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Abstract Topic discovery from Web page has an important impact on natural language processing, such as text classifi-
cation, automatic abstract generation, information fusion etc. Mining Web page topics can help users better understand
the content of Web pages. Although there are some papers discussing topic discovery from ordinary texts,few of them
consider how the label a word belongs to and the location in which a word appears affect the weight of a word, and none
of them gives calculation methods for the two impact factors. This article extended Web topics from words level to con-
cepts level based on WordNet, used speech tagging to determine the POS of the words, used word sense disambiguation
to determine the words’ meaning in the pages, made full use of label impact factor and location impact factor to modify
the weights of concepts,and proposed calculation formulas for calculating these two impact factors, Experimental results
on DMOZ dataset show that, compared with un-adjusted weight method, the adjusted weights method can significantly
improve topic mining accuracy, which can reach up to 0. 95 in the best case.

Keywords Speech tagging, Word sense disambiguation,Label impact factor, Location impact factor, Adjusted weights

A RIS R AR IR RSO RIS R ) C B
FR, REEEZEN — M ERS . FESEN ZHAT
A58 S0 B B AR R B R A L

A B EREIS ARG & UL E  SCRRLL )8R T
B SRR RSUARIAREE A 1 BRI % A2 IR
BRRNOAE BERRARZIERTE, ERTIERE R
W T8 A I AR B IR BT R AT R, A S AW
ERAARER R AT ; SCER(3 )& T LDA BRI 3k 47 A
B, HEEHERERY TR o4/ T —FET
B SO F P LT AR 2R o X B R T 5
FEAFEYLIN ; RS ) E T X AN, Zlitiz T RARE

ZIF B 3. 2014-02-12
(20130206051GX) B8N .

i& 18 H #: 2014-04-15

W Y R B A — N R T A B AACE L 150 S R
RIS SOk 6 ] H T & 1% X5 B K STU-DOM ##
R @ X HTML SCR 4k STU-DOM B i 47 3 IR 1
BURR BN BT R M5 B SCERL7 4R 1 T @ 1 Twitter 51K &
BEFH T X8 TE R P47 LDA REHITR AN T
FeBHiTIEME W R, HAMN TE A LS TR
HTML RIGIREFBHEHANT P HAHNERE AL E R
HfRF %, BEREZRBFIERE. FHit sy R
RS RE, S A AR TR K HTML RS R4 f 8
WHER R ESCCAR R M BTSN ENE RS RNE
Ho

AXTZEHKXERBZHFERES T B (20130206051GX), EHRE EHABH K XTI E

FIFBR (1991 ), & B, TEBR T W I BRI R E-mail: liugql 2@ mails, jlu. edw. en; EHFR 957, B, #H T, B+ LR, TEHAKR I H
A RIEH AL Web B3R5, E-mail: wanli@jlw. edu. cnGEBEEH);E  F (1981 —), L, i+, PEIF , FEB I 0 Ak . Web 248, E-

mail ; wangying2010@jlu. edu. cn,

. 62 .



ARSCUER H T — o DA 5 R I I BT e SR B T S &
BTk, BT E SER BN TTIE 3, 458 WordNet" 3 M 1T
TE3C3CA HEAT 1) ST 52 » 1 5 L o BT 4% 1) B 3R] 5, BIRRE
FERER GRS MRS HTY R, Rt RErAES
B A B3R HH LR B R i S R R AR, 5 B 1R TB BT
JB HTML 728 #0115 1 M 0T IE 3030 o b LA (7 B 47 1R
SNERE, KB IRAXANBRSREBRT. BB
HBKRHE » MESERIMTRA ETEMEE . FXEER
B 1 AR,

——( o ELEN
ODP3UH— IELH
[(rax | axsksruins || | [RaxE ]
Page —»  GitRATMRAHAFERAE REBE |
mA R R
[Exmm o[ axn HE o X ARERE

