0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190700041

AR X ER R BIAEN T E

m M EMNE F F HEs
WML T RZFIENRFEHAFR M 310023

B AEARBARS ZEA TIABEAR, AXAAGIHZ A0 X . RESFH TG, Elﬁt,#glﬁ;%
BEAAA TS ELAOMAENL., CHXARR T EHRA TR ENE R T IS LRGN AR, XA F L7569 18 X35 U4
FEL,FHRBPERGEHRERG, BXEINHZENZ L, AXX—F M, L P &4 T — 428355 LR £ 8 2 00 69 45 4238
FEANE X, ZHEAAA AN BTN T ERBIAPIAEOLETLELAZ.RABBIREFT FHRILA P T H005 L4
ML RGAAAMIER M HF XN ITHFEE X AT M@ HIE S FTHF A D ZAEGE LR, I, BEWFELHIES A4k
HWEGEAR KE LR RETFFELELS . IPERBT ARG ELFIEGELRXEARR G &, M4k SFKE 7%k, &5
EAR T EZEAEL B TAENEZR  AMTAES S T @EEFRIEZMAGREAES, FRAEREW A0k
TFIDF, TextRank, Yake, KEA o AE ¥ 7 ik, @& S AP 45 i ey A AR R T L e A TR RA, 554 TALE
# AE 7 kA, F-Score #A T 9.3% . G AL E G F A3 T WM ATIRE L REAW R G UG ER
F-Score ## 7 7.2%.

KB LRI R A B L FaEMN; o £ ER

FEZESES TP391

Keywords Extraction Method Based on Semantic Feature Fusion

GAO Nan, LI Li-juan, Wei-william LEE and ZHU Jian-ming

School of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023 ,China

Abstract Keyword extraction is widely used in the field of text mining. which is the prerequisite technology of text automatic
summarization, classification and clustering. Therefore,it is very important to extract high quality keywords. At present,most re-
searches on keyword extraction methods only consider some statistical features,but not the implicit semantic features of words,
which leads to the low accuracy of extraction results and the lack of semantic information of keywords. To solve this problem, this
paper designed a quantification method of the features between words and text themes. First, the word vector method is used to
mine the context semantic relations of words. Then the main semantic features of the text is extracted by clustering. Finally, the
distance between the words and the topic with the similar distance method is calculated. It is regarded as the semantic features of
word. In addition, by combining the semantic features of word with the features of word frequency,length,location,language and
other various description of words,a keywords extraction method of short text with semantic features was proposed, namely
SFKE method. This method analyzes the importance of words from the statistical and semantic aspects.,thus can extract the most
relevant keyword set by integrating many factors. Experimental results show that the keyword extraction method integrating mul-
tiple features has significant improvement compared with TFIDF, TextRank. Yake, KEA.AE methods. The F-Score of this meth-
od has improved by 9. 3% compared with AE. In addition, this paper used the method of information gain to evaluate the impor-
tance of features. The experimental results show that the F-Score of the model is increased by 7. 2% after adding semantic feature,

Keywords Text mining, Statistical features,Semantic features,Support vector machine, Classification model
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Fig. 1 Framework of keyword extraction

3.1 XAW4E
SCAS A B AR AT B R O SR S . E T E X

A HEAT A LSR5 N R v i 3R T AT 233 I T R
FE . CHTT T R - A WA R R Z A E. AXS



112

Computer Science THEHMLEL2  Vol. 47,No. 3, Mar. 2020

ZSCERCL7 A 4G iR 4 S I TE — A Sl 3 A,
FIH n-grams(n=1,2,3) B H M ECR 4, 5 2R E 5. N
A i 3 O B 1) 1 B L AR S X O B ] ) LR AR B
AT b, Bt T XEE R A AT R Y 3 AR,

1) B3 ) P A AR 3] A ] B3] B 481 75 3R] 1 ] 3

2) 0 B3 3 2 H R 2 DA 44 1) 08 28 ) O Sk sk 5 R Y O

30 10 3, 5 A 457 P 3R 0 o B 3R
3.2 HMERI

R ) B A SCAS Y 2 AR G M, SR I i) O Y

TEMEDT ) ORSCHERE T — S B BE WA AL SE T R AE A
RRAET T, IRV K BE L L B R S A B A G
=

M b SO AR T — iR T SCRFAE 38 5 2 A
] T 5 SCAS 32 2 T O AH DG 42 R 1 e U0 AR, AR
SCHCAR IR T R Y 14 A HRAE AR A R 30k O B ] B AR B L L
& 4 AT BURFAE 2 AR BRI S D ACE AR 3 DB F
FRAE

