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Abstract Due to its characteristics of shortness and sparseness, short text, as the main body of microblog and other
social media, cannot be accurately classified by the traditional text classification methods. To solve this problem, a method
of short text classification based on association rules of lexical items was proposed in this paper. Firstly, the training set
based on the strong association rules was mined, and then the strong association rules was added to the features of short
text so as to increase the feature density of short text, thereby to increase the accuracy of results of short text classification.
Comparative experiments show that this method, to some extent, reduces the impact of sparseness of short text on the

classification results, and it improves the classification accuracy, recall values and F, values.

Keywords data mining; short text; classification; association rules

MySpace. &G AL A WL EL, JF
H a6 o MTHIER R 70 245 BAERRE B
FE G AR ARG, XS AR

AR, BEELIRMEBARBHB AR, U ARGEER & MR EBCRAN B IR T 5 e 24
HJE Web2.0 SURIIKJE, Facebook. Twitter, e IEBHTHA AL GBS AT 73 05 B

[l

1 3]

U5 BEA: 2014-03-04 1&[EIBHA: 2015-03-18

EEWB: WYL erEvHRIZERET 535 H JCYJ20130401170306838)

EER N wwy GEWER) , Wit, W55 iSRS 59548, E-mail: zhangfang@hylanda.com; HifEd, WiHwrsek, w5007 b3
E/TE Fat P 1 = S 10 o 1 e S U1 e W B IS e d L2 0 VTR a1 RO S R S [ A WO/ L DA P 0 S D TP e LU 5 TR a8



70 £ m ®HOKR 2015 4F
A TEARTCH, FRATFE T —Fh Ik T3 IO IR

B I WAT, H R S 5
I R 52 0t R E A G, BNl T
WERRA S I ARE RS, mHMRRT
ML) AT A Eicths . 2012 4 5, BriRik g
Fl R 2B AR, FRAMIERE N B
HRL 344, HPl 60% R R A% B A i
ok, PPRIRER AT 1 LA M. W]
P QA6 v 5o NS T TR o Q% €T o P
HATRATYE S QU R RS, i L AT 2%
WA IIBEFUIR O 52 21 [ A2 AR T2 KT -

FE A C 28T T 142300 ol 1T 25 A A g 4%
BRI — RIS 25F . AR BREER R
M, WAFEE Y PR . R NG
BLE THAE 2012 S 5E 1 S GETEt o i D E AR
BIANTFA B i P K (K A28 9 4 a2 30 1A

FEBA T LA, FATIBIE A 4 [l S
RSB TR I 2 I 2R AT LR =AMt A

(1) ol R 85 T SO AT R I e R ik 2D S5
R BRI SCAS I SCAR 93 AT 5511 RO N
JSEAN foi (0 PR R o R 2R T SAS 1 g R PR 0 2R A
s PRI S s )

(2) =5 (R SCAR DI T Ja v K I
A RE . WTFEN BT UG i R SO B 34742
i IRIBOAATZ AT AR A R, IR R A
ST ) 5 AR L PR SRS 10 ek F b, LR AR
SRRSO AT 7398, FRECRI I T ) R % i EA
s AN R g AR S T HERE A3 S
EER AENH =I5 .

(3) 1 el e 258 B SO AT A L2 AT R
R 7O, RN e R Bt iRuE
R TR, WA . B E RS AREE R
A Bl AR P o SR AT B 5 B B
SIS o R SCARBEAT H 370 R LA 2L
MR R SCACBEAT WA U, xS kAT A ghid
IE, B HIaE A

FSCA Y HT ik, Jep s 2 3l 7 A AT
X SCA IR TAE; 26 3 S Bk 15
W R LR A, 45 T N IARE R0 [ &5
R B 4 MM T RSO R S R R
KRB 5 Wranth 7 scsn il e kg R
s SCE SRR RARIICREAT T A 4F HAg ) T8
— BRI

2 FMX#R

ARG R REFR A3 A A 73 FESCANFAE
BEAT 70 A, T TTH SCAR VA 28 31 756 g 128 0] HL
(P RE . AR Z W0 0 v SR SO oy BT T
e, ABAIHA TR H B .