Bl FEESISEEE

1 BERRGR

AN A B 1R W) B AR AR R M BB Z BB E BB .
BT, AR ARNE R SO EWE R XA Em . #
FASR 1848 K2 AR AR TR XF W T IE SCH Byl E #4719
PEARTE , X AR 1 f5 6938 6 B SCER (9] P $8 2 ) Extended
Gloss Overlops /%, %% k[ 10-1274& B WordNet %f #i4b
B B R T SCA AT IR SLIE s . ZERTF 29 MR TERY 1754 A4
L GHEAM 13 F B, Z A EXE T R &K Fmea
sureff. EEALIHER RN gloss PEBEERHBIALK
FF A A REER RSN ERE.

XF—~ Binsaiaie LB, B AT E TR HiR R
B A S HE B E O PR AREE AR E, R EEBUEX
FE BB R IR AE BAR SR IR7E XM T iR L, LAl
S R 48 18] SO TS AN O 7] DA — M) 7, IR A
TR SCIA R e 3 ot T B4 e — > B IA) 5 ) F R A SRR Y
FFRERFE LI L. HAREIR word BYIR) X WSense H
ROBE.

m 2 m;

WSense (word) =arg max j=§$lr21:alx Relation(C, ,Cy)
¢D)
P m, Ky B AR 1A word R LA ¢ 2 word TETE L E
OHEISRE  m RIEEE O 58 5 A BRIE AR U » Tl
BHERIRAD,C I Ca 53 BRS¢ MBRME  MAXEH;
ANBAR SR B AR X Relation(Cy » Cy ) RS Cs F1 Cy 8948
XE,

EXNEIpNE 2 S AT e AT ¢ 3 TR ISl o Ny &Y
B BEIESCH R IRE R REEER., ARDOBEE
B {3 2 R 1A ) 18] 3L, i if WordNet, F B 38] ) [A] 1A 8
PRIEEY BARE R, AR GRS RR A E R 5T

D http://wordnet. princeton. edu/

2 http://nlp. stanford. edu/software/tagger. shtml

P MR SUARHE A B W, IR (2D FiR.
W=((8,w1),(Szywz) s+ (Spywm)) (2)
KA, m NFFETNEL S O p P26« MFETEIR SOEE
B SCRISE wi A Si W& SRR Y BT BE 2 0,
F5h MTUIESCH AT B4 B — B4R 5 3R, X F X 86 7
WordNet FATFERIRL, A XA FAEEE, S —5 R ST#HAT R
SCH B e IR B R R sk 1 Frsil.

#1 PR SOESE SR

W W T HTML X 4%
Hri s WU W 4 97 i 1 X sensel ]
1. M T E X ¥ context;
2. 1 Fn "3t context #4749 47 18 2 # 41 sentence[ J;
3. While sentence %% K& #EH do
4, ¥ sentence[ )X 4 %37 % 4 words[ J#nid & # 4 pos[];
While words 7% 7 % &b %
IF pos[j] & 4 7 H words[j]# WordNet # Then
i+ words[j 189 — M7 XL 5 sentence[ i1 Rt 4 37 8y 48 % K 5
# 42 A (1) 1% 2| words[j] 837 X senselj];
END IF
0. END

= © ® N o o

2 WMEMBE

M A EBEH HTML B A R, 2k b i, &
AMLEFEEXFEANXFER, AN AOE X SR B
RS R, B W] LME B F5 R/ LR RHE AT RI1£2
FEhERBLERE. BN MR A BRI ER S5 %E A
FEARIRFAE , 20 3= R IRV ARG 1] T L BUAE SCAHRAR | IE 3CHF 3k
HREMNE. EM, KBS E AR R BT EWERN
FEm B R 2 W, A 30E 3 45 & X B F TR HTML f7 %
URECERTIES AT BB EXMMBRERE W #
T IE, IR BRI N XA E M B R
2.1 BRERWEET

