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Abstract: Reprinting websites and blogs produces a great deal redundant WebPages. To improve search efficiency
and user satisfaction, the near-Duplicate WebPages Detection based on Concept and Semantic network (DWDCS) is
proposed. In the course of developing a near-duplicate detection system for a multi-billion pages repository, this
paper makes two research contributions. First, the key concept is extracted, instead of the keyphrase, to build Small
Word Network (SWN). This not only reduces the complexity of the semantic network, but also resolves the
“expression difference” problem. Second, this paper considers both syntactic and semantic information to present
and compute the documents’ similarities. In a large-scale test, experimental results demonstrate that this approach
outperforms that of both I-Match and keyphrase extraction algorithms based on SWN. Many advantages such as
linear time and space complexity, without using a corpus, make the algorithm valuable in actual practice.

Key words:  duplicate removal algorithm; small world network; near duplicated Web page; standard deviation

OB AMRINFHNARRLEERET AL RTAFANTEMGR T A T RS KR FR P BT,
Rl T —H A FAEA FoiE L 4691800 T A2 Si% DWDCS(near-duplicate webpages detection based on concept
and semantic network). B it T 2 31 3 F ) R 32 0 4R IR A A 4238 69 Sk B Suxt S AS A AT IR A )3 5, 2
fif R T “RIE £ 1A AR, Ty LA AR T 38 SUP 404 B2 5 AN R 4545 M) 04 JUATT A A A Lt AT oA, B B B R TR 49
Bk fr M4 A A A &) B HAT SOAAR U E 693t B, o T R R 3BT B ARAT FL R R A B AR X 0948 5. 5%
Btk RA, 5 22 469 W Tk F 5k (1-Match) Fo S 254R 4193 JE 36 I - AR AL 49 ok AR He DWDCS 24 1R 4945
TR F G R E RAUAL T30 b 3RAF T /£ >000% A B =) 585 % 49 RAT MK 45 R, RAT g = 1) B4 B A Fik 4
BE AR T IBHH B 69408 S A2 KHUAE R & R IREL A F 3RAF T RAFeg2R.

KRR WM RETH&E DR TR R 35 £

HEESZES: TP391 XHEkARIRED: A

« HEUUH: FEZK AR H (60803050, 60705022); HrithaL L7 A4 11K (NCET-06-0161)
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o [ 5 IPE W 4% 45 5L 0 (China Internet Network Information Center, f#j #& CNNIC)2005 45 22 477 ¥ H. 1 I
vt W, A A4S &R T A B 1) dp oK ) R R AR B 2 R G, BT Internet BN ALK MY T4
5 300%~45% AT K 2 o 19 8% 15 199 3 8 A i i) £ 5 8 DK 4 T 4% PO RS AELIR 9 T K A W U, A T %5
RO, ELHEY WA 2R 5 0 AR AR LN TR A S TR I R I e P N R R B A
T RGE AR R 53— 77 T, A 00 A 1 1o A A LU s T RT3 AL 1 R TR A B T 2k Y L )
PRAAR Y A SOKE LA 22 B P9 203 B0 I G0 H B, £ H P B T 2 1 /N e 0 3% 11 A 0E £ B RS AL 9 A
k.

BATHEACAIVE L S5 R 584 AH [F) 1 SCRY AR D T 5 SO (HX BT 48 1R T AL Y T2 418 1F SC P 2 L AR (] 1)
MG HADE . i ea 2

X HE BT SCAR PR 00 SR FH A 498 100 52 6 R e AR AR 25 5 S AL pl T I s e 7 () . R RS RS 1Y
W) X T P T ABA SR TR AS WU B AN IR A B S T AR SR R R TR A R Nt B 8% (1 T AL ) T 2 TR SE
DWDCS(near-duplicate webpages detection based on concept and semantic network)3Ifé il % F& 4 1T ft) & v Rl i S
15 JEL 08 SRS PR MR 3 R AT S I 5 T SCAC I /)t U 1 sl S AR MR 2 L 3 0 5%, DA O 3% 1) LA A AR 26 AT 45 A,
UGB & 55 SR 45 M A5 I A A R AL 1m) S R AT 2T ABA P99 O R 25 Bk AR R AT R AR SR BN, 38 5 A A8 A I AR H
SCASHYE 3 FE I A 4 v 1 508 43 A R R AR AT AR v T RIS AT AR

