 204
15000 %%,

(2) COAE2014 %i¥E 4 . COAE2014 % ¥E & 2 [
PR 18 H SR 1] P 2 A 3P0 58 4 , e ol rh S
FRFERRR L L ZE AR, B0 THRR S
SO PRI M BB B BT ik AT 55 B R
OIHT A AR A 23 BT PO R Gt B LA R 5 il
SFITI . ARSCHER T RS P AT 55 4— R
PN (FEZ5 58 WY PR 5, 000 A ) 1 1 155 JRG
EARREIRIVEEITE S 3 /T P g L
7000 Z% RN IE B A5

(3) NLP&CC2014 % ¥54E . 0¥m K R F 2014 4F
Natural Language Processing & Chinese Computing 4>
WAESS 2— TR EE 7~ Y1 O 2K, (1 & IR Tl
RHEAR S 5000 2%, MR 2500 45

F1 BAEAEA S
Tab.1 Data samples
B fi)
FULHEATUIR AE 1%, Tfe & & A KL, AR VB
LT PIERA O AT AR A, R WO T
B— UL 2 238 B — R BE ) %
AT HRE AT URATE B T AR BT K
XX FHLE 2T 2B, 77 B L i
FIHIEHSFHA T — K, 1 H.8E L [ 3h 581
T OFEEBH AT L,
UG PV R4, BUAE I8 A B2 A K 5 Fofr B
WA 77 & 5 o RS2 R A A B ) B
)RR
fala) nGET, B 2 LA B IE ARG WE? ) SR 2
iﬁfg'ﬁaiwﬁﬁﬁmﬁﬂﬁmauﬁ%ﬁ%gwﬂ
gt IR0 HEARRE. BRIERBA A, Wb
TR WOk RELE R A O A4l BATAR
X RCE B AT B TE U ) ie] L & B
) TR 15 TR 0 S ) o e S R A PR )
SR ALPREE RN 2 Frn . PALEES B 1E R
AR R B4 o
4.2 EESH
A S2 I B 45 43 B Intel CPU 1. 70GHz, 8GB

A EiE S

=
3

@ P

i =

gl

E§E54

G

il
i
%
&g =F

2
I T

COAE
2014 ¢
PELE

=
ey




1072

fi

b H 37 %

NAEFT windows10 2 4; , i F Python36 FI Tensorflow

URBEA DI IRRE R SEBL . BRSO 3 PR
F2 BULIAE AR I

Tab.2  Comparison of preprocessing results

B

ToAb R4,

— TR T A AE R, R
RO R E IR

JAIF U TAE ) A 30 E
AL 1 R % 2 5 L T

IR CYG)

AR N Al gy
A PR I —HE AN

HZ(OM K (@BY & @)
) —RIT6 1!

i A AEAE—E A

& U R K

JA = TAE vl HisE
IE INEXHF B 2
eS8 TAE hnid Anik

TR KF P
B AL — A AR

2z Frls 60T AT E
B —K JHh

K3 BERISHUE
Tab.3 The parameter settings of model

28 {H
Epoch (%0 32
Optimizer ({128 ) Adam
Learning_rate ( #]452% ) %) 0.02
Dropout_rate 0.5
Hidden_unit( &% )2 .I050) 64
HWEWIIRIL Random Initialization

4.3 iEfhiRAE
ALK PGB 2% (Precision ) (4 [1] 3% ( Recall ) |
F1 {EAVE RN PR FE bR, HoO A A BRI T .

. TP o
Pr6510n—TP+FP><100/0 (5)
—_ TP 0
Recdll—TP_l_FleO()A) (6)
_ 2xPrecisionxRecall 0
k= Precision+Recall x100% (7)

Horpr TP R IEREAS o 0 1E 8 RO AR AR, FN 2R
TEREAS PP I A DR IR AR, TN R GUREAS h f3T 0
IEBRIIAE AR, FP R8s SUREAR rp B0 5 5 P A AR
o it F1EAY S IR PP R R PERE 2 I8 T
HAt AR
4.4 HRHW

AT BEEAR SO Bk A R R RRIC AL
PEAEBEA N SRttt B h AN ) o EE A7 i) S 5
R HARIRE R S PR I B e L il o3 A 5 50 172

1/1.2/1 3/1 471 W8 SR HEAT U 25, S 9 25 2R
K4 FioR

? //f’_—‘/‘
_____ 4
90- ’ ____________ ’_____
s g —k— @R
= ~#k CC2014
£ - -4 COAE
@ P
= e
80+
............................ n
751 e W e »
50 100 200 300 400
BB LA/ %

(RN e anfak € ABERE S

Fig.4 Results of labeled data at different scales

H & 4 7T LLE 1 BEE TohRiC Z i 35, #5580
TE =AU 00 o e R AR AN W4 =, Ui T
ALY W B B8 AT LA TG R 25 08 rh 4 BUA
14 RYIRAE , SR T 20 10 A 225 i ol AT LA A £
T B TR HER B 43 2

R T I0IE AR SO W B vk A AP A s A
SCT R DR R 2 S B R HEAT T PERE LR

1)CNN, RASCHR[ 19 ] H i 1% Ge 6 B 22
iRl EHRZ P HERAZ R 5 B CNN $2H0CCAR
FHAE

2)LSTM, R FHSCHR [ 20 ] Hr a4 8, 6 da] fix A
VE IR N, 2 51 SUFRE

3)Bi-LSTM*", 5 LSTM — #¢ iy A3 % A 15
B S B TR SO SRR

4) BM-ATT-BiLSTM"*" . H Fif 2 JF SC ik A #5 5
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Tab.4 Comparison of classification results of different models

NLP&CC COAE

B BE Lo s ORISR
P 70.40 87.56 88.53
CNN R 66.31 87.25 82.39
F 68.29 87.27 82.41
P 72.23 92.67 89.47
LSTM R 72.56 91.52 88.10
F 72.39 92.09 88.67
P 73.92 94.00 94.17
Bi-LSTM R 71.17 95.82 92.89
F 72.52 94.91 93.44
p 75.57 95.74 -
BM-ATT-
BILSTM R 70.69 95.34 -
F 73.05 95.54 -
P 73.21 95.76 97.56
(Bzig(j:g) R 75.20 95.69 97.52
F 74.19 95.71 97.54
5 #ig
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BB 45 58 B B I SCAR 23260 T ik TE 0 Al
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