R T — A AR & P T AR, AR R AR 7E T “ (title) AR &
o, TR TP i A4 (hly, (h2) L (bY | (strong) . (i), (u) "%
R RN, ARREMEEERRHMR, I title)
RENEEFER TARIOEMFE  XRAINTES
BRROER, NI SR ITEE R X ERERESNE
EER. AXET DMOZ 4 HF,#H DMOZ #H3¥#H &
FRA 2505 o BRI PR PO 2R, RS P B, b
FMTPERE N B R ITH . 8 M T b BiR |
BIRTLEE N, P TR K/ toralN FFE | HEE F iR 5
W e W% LENTER BN SERKE 2 BATRE (FEN
WEPHRERAETHR Q) TEBRE,

N v
totalN "~ " n;
HYEAG T HBEPRE HAN RSN HEEFI LE
W, HEEERTF 1. ZEGEENTEFHHIH N,/
total NDFI B SIS N B REN RN B ST RSB ERE
EEEIRWREREROT®]. Wo/n BRAGE PEE
FREELS R &G TR A BRSO L, BT AR B R AR

W, =1+ 3

e 63



T AR [ P ABEER, AT R IARSE [ XT38 18 Y B o
H.

FHh, M HTML XA H 5 £ 8E B eGSR,
REMRT & BR, EXeE AR BB R EEE
F, 40 meta $RZ Y content [BYEE , ZBHEFHE SRR
RBF AN EEEETRRIEERFERMSE, RITH
EAREFR A AT IARE; TIRE PR A AT IR LR E
FROATT RARE . B P TTIESCSCA #7403, 3R AR AT AL
HEFEENEERSTEER XERESEN. FXEXX
AR BT E B ER, %5 Bl AR R 5 8ok, dit
BATAAREER. AT R4 & 2k 3 R A iE X i
(DOHE.

Sense(word) =arg n;:alx TC(word 1) €))]

K, T(word , ) W word M | MEZLET WARENE
& 1EJE WA , m 818 word B4 18]1A) SUHL

Stepl T HFTR 5 A #9185, LR RIE 2 frE — 1Nk
IR W BB VE R NE TR AR .

A 4 HTML B 1 AR “(p class =" more")
{strong) Disclaimer: {/strong) Specifications *++{/p}”, %f F
B ia]“specifications” , ZZ M G — PR K “(/strong)” , Z AT &
HEEHRAR A ZEMSE A RS “(strong)”, AR 4 76 17
“specifications” BB B RIFE , W BRI IR E; ZME =5
KUY, bR K B “ specifications” Z B 5 — N JE BT B9
Fiams. KLk 3 MRS RE“(p) " R A4, S5 “ speci-
fications” fr BARZE R “(p)”.

Step2 ZEIFMFM RSP AT EFERNWFE AR . &
FRAS R B S R A U B B A AR A ) B TRHE

Step3 MBI RMAITEEMAR BRINIEFRALD
GEIT R TR RLEIE B .

Stepd EH Stepl—Step3, HFIFT A M {5 B9 4% it 5
Mo MBAGOHEMNAEFIAEREME.

2.2 WEXmEF

AR E FRiEE 2 F RN R WA RHE, 25K
TEHLSEFLIHEXNEERRTETHR EERHTE
&, F, SCREFF LR M E R MR TR T H M
B, AXET DMOZ %K B F, MmBE T EENENLTFH
R 3T, # F DMOZ 4338 5 5 & 28 514% i 25 R824 R 51
FERES  FITE S DR RFELEES L AL B, 5K
BAEEZWETF LWL, G R,
NL.
Nm:l (5
o, N, AP TP EEFE L, BHHBIREG Now KN
TR F I I B AR AR IR B
WHEHT LB, AT LU B2 A B iR)iE Sy R R R RE SR, B IR
ALEXT ERAERME WA,

1iE i FER T IESCCAR R AR L #E =R (6) FiR

L,-=[Di‘z;"] (6

R, D, HiAliE  BEIESCIF BB (LIRS , Len R IE
L) 64 L

LW(L)H=

SCE AR, n A P BT IE ST B BUE
ERTRIE R T A 6 B EAE AR s R 2 BRAl.