ARICE 1 FAHE ISR LT 2 A4/ TR 3 5/ IRA D & UL T/ SR
BRIl SRR (W Lt S 18k DWDCS B devt . 5 4 52 S0 25 LR 45 R0 4047 28 5 172 45k,

1 WABEMM TN E LT 4R

T AE R 6T AL A T PG T T 22 9, 0 I 5 g A A A 00 0 08 4 e B A A 0 P42 A
SV (1 2 1A 2530 ALL I PR ASL

10 I 4 N\ BTt 19 SR8 55 SCRS S R B SO HEAT T 4 A 2R T 74 #R DU P 9 R R Sk 2 Il Y
R ) siftS T HL o 3 jf) 4% () A58 20 R ) A0 45 3y 9k 18 B SCAS HEAULEE (1 SCAM (stanford copy  analysis
method)! &% 1] i1 J& 4434 (suffix tree) K48 5745 8 2 A1 i) 8¢ K7 B 19 MDR(match detect reveal)®.

PV HESCAS SR 590553 o PR 2 38 Bk 1 U7 v (ZEF Shingle R 595) s UK 7 (3E F Terms 1)
B3%). b, Shingle S8 SCRY A 8 T AN S H B AR BRI Rl 5 ik A SC R HE H— Z 51 Shingle & S A R
Shingle % H B0 b2 AR 4 W7 SCAARARLEE B M B SR [9—12) 4B )& o I 3+ Shingle MSLIL X F & Fp2EF
Shingle 1195532, YelS i e 2 B0k B AT 1 S8 200, 36 T Terms (87 35K AN 46 6 2 1165 (K 3 A 25T T A
e [ ] £ H BT RIS HG o g 44 93 2 Chowdhury 1 1-Match 6535 & 00 IDF {fi(inverse document
frequency) %X i i1 2% HE 8 5 # 1% h S0 RS ) 46 S (Fingerprint), 18 S0 FH 7] 0 32 RS 340k A 25030 8L 1Y 0T . HG Al 66 T
Terms 1977 VARSI CHER ST SVM A5 1) TR/IDF AR 3T SRS ¢ B 1] AOBR I, 3E4 S B8 1 by SCRY 4 fiF
I, 300 3 T AR SR V) PR ARABL S SHe AT A AL IR T ) A

F:T Shingle (177135 T REff DT IC, 3& F 1 35 5 SCRYS ARk £ 100 0S5 76 1 7 1 P 2 A 4B 9 T, A 44 S5 U A
3T Terms [ i MR T VA R IE B =2 VR 2 42010 SRS AR 5 10 1 SCRFAE, S B 1) 1 b 5 | F A 1k R A 200 4

BT SRS 11 SCI 2% (semantic network) AT A SE i 1 of 5G B il R 5 A L SRR 1) T S S R AT SR AT
K SR 2 WO 2 R S 5% 10 5 1 R AT SORS SR B M & PR B B, 45 4 SO S R £ R R S AL i) i, D N A A
P L R A .

2 R

2.1 MEFRMLE
AT LG T2 K Milgram T 1967 48T Ji& (1A S8 B 5 [F 4k 25 90 46 S A % A2 AT 98 T 92 45 R
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R AT XL ENZ 0], KEB AT LR BIAZ T 6 A A R IR A6 R Aok, 1Kl 2 35 2 1K /S B 4
(six degree separation) i @i /)N tH I G H A7 i 3 ARG 00 5 S, I8 DAk, S 0 % b T R R R L B
P25 S NSO B G B LocInN, URR 2 90 2% AT /N R 4.

Watts T 1998 4E1E Nature 4%t |- % A9 SO0 /M FEELGBEAT T IR A8 42t/ 5 99 208 LA v 5
JEE VR B AR R A
211 ® K

I FE (cluster coefficient) i 14 2% HH 9wt [7) 75 P A E 1) LU 451, e e 17 19X 4 46 g o 3 R iE 6 71 o0 1 RO L AT &,
AR ST 5 e AR 9 A0 ), X I AN R B AR TE hox (ki—1)12 45320 (X PSR AETE BT 1 P
AFE B ISHBE). @ by ke A0 J 15 R TRIAETE 1R SRR 95 5§ SR BE DN Ci

=0 )
k, x (k, ~1)/ 2

BN C:
1
C—qu @

FLAT /N S 5 0 190 4 LA 5 1 I
212 “PHBERKE

42K S (path  length) 2 5 X 48 Hh AT 3 P 6 ) e R B2 80 1100 1~ 30 580, 3R B 17 A 4% 4y 11 4 e 0 6 145 04
L PR di o