ARSI Y 26 20 K iR a3 1 Bl

# 1 RRAEZERD K AR

Table 1 Feature types and descriptions
Type 1d Name(Abbreviation) Description
1 (T tf,,j*]‘“ﬁm,_j%%iﬂi%iﬁiﬁj*Hﬂ%é’ﬂ»‘(iﬁ(q\j\%%i%j*@@*éﬁ’fkﬁ
AT oL IDIA B D P e st KRR SRR SR KR
] I !
HFAE AR B AR % A i |D|
. i e o IDL
3 ¥ % (TFIDE) tfidf;.; T X log, a5 ? B b
n;,
4 AR #LE A (TTF) zzf‘,.j*ﬁ.7z,tli%n‘<iﬂi§iEXZ'M'éﬁ?ﬁi?zﬂﬂt’%%é’ﬂ»‘(iﬁ(,\j,z\%%?ﬁiiﬁ‘%’@é‘b‘aﬁ]i’}i’kEl
j_
4 (WL oty =SB D U gt () e 7 8K RS B A B R0 % S A b A B R B 2
* E
) length(s) —shortest(s) — ot
AL ol — Lengtnls) 7 shortesttls) > : T A s A 4 1y i
A A 6 B GSL) sl Tongest () = shortesi(s) " length(s) & 78 A] F s 4 4t 17 38 %,
shortest(s) & 75 XA W 9 52 09 4 T8 & B0 37 38 3, longest (s) F 78 X AR ¥ 5 K iy &) F 4 4 0y 17 1E B
= % AR AL F N . , ,
7 35 iyl b2, 3t b1, & g
7 B IO R EASAE HIAL N BEA 1, F N BMAA O
8 WRMIAMEFP) fp,».j:%f"“”.pmmm,p%ﬁq iEXK] P ERERMEE
1“;% 9 & JE AL E (LP) [pi_j:‘mmmr‘lj#.pmimn—ﬂi S DAFEIEXK] P RE-ABANGEE
HAE
10 17 ¥ J£ (Span) span;,j=lo; ;= foijRAFFE i EXAK] FRE—REAFERBIAME N LM
sp;=average( 2 w).%ﬂ?ﬁ% iTEXARFAATFs PHIAE T HM, position(is) HIHE i £ F
11 A& FHMESP) ! = s ’
B s H AT s 3 b e A
12 M A AE (POS) I8 K 1B B 9E M5 B 3F Bl one-hot % A At A M AT 45 4
— ) 4 3]
Pras FEIEEET MR LTP AT IR B R F R IR 1B LS O
14 & A AE (SF) FiEXBERER AT XARERZEAHHXME. 5% 3.2 %

AL AR AE 2 B 8 A TR AR SOR BT A AR R, R
FESCAS R B A AR R v B L (F A R A R T AR B
i SCAR 22 [ 4 22 0] AR BB AR SRy SCRE I G HER] . K B RRAE 2 4
e 38 S R ) A% B o BT A A I R SRR AE L OGS — ok
2~6 4, BeAbEF A A TR K A A (s B A
Hh A B S T 1 ABE R R R o T ARRAE 46 3t S 4 IR 7 S
H I AL S B AR BT R . R —
FREE bR T SCAR (25 0 45 8. 9T DA T A o 9 1) 1) 2
WARKNSH MM, T REIE 32 B PR % 3¢ 5 i) 1 0] 1
4 B LA B i AR B 45 T R B

S ST 2 B I A R B A B SR P R B A R I S A
F R L A SO Bl e AR T A TR S SR R
VFT) A AR B o 04 AR Sy i 3 A% 35 G S 1] 1) 175 SUARRAIE .

A ] Mikolovt' ™ 452 1 i Skip-gram 45 #4 3)I| 24 47 15 1Y
AT TR Wk 2 5 0 3R] o 9 3R O 48 8 4 B W AR ) 6,
i [f 1] LA P SRR A R vk AN S As T R B8R L R AR
Ay 43 A7 2] 1) 12 mT LATE AR 3R] o (] A9 i AR LR . Rk oA
EHEPEE 2 DNWIE B HERN ww s w, s XN B

TXRBH crserseve, o WMREERSCARPLE b ADHEIE, $
i) R SCHROBG FRRR  AR AR p, UF AT Skip-gram FE
Y R 1 e 1) B AR 2 0 T A 3R] 3 A S R (R B RO
H AR eR B =X (D Bs
max(ii 2