*2 MUENERREEER

W :DMOZ X#, AT EX 4 B ¥ n
B AR HEAEREAK totalNum[ ], IR EF AT B FHAL
%k # total

1. #%# DMOZ X4 ¥ & B 44 business #§ 1000 M E X £ # A F 50 th
B T pages[ ];

2. While pages P #ZE XL B W T do

3. 3k%8 pages[i]® i@ 4 topics[];

4. 2t pages[i]#8 B IE X context;

5. ¥ context % B #374 ¥ n B segment[ |;

6. Fori=0tondo

7

8

While topics i Jf % do
IF segment[j 40,4 % B topics[j] Then

9. totalNum[ i]4+;
10. END IF
11. END For
12, END While
13, total«—sum(segment[0-:n—1]);
14. END

2.3 WEMBE

B 2. 19 AR AT T A 0 B IE SCOCAR R A AR H B
FEEXA RS S BT REH B AR T WAng, Bt X F
&L EF IS ENENE, FELESE B ARER
RO WAREFHRER . MKB2R, EEEEEXET LM
ZREMIRHEEZ. B S4WENEMMVENE, B8
con FBRZENEMN (DR,

W jima (con) = El NLoc; (con) X LW(G) +Wig, (con) (D
2

K n HIESCTBIRBE, NLoc; FRTESE j Bt con BB
WELLW( G RAE § BRBARE, Wi (con) BHEE con TR
EEWMEFHERATBEREINE. W (cod HR(B)ITE
B,

W com) = 53NLaby (con) X W, (eon) -+ 33 NLab, Geom) X
W; (con) ¢))
Kk R BUBEE con WA AR, NLab, F/n 7] AR
% i con FIHBLIKERL, W, (com) BaRGE & M E, m I
ML con AP WARE N, NLab; F/RP] WARE j H con
FIHE IR W, (con) FRIRE § IRLE.,

B EBEARERER mEF AL EZmEF XS
NEHPRESE—R, TOEE TS BARE FEEET
ENEX B ESNENER; B S% W E 7 X 4 8w 1
FREREWAAT RARZ W, BOFHET ARLRGE
MEEENEN AR R, FRERARNEE ISR,

3 WmETEME

ETERRABESRNTFET WordNet A, 2h 3 R 7T IE SCH}
AREH#ATERERIARERE, FHit, N TRENMIT HT-
ML 3CH% , B 56 B % 2 SO #EAT 1E SCHH B, 3R BUM) TTIE 03T
2 SR 5 Y B IE SCHAT R IE B b B, #9000 SCAS MR 1)
B, RERER SR E TR0 B R E TR (D3
XA EBHITNEBE . BEXFRAMBRR. KE LS
BT R0 T BT RS IR R R R AR 3 Brg.



R3 THEBESEREERHR

BT HTML XA page, ¥ ¥ {8 n, AT ZE R EF) & lable, LER E 7| %
locate, Bt # m

WA ETEBRAR

1, sense[ ]«<-WSD(page) ;

2. HA st IR TERE-MEARAERT P HERE;

3. While sense % list P A KR do

4, R sense[il#& page £ X # F BATHK lab #n lable # % 4% 2 AL E lable-

Weightl;

5. IF sense[i] & # list # Then

6. # sense[i]mm A list, ¥ 3T F 4 lableWeightl;

7. ELSE

8. sense[i]AX # fm lableWeight1;

9. END While

10 RBRDOERATT RAEERES E list #AHB;

11. While list & K & #H do

12 AR mERATEXR LN m &, o list[iJH Ay Bk, K%
locate $% 8 % B AX # locateWeight;

13.  list[i]4% % A locateWeight;

14. END While

15. list<—sort(list) ;