1 ! .
d, _ELj_;jﬂdmin (lv])J 3)
BN IR AR K S d ol
1 L
d‘L@‘*J @)

LA /N A 5 10 0 8% (1401 449 oo o 40 40 2 IR, 328 /I T 1 28 ARGt /N thE S i 44 16 i A ).
2.1.3 SRR AT

Yutakal ™l Ferrer?0%5 A $5 th, A 25 (078 55 K rh SCRSH R 0 3190 3L B0 2% (R FE B AT v SR L IR A 10 45
. FerrerO R mF 5 34 26 W3 I AL B 0 2% 38 L AT T AR S5 (scale-free) B 4 199 4% vh 4 15 13 1) 40 A 230 T R 40 A
(power law), Bl B 24 k 715 5 AE 2% R (R Pr(k)ock™ 1 A 35 508 S e T W 2% vh 2545 2 i) (R 2 B2 R 00 (F 200)
HAG ™ B AN 531, U AR D B0 5 F A AU R 22 (3% 4, B b1 5 (hub - node)”, 175 K 22 £ 1
[ B2 AR /IS B AEAE BT 18 19 R (long taill) B 527, PO~ 506 oA FE M 45 (RIS AT AT A & SR .

ARS8 /M RIS XS 4 Fh S A R G R P45 . BB 4% . TLIBE R 5 30 450 (I AF 5T R Wi 3.
2.2 ZHET/ RIS KBIAENEZ

Yutakal™®, ZhuPAT Huang 245 A A FiT /It FUie b e 1 8 SCIR0 248, B0 AT SCRS St 3 P BB 36 T /)8 1 T
PEHEAT SORY DG E 1A B 32 IR 5155, 2 AN IR 6% 85 40 14D J L AT SRR AGE SR 40 AT SC A A1 1) S 8% 01 TR 2 1A XA
T S D SRV T SR 2% 1 DR B SR I SR 1) 32 8 S A ] L AT AN LR R A

AR 38 4 5 T /It P s 4 B O e ) 160 A v A e T YA SV S 4%, AT REAT M R AR, IR I 4
H Nl 52 2% 0 B R FE DX 4% 4 585 4 A £ T JEE AR, 3 SR I 1) A2 2% 38 K 786 (O(n)) 1T G vk KRS
T LR BESR Huang K FH A0H R A7 it £ A8 NGB A7 AR o i) &5 L 10 5 i AE — e PR S8 R PRAIC T I [l R 2% i) 52 2
B R 3 ot W T 0 2 8 S L A 5 A B 0 P T A R e T I B, B AR T I L T DA 2R R AT
AL ) B e SRV I R 2 R R B T e ) B 0 L 3R N T SR 1) D vk TR TR R R

TiAh, A IR T/ T B R O S ] SR K A B AR 7 e e L B AE N RN B ARTE S T B
B R) b 3 g AT I 2 R 2 A ) — RS SO AR O T RIAEE B SRS R8I SRR IE ] — M
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(4,5 TH Y 5256 F 491 “Foods that could trigger a nasty headache” # ) citrus,orange #/1 tangerine;deficiency 1 lack
). 2 2 S ) iy oA v SCIM 2% Hub 15 s 149 43 1 53 M SRS DK B il B IR RS 2

FATINF 28 B T/ A S R SR S0 ] P B S BN T e (1) 6 SCRSRE A B AT R ORI O A
SRR T 2 IK 25 e e LT L RE A (R U AR 2T i SRR 4 P IR AT R B R — S I A A,
B W] G R AIGTE SO 2% 1 52 2% J5.(2) M) P =1 o J5E 10 0 2 0 AT R R R oo 1 )00 0 A JE ) 5% R A ATk A
FH 7 AT GT45 e ASRE JSE 05 T 757 A S A0 755 5 (S S 5 I (7 A0, v B L /N A 5 I 45 (10 i ik o, LA TR 31
SCRATR OGN, T K B4 T R G IS ST ).