Yan R T R AR AR KIS
3RITIE, BRI AR L SCA
GARE PR AN PR P 23 R R A B A
LN s ) P G A H L v S =
H, BRGNS EAHLG, TP N R SOA
()73 8 b a] LSRG e ) 2 SRR 2 A0 4[] %,
R3S A5 ARG E T 10 A A BB (R 00T

AR SR T A SO SR A
Jrid, AT AT R SO R A R i B AR AR S
PN P S EE S o T Pt SN RTEIE 3 N A
IC T RPIE A TR A AR R, 3 1T I8 380 2 A e SCA [l A
FR e 4 T i) SN e 2R i) R . i G S &5 R
H, PERESE F-measure WAL RAL LR T
KT 40%, BiHA PPt ik 3T AT o AR SE IR
H BRI VER R AR s BN T RO gy
I ) HE ST

i /D A5 R T A 4% 2RISR (CRFs) fi#t
RFLSCA PRI 8 B S SOR I — Ay b
FEFES, AT ZREEAS 2 ) CRFs BT %
FEHVHEATARVE . SRS REW], A T 3CFF ) &
ML (Support Vector Machine, SVM), fifi[] CRFs



34 Oy, A JETU IO AR SOA 7 AT 71
XPRLSCAS 7 RBEE AT B S i BRI R . SRIMTSEEL BRSO Ak (5 S o EFRE, S TR
CRFs JIAME AR s, B TRSCAR SR Sl S48 — T B8 1 5 2 R T30
TR o — SR OROR (WA 23 B B s A W v A 19 2R

RS TR M T R AT ] AR A I S
AGPRITIE 1 A I R ] A A s AR
ik B 0 P AN SO T K AR i ] 3 JE b kA AN X
TG, AR IE I TSN RIS T S AR R SOC S
SRR B ARBURE, ATTIEAT 202K SR
W1, IPEAE R ERAh T RSO R IEAN AL
(Mo, HARw 1 HERGHR A R,

LT EAE H BL BRSSP A AE
(i) U B e ke HETUk, ARSCREH T Fpdt T
I BT SCA TP KRBT AW, FediT3E
TN R A2 e o () OGP, o) Aol i
SCRHEATRFAE S RE, AR T SCAS 1) R i
R L 1) LS 73 SR A5 R AR RS, BT T R

Ao FRMPERE o B M SE UG I U VA
Rtk

3 HiEEERALIRE

31 BiGE

AR I — A B A AR s, T 2010 4 4
H s A AR . fEE A, iR
C Tz in, Ak 5 2. RSk E
(RHERr (Twitter) —#F, BN HGEH A —4
Wi 2k (followers) , T LA TGS T LG AR R — A
AW 4o AT AR A s A A0
BLL S 140 “F- LA I SCF 0, T Se s 5
TRTHPR A NG HP R 5
AREH P E E, 2 S HAE R DL B VR
W B B ARSI I BoR e A N T . B
bz Ah, P2 Ak n] DL E A BORERME . B
T UL 75 0 TR Y IR R A, SCAC R B
PR BT DA AL 46 o bl TR K 1
FUREAR, R (1 28 F) R R R TR R

FURER
3.2 HUEEYFE

SE 56w BT A ) A T o T TR RS R APL
MG R i | R B3R AF . 2013 4 10 F) 15
H2% 10 J 20 H, ik APTZ5 H i A st
AT TN RARIITIE 736 U7 2 A TR
BT PR, AE RS AL TP LE HE 15000 4%
TR R ARSI R S TIAE , JFRHIX 15000 457
L X 7 P e R AT NS M AT R S G
3.3 trigAEN

Sudmift, RATKEME AN 12
2%, Wk 1 PR,

13 AMFRic A SRISCER B S G R I AR AT
Frid, K SER O AR N IR e AR d o B 12
B2 X THRBE, W RPHeH AT LUK
WHZ G200, T, et A pe
FEHIWNZA SN, WEE A AT I iR
PRSI, RIS S SR 2 ], L
BRI B S . SRR 2 FR

F2 LRMIEEATIFEER

Table 2 The result of artificial labels of Tencent Weibo sets
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R 62 93 27
HEH 2 74 10
T 8 31 1
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T 6 8 2
WAk 2002 1930 1966
TR Rk 397 417 461
Ftr 67 68 35
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Table 5 Summary of evaluation results-2
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SEHG = 76.04 76.04 69.60 55.30 58.36 80.82 80.82 73.90 62.03 65.60
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