16. B list WA n A MR T EBALE;

17. END

4 kB

HT BAFACEE N EREMNE S IERLEHE, R
DMOZ FF#% H 3% T business B 5 &9 & F R T #E17 E 8
REASIS YR, (6 P “ 54 168 00 0 L3/ 1% 28 551 P TRV 1 D 3R
MiEtk. FTHEMRENEMN B EN TS R &R
BMENNESENBELA EFEMSEELNTHAL LRSS
R, BTFREARFEECAH, TR ELEE B
ZEAEN, ARBFHFEEEFIEE EEW, Bk, Bis XH
s F 7 B AN B L P ) T AE 3OS0 AR A, AR A i B BT
HTML 30 b B 7R {5 B BEAT AL 3
4.1 HFENEITH

A3 B DMOZ 4335 B § 5 92 4~ F business ) £
3£ 1000 A RRBEBA/NTF 50 MM THITH T, ER
KETRT 12 MRS R BRI E 4 B3,

#F4 WOE AR

WE  tEA RKESR B
% wEAH sxs XF oy RE
meta 4925 5137 0. 9587 0. 965 1. 9251
title 823 1057 0.7786 0.993 1.7732
script 3488 10013 0. 3483 0. 891 1. 3104
P 4143 15699 0. 2639 0.926 1. 2444
img 4028 15975 0. 2521 0,957 1. 2413
a 12973 57768 0, 2245 0. 991 1. 2225
iframe 306 294 1.0408 0.130 1.1353
br 1905 15882 0.1199 0. 857 1. 1028
div 3761 40165 0. 0936 0.918 1. 0860
span 3146 30498 0.1032 0.772 1. 0748
link 372 5007 Q0. 0743 0. 867 1. 0644
hl 113 917 0.1232 0. 424 1. 0522

AT 4 AR BT JLAHHE : 1) meta, title in8 AE
EHRETHMFE, T meta IRENERE, XKIETiHH
EFETEAR T RARE A E LB 2) img. a. link
PREANE B . UL E AR T LA R s R E R
B iframe IFF LR KT 1, X R B T RS HIA—K,
b s 24 RN F LS B, 8l 5 R HIRR,
R T AR AR R HBREE T 51 R R T BN B R R

A FERR TS0 A R EIRE N BRI R AL TSR
I TSR, RERN LB, BERENEITE
2R, ENEKTF L.

4.2 HRWEITHE

JEfHEE DMOZ 4325 B3 92 36 TF business #) £
3 1000 XA BFRSHEA LT 50 WM THTH T, B PR
EC4rH 50 B BRBIINE 2 FiRMIgiiT 8.

2D Graph 2
1200
- Col 1 vs Col 2
1000

Y Data

3B 5 8 8

X Data

H2z {wBEERSITHAL

ME 2 AT LLE Y, AR N BT IE CSCA M Sk gt B
HIMKEER L, B LT EER S, ifi7E B JUIE 304 /4 o |]
o EEIR IR AME ., BT, X LML
BHAWE SN E R THARS.

4.3 TWHEREBEIH

M3 HTML CA K 4 A XA RN EMRENE, 5%
THAT TLAR 8 9 3OS N 25 PR it R RERE & Hh BRI R R i) AR
BWIREREPRE RS HIEN . SERSREMN
BENEBI A RE B SHEANE, EELHF R
HEKWE » N EERSENRAEE.

A3 B DMOZ 4336 B % 9 business EBIM 5 F%K
FETER A SRS T LR R R W K R B B R L &
5, Hor R A v AR X i EREIR A Py e LT SRR R .