3 ETHMISMEXMEHEERZRIT

PV S EAT SORYAGE 5 10 B2 T, S SR AR AR o R B SR 8% A4 0 /I~ 1 57 I 52 o 1) T 28 43 £ (powver - law)
FRE, VE Hub 7 /s TH 55 00 28 (1 Bk 2R 45 BRSO SR & 4R )5, 45 & LA B R AT 2. W SRR AE 1) B 30
AT SO R B3 VB SCR AR AR R AT PN 2 T 2 I O A DU LA 1 v 7 SR
3.1 MBI ARBUR ik

A R Ot N o A L e Y S TSSO R AT N A v S ata st a7 PN s A P O L AN LS VA 851 =T
BT T B0 L o A E SCAF AT SR I3 LR A AT S I A A 9 ek R Y Ak B A 3 L
SRt PR ] 2 I AR ) RO i 2%

3.2 XHYEEBERIRE
3.2.1 T Wordnet FIHES A 5F

R R T (B A IR ) 70 AT S I 4 S5 e 2 J8 26 £ A P 3 ) A T A et 2 1
Sk I AABE 5, 390 1 o AR 2 R 5 ok 3 7 SCAS  AN(EL T AV Aff 3t 26 7% S A (R A 5 PN 2, T LR R 1 ik S
A TR SR VA 485 2 — A M, nl BT R0 BTG /IS thE S X 485 Hh =47 05 1 %5 B  WordNet i [F] SR £ 45 (synset) 1R &
HE 2 (concept). % T — N B 3a], LM & W] LU 75 b £F WordNet 7 [/) i) i) 54 e BIn] ¢ (149 1) SCin] I st ] DAJH 36
WES Con () AR AR [R) SR ANIA] ¢ A% £

Con(t)={st;} st;esynonymies of t (5)
T 2 AN {1, 00,05, . LY R HRLTE pr HWES Con(p:) 4 21 5 B O B 45
Con(p;)={stl;,st2;,,..,stn;} stk;esynonymies of t, (6)

FRAT P JL 5 T [ S B 8 1) L A1 Sk v S AR & AT B EE.

number of overlap tokens in con and con
Rel(Con(p,),Con(p,)) = f p () (p,)

(number of tokens in Con(p,) + number of tokens in Con(p,))/2) ")
W Rel(Con(p1),Con(pa))>Rely,(Rely, 29 HJ BE5E IR B, U A A T A J6L 8 295 1R ARG o AH ) 4 35 0
SLIG KA £ (1 034 403 i W 00) I Ge vt 2 B BE-AT B & VA T 5, S 44 4 0 DR 1) i 240 O A T B ) 63%. 4
R RVAFEA A P T 2R3 22 e 1n) B, i FLAT R AR T /I A T 1) 45 1 53 R
322 EMESILINE
NE PRI SR N A5 ) Mg v S R Il
(1) 1 AR B R AR SCRS P BT (51, (MHES Con,(fy, o 3% 5645 i B 1 4 M & L LI 1479 R,
(2) ity HL LyonP® ¥ B 5T 2 W1, 70% M) 1 V5 5% 5 A7 6 T AT AR AU 1), 179% I T8 40 6 AR A7 70 1 3 AN
Tk 2 PR TR A ARG B9 53 2 I R R B 0 20 R T 2 O 2R 1) A 5 2% 1, FRAT T O BE B AN B i 2 1
N7 (37 55) | LT IR R AR
(3) SWN(small word network) ¥ £ [f) 5 S SRS IR & JL M 2% BRI R] 52 L GL=(Ny, Ey), 3 N={Con,}
H R () &R B Ey={{Con;,Con}} I i (B & KRR . & ={Con;, Con} & 7R 1. Con; 5§ Con;
AR AR, W R A, W & =175 ), & =0.
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(4) LT L GE vk A DL, T T 0 SO 4% DL L SR S A 1T~ 2 969 A 1Y s A A LI T 1), 40 1K
AN K PR E ST 490 A H A T () 0 i, Strogatz PO 4 1O B 2K 41— A
4 3 I 5. Huang 2 1 5 56 45 52 W, T 49 0 B 4 T3k 04 AN 2 536 00 o 4% (1) /)8 1 SRS Ik 6 T
T AR R U 2 O B AT R RRORUAE SRR, SR T A LR R AR I, TR T B A

o 25 S B0HE Hh 1) 55 55 M T “Foods that could trigger a nasty headache”(http://shine.yahoo.com/channel/
health/foods-that-could-trigger-a-nasty-headache-507285/) k4 &l HA &5 SCILBL R 2%, an Pl 1 fos.
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Fig.1 Concepts co-occurance network of webpage ‘Foods that could trigger a nasty headache’
K 1 ™ 5{“Foods that could trigger a nasty headache™ & 3L Bl % 4%
33 XEWRIRE

Zo i i) | 45 I 20 B AR TRAL LS R N UL 4 CNRET ON RV B I A FE AR R PSR B C AN
FHIEHARKE d.