N =1 —k=j<k.j70

1og<p(c,,,|w,»>>) (D

JH softmax PR AL FIHE R p.

v,

e”
2 e
Jec
Horr, C RIRSCARRS B AR L, W= {0y s wn s oo s w, ) RN TR EE
I RREES . D £m C W A ES,v. Fonilgs
BN I m  ve RoR BRSO IR L, R ORAR (DA
2.

max( 2 log(p(clw)))=max( EE (log €™ ™ —

(w,c) €D w.e)

plclw;0) = (2)

log L»/‘ev" ) (3)

23t LRI ZRad 72 L 0] LIRS ) i S HOE AR R R i —
AR HE B4 55 B9 n] ] d . S T AR IR 0 1] SRR B e
SR SN ER T LT B AL (Y 3R] 1) AR, 9K J5 A B Y



Fr A A TR SRR A DG B SR O R

113

2 R SCAE N X ] ) i HEAT RN 2R A5 B0 B i A AT A
HEWE R, X SOARBAT 301 WAL Z S, 15 F
XTI EE W= {w . w s w, ) - EEPEAET uni-
gram,bigram Fl trigram A 20, {H )2, X SCA 3] [ 55 5 47 5311
SRy B e KB R T AN RIE R B SCEE SUE B Bt Jx
B TE R ] AT TSR, 2 T A . T RS
75 55 b %o ) 4 ) o SC S RIURH B BE AT TSR, R X I AL 2R
s AT BT . TR 00 1) 3RO A A S ] Y — A A R
S T T R] A8 18 SOREBLBE RIS =5 8] b A AR sl 2 R P BE B . AR
I8t 306 Folr S 7S SCORE 3] 20 L 3 g A H] A AR R — A4S L T A
o B8 A5 5 0) Pl S R 2 Y 22 A TR B 2 1R O ) Y
- 4 Fe s 1R 2 09 1) B Ak AR T A = (D P

.
Sy,
—i=1

n

Vi (4

Hodr,w, FoRiaA 4 Wi A & v, RomidiE j i & e Fow
20 B2 1) 1) 1 S B

JFH 3] o 2 AT 28 i) e A 2 A 0 08 DG B IR T 51 e Ak
Jyial ] T V="_v 0,5 s0, ) » RJG FI FH K-means 534
BCH G SCAR R EM LG R, RS AIPIR S RO
WIR LA G WA E A Rl AT g R B 2R R R 2B 4.
TR SR TN G B, AR SCAR I 5 8 G B I 1 B AR IR
BTREPL C={ci coy s ) PITIRIE . 5 £ 10 1A 55
KA kA TEAE R O R E . WIERENITEX G T,

wry =YX Lfid fr;FaX it fo, +BX spans, 5)
o, v, /o XA j il @ WRLE; efidf,,, tefi; M
span; ;43 5 3 7% TR TH Y SORY- 16 SCRS AR bR R L IR A AR R
DL Km0 B B AR B

lfidf;J::T}1?<log2%;%i 6

tfiy =14 )
K

spans, = positon—, (i,j)  position(i,j) (8)

[l 1l
Forf g FORAR R © AESCA Pl LR B, | 3208 A
TIE B | DR 1R o SCAR B B8, d 0 o8 1E R E
L E R ¢ B SCAR R position (i j) FORTTE § TECA j
iR JE — K IR BL B, position (i) Fe A § 1E3CA j
T IALE . S5 7, a0 BAE N T S 40, A SOK H 43 )
BEE M 0.3,0.5,0.2,

15200 1 A R 5 A (9D T 58 A A ) 1) 4 3]
BA R PO BRIREE R SR 1A~ 18] 1) & 43 0 45 BE 88 0
PR, NTTAS B b AFE(S1 Sz 5+, S, ).

(o =) e Cog —e.0)°

diS(V, ’Cj):

(9
Hobv FRE AR I<<m;e; BRE ) MENRE
D <<k, KR i AMAMR I ¢ gEE .