£5 LHRWKEMR

XRALEHR XEBK EFHEBAYE
Business # 7 Materials # 1 Metals# 1 Aluminum# 0
aluminum 20 Consumer # 0 Goods # 0 Services # 14 Watercraft #
1 Boats# 0
coffee 19 Business# 0 Food # 0 Products # 1 Beverages # 0
Coffee ## 2 Hospitality # 0 Restaurant # 0 Chains # 2
Business # 1 Transportation $ 4 Logistics # 0 Mar-
exchange 25 ketplaces # O Freight # 1 Exchanges# 3 Trucking #
0 Stocks# 3 Bonds# 1
interest 20 Business# 1 Publishing # 0 Printing # 1 Books # 0
General # 0 Interest # 0
Business # 7 Transportation # 4 Logistics # 0 Servi-
L ces#8 Auto # O Transport # 2 Motorcycle # 0
shipping 18

Shipping # 0 Goods # 2 Packaging # 1 Cases # 17
Containers # 0

TRERRFEMEL M T HRME . E X DMOZ F K
TR FEMEHEMNER N e e B ¢ HHKFE
FRocini & ¢ TR, @ WordNet X c1scz sy BTN
1%, B 18 L YT o WY RIS B, (HH B e, KR
SRS, MESEE CYT BHA .B=(B,,B;,,B), &
FEI R 51 ) B & AR R GRS EE B FRERE—I0,
FE S IMIER, TR .

ASCEIER 5 FH R TR AT E B IE AN T
B L (NoAdjust) M T E M IE K EEE B (Ad-
JusO FAHESL T & B0 IE W RHITT ., RETHRESEIE
HILEY, CERERLE 3.8 4, HhE 3 IEBRAEREE
EBKHIET 3 #8715 MESVEN EEESAT, Adjust F1 No-
Adjust FiFMESL T R R K L B 4 BT 3,80 5 FED
10 MESIER FEAESET , 2 3CE B (Adjust) FIHERR RN H .

. 65 o



10000
L3
09000 -
08000 e A
%0 - 7
R A

06000 AN W 2%m = TopAdpst

5000 \‘t £ 8- Top2 NoAdjust
04000 e’ ©esdres TopS-Adjust
03000 = 5 = Tops-NoAdjust

aluminum coffee exchange interest shipping
Class Name

& 3 Top3.Tops FEHEENEE

M 3 AT LAFE H R EEET 3 M EAT 5 MR EIEN R
K EEHFFEL T HERERSEMALE X e R B HTNES
1E (Adjust) b R & ARSI B # AT E 2 IE (NoAdjust) Y
W RE; HREHITREBEN , DEHREREEEHE S
MR RIAEARE.
T,
o N 3

07000 £

05000

05000

04000

03000

aluminum coffee exchange interest shipping
Class Name

& 4 Top3.Top5 1 Topl0 BT LLE R EE

ME 4 TTLUE S, BEE B Pk SR in, £
B H E RSN, BL7EEHRRT 10 MEEAE N BEBEE 501
BT, B AT RELE 0. 68 LU L, B&IAT] 0. 95,

ST 2 EHMERE BIXETUED HE » HEHK,
FEM SR ERRORE . EREEN » MIETEE
B AR Bt B Z R 7, B AR R R 3T ERE RS 3 — M
REKRZEZ, Bl n AN RE-NTBDNEEE EEAREREN
WEN. NE4AFTLIER, 2 5 i, FEEERRECEK
7o Bk, B n (H VT DUBL S, SR RS ST R B, LU
PR RIS R R HERR R, FF R IR S BB UOR .

BRIE  ASCRE T USSR R E SR RFE 6 &
F{3 FIFRAS A0 (7 B X R0 R BT P R 25 A S AT E 1B
ERRBRXEENTE, SHEH TREMUERNETEL
KRS R AR E AT RARE P FEOL ST FIA T
MR HTML REBAESHER. BdXBRREIE T RI\RE
L BAS IE M TR AE LB i, H TS BA 8RN
R, X Frh ORI BT, AT R P A e SR AR R 4398 0 4
FREET B X o 3C P BT OE SCHEAT A A AR AR . R E T
Hownet #4715 L 0. 1B 3% 23 K B B9 BR il A< 3C
HATE R HBIRER/, MBI