X RER ke B 0 (W) Con;e TL AR Ja 45 1504 Ti={j| &, =13, A0 15 s [RA7AE [ 58 bR is £k

o = Z';,,,:lffm,n | Con,,,Con, € I',.

AR B) A CN R AR K.

BCN; IR BRES i A 255 PR SS9 28 dapsene F9 N, 1T 31 B ARG FE Y 20 X W 4% CN 2 I/ 1 51
FHIEFK) STRR 2 A CB=djpsen—d. CB; BB K Z 7R A M 25 0) ST 45 1) R T B SC B Y e A e S 5 42 A
SR PR AR S SRR, — HLUR AT, SO A 4 SN (] A 7 A — AN S TR AR 10/ R 2% 5 R
SAAHRHL.

SRR TR VA O RE 008 A 2580 B A1 0 5% 10 B2 2% 88 AEL T B 9 45 1) i R B A 1 AR 2 — A 0 R I 1) A TN
U2 A R BT, P BN T I ) 52 25 RO v T T 9 A B S o P AT TR T AE 2 LI IR 6 v 4 R 3 A
() 76 JE (scale-free) R 2 i L U0t 0 bav JEE 199 4% (K32 47 2 6 4 FH I 9 45 0 27 S IO & S5 Kl 1 ANAY
SR R 1=30, 5280 4 K% 1 I ICEBEAT W UE) U 5L CB, #2 K /INFE e S BCHELE HIT T 1) p AR A 4 O B it &
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(TESEBR N T FRATTEE X p=20, 556 3 K] < B AL 3 K K H JEAT1RIE).
3.4 FFEEEME

AELE (SR G A 2 A2 N8 119, Hoad I Zobel PPt 45 1) TR/IDF 04T AR 3% AR LRE V53, A A2 LA
IO ATBUE G

R B AR 28 A SRS P AR B0 T DL SRS PR G 0t AR T2 DAL b BT T 1 AR Vp=(Lpa,-. Lp- - Lpao),
Lp=(PoSiyj...POSijv...Pos; K AR TAS AT B 3 Posy JE 55 ¢ AR A2 33138 J WA BI o
LE, Pos;; ... Posy,

=| (8)

Posy Posy

V =

p

LP,
o 2= T S BG #4571 M BT “Foods that could trigger a nasty headache™ i HUEE [ &, 75 5] i fig 25 7 1% W BT )
20 /> 5% #E Mg & 4 food,miserable,headache, migraine, trigger,tyramine,cheese,orange, eat,body, take,pain,contain,
enzyme,bean,fruit,cause,wine,like,health.
X R R AR 20 AN BN 2 VS AT A7 T — M) Sl A v D 3R 7R — o SC Y.
35 4HEREMFEENEE
T S REAE ) S HEAT P U 1a), R LUK AE 1) B i S 2] HASH 26 b (H HASH 26 () £ 38 FL 3538 & T AS UG
. b 19X T 7 ) S i, BT s T AT X T ) SO AE ) A B AN 52 A A TRD R A TS AC 4 S B50HE 2 1 35

KR,
R AIE 170 2 i RE AR — e SO ) — AW & S A BRI, RS R HEAE T IA R e SEASAL 1) T T 5L IEAR
ADLE, B AT ARl R 4 5 S R 1 A A AL SO AT H DL A 3R A SR A5 8 Q) AT AR LR T 4

go dlxd2 _ > dl(i) x d2(i) o)
ldixd2]| \/ledl(i)ZX\/ZLdZ(i)z

F5 E Simy, (Simy, 9 FH P 58 BIAE, 5250 T BeAT 1R L Sim,,=0.9), W ] LLIEWT d1,d2 1R 45 7] e & AR 0. 195 4
Y ARSI L9 2 125 R T BAR R Dy
Pos;, - Pos}, .. Pos;,—Pos;, oR, .. ORf,
V.-V, = = e (10)

nlr
Pos}v,l—Posjz\,‘1 Pos}vyl—Posjz\,’m 6Py, .. OBy,
e, Pos, | 7R85 LRSCH T i ANRHEMSH j R I BUKI(L B Pos?, FR 5 2 R SCE SR i N CREMEE SR j
UCH LR 5 5Py 29 P s SCRS 265 1 A SRR 260 /7 UCH I AR 37 2 7 D
AR T AVG,

r 1 2 “
AVG; = 2l Posiy 2ot = 298, (11)

i
r r

ML 2 S VE AR | A R S 1 A

o \/2271(513, ;= AVG)

(12)
.
Kb B SO, N AN BB 1 A A N
S S, 13
==y (13)

IR S<S WU 0 B G BEE AR 285 6 P A 190 5 b B0 PR 62 5 MG AR ABL, S8 T LRSS 5 794 199 5y 3 AL 1Y T 2
EPTIR T T A AT BRG] R TR DR
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PN TT A FISCAR Ta.
NF S AR HEAT N A1l 0, Sl T S 248 6 SO S B A R AT il M, 5 A A T R A B S AR R AT ]
Va.