RER BB RARRME AN R POEZE D& DX R
Z IR BE B 2 A/ N FR R 4y . BB 10 FiR .

k m
J=argmin 2 2 dis(v;.¢;) (10)
i=1i=1

n 2R b RO 9 R WSS U 0 A R AR R A
B35 20 F8 RSN AG B R AR R FER 4y, RER LR T
SCAHY FRE B BATE S XA 5B SO 8w
el

B ST AE A B G ] 5 SO T R k] B B Ok
A IR 5 SO 2 (8] AR G

1D

Cj

. = o
551 = sim (v ve) = [ v H’ : H vl
i ¢

Horpr, SOA G g i i v, 308 v ROR B IO
IR
3.3 MESESHF

SR g R MR LA A i — A g TR R L S B 3 R 3 i
PREWARE R LA MBARER 0. S8 3.2 IR IR D
I 4 B 7 3 % 3 OC B 3R] B 3R AR A 7 B R AE L B AR A
B RAESE 14 A AR AL n g o x, JF 2

(12>

A I A 358 SRR IRLR AR 28 o
x;,=[LTF,IDF, TFIDF, TTF,WL,SL,OIT,FP,LP,
Span,SP,POS,INP,SF, ,++,SF, ] (13)
yi=—1or +1 (14)

R ZR AR A v ) AR i AR R, SR SR 1) £ AL
(Support Vector Machine, SVM) 35 3 Il 45 56 H {7 43 JS R Y

4 IWRHESERDN

4.1 HERRITHIRE

AR S R T 46 I o AR A e T 26 T B4 4 31 LA
CHE A A RO T A M P A S 4 R O, A
g AR IOCCA K E KT 200 FA R 2016 — 2017 4E 194
AP SCAR W FR BB OGRS s . R AR
T ATI3 REAR SR, DL R AEE SR BE Y 16987 A i), SLm
W SCA R BRA 1R 40 B T N R Rt 48 L T 3. 3 iR T I A
AIE o) e b R AL A O LN S 43 BT, 0L % 4l o 72
AR S E N 2 B,

*2 BRBH
Table 2 Model parameters

Description Symbol Value
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Table 3 Comparison of different classification algorithms
% % i %
Precision  Recall — F-Score Precision  Recall — F-Score
KNN 0.75 0.74 0.75 0.72 0.70 0.71
DT 0. 86 0.83 0.85 0.83 0.78 0. 81
SVM 0.93 0. 80 0.86 0.87 0.77 0.82
LR 0.78 0.87 0.82 0.70 0.79 0.74
NB 0.88 0. 86 0. 87 0.87 0.79 0.83
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Fig. 2 Influence of clustering number on results
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Table 4 Ranking of feature importance

Rank Feature Description 1G Score
1 TTF i 0.0314
2 SF & XA AE 0.0251
3 TFIDF 7 I - 2 Y IR F 0.0238
4 WL WK E 0.0206
5 POS i 0.0185
6 SL qFKE 0.0177
7 SP AR E 0.0154
8 IPW REREEA LT 0.0148
9 OIT REEHAEAAF 0.0129
10 FP FRHAME 0.0098
11 LP e AL E 0.0085
12 Span =S 0.0078
13 TF i 4 0.0570
14 IDF AR F 0.0049
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F-Score $&F+ 7 0.107, b Ak 4% SCHE 09 3 SCRFAIE 78 42 5
R A< 07 T A AR KRB STk, A SF RRAER . R K F

Score ¥&T+7T 0.072,
F 5 MR G R M HERE
Table 5 System performances after removing a feature or a family

of features

Feature Precision Recall F-Score
TFIDF 0.3967 0.539753 0.4573
TTF 0.3740 0.4551 0.4106
SF 0.3986 0.5047 0.4456
WL 0.4075 0.6007 0.4856
POS 0.4249 0.5975 0.4966
SL 0.4352 0.5836 0.4986
SP 0.4295 0.6099 0.5040
PwW 0.4476 0.5809 0.5056
OIT 0.4386 0.6044 0.5083
FP 0.4416 0.6060 0.5109
LP 0.4431 0.6085 0.5128
Span 0.4492 0.6032 0.5149
TF 0.4478 0.6073 0.5155
IDF 0.4484 0.6087 0.5164

R T BRI B b FRATT R L T £ Bl 5% g i) 3 B
B A I 6 Brdl, mTLAE L SFKE 4 ik & f T 3H
% B T ¥

* 6 ANRTTERGRIM L

Table 6 Comparison of results with different methods
Algorithm Precision Recall F-Score
TFIDF 0.2879 0.3417 0.3125
5 TextRank  0.2184 0.2917 0.2498
. YAKE 0.3382 0.4139 0.3722
KEA 0.3597 0.3693 0.3645
.. AE 0.3618 0.5148 0.4249
V2
SFKE 0.4494 0.6102 0.5176
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Fig. 3 Results of Precision changing with number of keywords
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