= # = Top3-Adjust
—®— Top5-Adjst
cordess ToplO-Adjust

.-

2 % XM

[1] Jayabharathy J, Kanmani S,Parveen A A, Document Clustering
and Topic Discovery based on Semantic Similarity in Scientific
Literature[ CJ // 2011 1EEE 3rd International Conference on
Communication Software and Networks (ICCSN), 2011, 425-
429

[2] Uluhan E,Badur B. Development of a Framework for Sub-Topic
Discovery from the Web[ C] // PICMET 2008 Proceedings. July
2008.878-888

[3] Shi Jing, Li Wan-long. Topic Discovery Based on LDA Model
with Fast Gibbs Samping[C] // 2009 International Conference on
Artificial Intelligence and Computational Intelligence. 2009. 91-
95

[4] Ding W,Rohban M H,Ishwar P,et al. Topic Discovery through
Data Dependent and Random Projections [ C] // International
Conference on Machine Learning (ICML’13). 2013.471-479

[5] Yang Yun, Wu Ya-nan. Content-based topic discovery of high-
impact model[C] // 2010 2™ International Conference on Com-
puter Engineering and Technology. 2010

(6] E#%.FiE.BEF. % %T DOM KM FH{EE H IR
U] AN R 5 £ & , 2004,41(10) : 1756-1792

[7] Yamaguchi Y, Amagasa T, Kitagawa H, Tag-based User Topic
Discovery using Twitter Lists[ C] // 2011 International Confe-
rence on Advances in Social Networks Analysis and Mining.
2011:13-20

[8] Cheng L. Unsupervised topic discovery by anomaly detection
[DJ. Monterey, California; Naval Postgraduate School,2013

[9] Pedersen T,Banerjee S,Patwardhan S. Maximizing semantic re-
latedness to perform word sense disambiguation[ J/OLJ. http://
www. patwardhans, net/papers/pedersenBP05, pdf

[10] Naskar S K,Bandyopadhyay S, Word sense disambiguation using
extended wordnet[ C] // Proceedings of the International Confe-
rence on Computing: Theory and Applications (ICCTA’ 07).
2007.:446-450

[11] Naskar SK, Bandyopadhyay S. JU-SKNSB: extended WordNet
based WSD on the English all-words task at SemEval-1[C] /
Proceedings of the 4th International Workshop on Semantic E-
valuations. Association for Computational Linguistics. 2007
203-206

[12] Shen Wan, Angryk R A. Measuring semantic similarity using
wordnet-based context vectors[ C]// IEEE International Confe-
rence on Systems, Man and Cybernetics, 2007 (ISIC). 2007 :908-913

(LBF 46 T

[4] Zhang J, Ackerman M, Adamic L. Expertise networks in online
communities; structure and algorithms[[C]J // Proc. of the 16th
Int. Conf. on World Wide Web (2007). 2007.221-230

[5] TangJ,Sun ]J,Wang C,et al. Social Influence Analysis in Large-
scale Networksl C]// Proc. of the 15th Int. Conf. on Knowledge
Discovery and Data Mining (SIGKDD 2009). Paris, France,
2009.807-816

(6] HEMS BETHSMEHEPXEBERTRID]. B8, &8 FH
HkH,2010

[7] Sharifi B, Hutton M-A, Kalita J K. Experiments in Microblog
Summarization[C] // IEEE Second International Conference on
Social Computing. 2010.49-56

. 66 o

[8] Yang Y. Expert network: Effective and efficient learning from
human decisions in text categorization and retrieval[CJ // Pro-
ceedings of the 17th Annual International ACM SIGIR Confe-
rence on Research and Development in Information Retrieval
(1994). 1994:13-22

[9] Cortes C, Vapnik V. Support vector networks [J]. Machine
Learning, 1995,20.273-297

[10] Feng Hao-di,Chen Kang, Deng Xiao-tie, et al. Accessor Variety
Criteria for Chinese Word Extraction[]]. Computational Lin-
guistics,2004,30(1):75-93

(117 s, BTRISEE NP B0 4B R[D] e dbw
HiR R A2, 2013