O

3. IEEL Va IHT n 4E BN G A AR IGRHE 1 8 R 51 IDXVa:
4. IF f kATCEHH VD(=1,2,....kk>0)
5. For (i=1; i<k; i++) {

6. W Va 5 vD, AL &

7. IF (&) {

8. THEARFAE ) £ 1) R B 0 AT s
9. IF (s<HI1H) {

10. A and D; JE L 1T

11. Break;

12. }

13. }

14, }

15. ELSE

16. AR BN HE G M

17. K Va B EEANRAE B R G|E IDXVa .
4 KRBERRI LS

H T VPN AR EIE I E A R ACR, AR SO T — RAUSER, Horh 5050 1. SEUR 2 & 0 SV 0 1 A P R i
RERAT IR, S5 3y SIE 4 X S HOCEME S AN S p FIIE AT SR
AP R S 10 A iy X T4 HE AN P b 35 52 I 0T 43[R 36 (recal 1) 2= TE VR A % (precision), 2 LU

Recall < LRI I L RO
FEAEI S M T JITA 2L BRI I ST

L 1. STEMIERTE
0Tkl DWDSC P g, TR BEAEFITHENIX 3 MRS T 72 A& 17, H Google t &R &
{ajﬂ FE A 20 K 22 45 T vh AR B P 5 ] B LUK R T35 5 835 fsy, K 3x s 30 BL W) A A\ A7 78 11 SRS 4E (L
#1028 568 AN ) .43 HIIZAT 1-Match([FIFEEER 20 ANFAETA]) S B 40400 3] Y 3t B /St SR AR R g 4 T 2 7
ﬁ%z(DWSWNﬁu DWDCS Sy 3E A7 U AL 19 G U
TR 23 AN e g R 2. B 3 k.

—— Precision of DWDCS ——Recall of DWDSC
100% —=&— Precision of I-Match 100% +Recall of I-Match
—4— Precision of DWSWN _"— Recall of DWSWN
W/ jes e
80%
70% ,/
60%
50%
0, Lo
40% 1 5 9 13 17 21
Fig.2 Precision in military field Fig.3 Recall in military field
B2 %R AR B3 S %

© HEBEERAET hipd/ www, jos. org. cn



& RA4E R T HA B U %09 AU R T AR Bk 1823

P2 24 A A N 28 AN ), LA, 20 4% N MR A 2 R0 0,8 4 I I A R0 T S 56 5 R 1 418 5 s
PEEHLAT AT N 20 AN A1), 43006 N 7 R Y O, s 3 4 SR el 6. B 7 BToR

—— Precision of DWDCS —e—Recall of DWDSC
100% —=— Precision of I1-Match 100% —®—Recall of I-Match
—*—Recall of DWSWN

+ Precision of DWSWN 90%
95% W
A / \M\ ﬁ b

90% 70%
60%
85%
SO%J
80% L v vy 40%
1 5 9 13 17 21 25 29 1 5 9 13 Y7 21 25 29
Fig.4 Precision in medical field Fig.5 Recall in medical field
K4 B AUs R A KI5 BEARAUE A ] A
——Precision of DWDCS —&—~Recall of DWDSC
—=—Precision of I-Match || —=—Recall of I-Match
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L 2. BEMERELLER
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Table 1 DWDSC vs. Yutaka™™ in node number of the semantic network and average time

for keyphrase extraction
1 DWDSC 55 Yutakal™ iy J7 i b g i SCIR0 2% 1 5 s OGRS U ) LA

Characters in | Number of | Average node number in the network | Average time for keyphrase extraction (ms/doc)
document documents DWDSC Yutaka DWDSC Yutaka
<500 163 361 145 227 1685 2379
500~2 000 814 336 498 786 6931 32579
2 000~5 000 54 395 1219 1938 24 377 184 342
>5 000 2311 3197 5378 256 328 2798 874
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