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Abstract Personal names are often submitted to search engines as query keywords. However, in response
to a personal name query, search engines return a long list of search results that contains Web pages about
several namesakes. Most of the previous works that disambiguate personal names in Web search results of-
ten employ agglomerative clustering approaches. In contrast, we have adopted a semi-supervised clustering
approach to integrate similar documents into a seed document. Our proposed semi-supervised clustering
approach is novel in that it controls the fluctuation of the centroid of a cluster. Experimental results show
that in the best case, our proposed approach achieved a purity of 0.72 and inverse purity of 0.81, and their

harmonic mean F' was 0.76.
Key words Information retrieval, Semi-supervised clustering, Personal name disambiguation

AFTEND. L, ANGPREFELLTANERS L,
BB DU, £OABIIHT 5 EERS ABIZo0
TD Web R—TVE2ELRVRBEHROY A bEETE
FThBH. FlrE, 2—FBRFET VY Google®V iz

1. FLC &I
World Wide Web (WWW) EOFRiEmM LUk

TVWb7®d, 2—VFOBERICESTIERERLITEZ
CEHETETHLLRS2TWVS., 25 LERREOHRT,
Web BT P id, WWW LOEREBRET H7-8
DERLRERTHS. BET Y ALLThe Web®V ik
BORBIEON IBBALEZELEVOIRE® 1S B L
1, BICABEIREFEL L RRBo DLl

(#1) : http://www.alltheweb.com/
(#2) : http://tap.stanford.edu/PeopleSearch.pdf

“William Cohen” £\ A&%B AT H L, FOREE
RIZiZ “William Cohen” & W 3 &/l H T 5EEDOAD
DEEND. ZOREBEHRICL, BREZOER, 7AY
HERBOBGEFE, SHE, BERERENEEN, Zhbd
DAPIIERET L DRSS TRELY, BELTWVWAS.

Web BRFERERICIIT B AL OBEBRIE &M+ 2 BdEr
BT EALE, W OROBEORER S 2AF YT

(#3) : http://www.google.com/

7107



ZRALTCHA. L»L, ABOEKIZ DV THATWD
WL oD Web ~2— D & 884 D O TEAT UL
ANADBEERMBBICHT2 77 AF Y 70, LVER
WATR D Z &N TEB LIRS NS. DT, RRX T
ZDX 57 Web N—T% Tseed 3] LIRS &ITT
5. E72, Web RERRITEIT B A% OB 4 RIET
Bz, 7 7AZ) TORERXRETEDIIE, IO
seed VxR AV EHEFY 2 T AE Y LT EERT
5. Bax OXBEREY 752 F V00T, BXEERZESDLY
FAFDELOEHEZMAHBICBVTHRER S S.

2. EBEHRE

KETIE, BEMS T ZZ ) o ITEIN AL OBEER
PEARTY, 72 O WNCIERDEHMEY 7T A ¥V I DOFE
IZOWTIRDIRS.

2.1 g%ﬁaixauyﬁcéﬁutxﬁwﬁﬁﬁ

EP, Web REBEFERICHIT D AL OBEKRMEMABEICEAL
T, ROEHIRHREFT DL ENTED.

Mann b (1] OFFFE T, ¥, #AER, HEMH, B
REDNERERHET S, RIS, FXFH LT, M
LI ABERCEEL YL, REERPOXENLEHES
iz TF-IDF & [2] bR S BB~ Y MR ERT
3. RIBIZ, OB MVERWY, BERITAZY
YITNANTY XM ESWTADD I SAZEERT D
Z LT, NADBWKRMEEMBIET S, £72, Mann HDRFE
LRBOFER VT, Wan b [3] 1Y, WebHawk LV D
VAT AERB L.

Pedersen & [4] iX, 5xbhAMDEEEIN—T
WWHETHILICE 2T, ABOEBEEELMBEL TVD.
3, BEMEE AT A ROEFREICEET 5 URE it
L, #0HHnbLEER bigram 2 5252 ET, 2K
HIZ2 SR PR ERT D, RIZ, EWICERI LR
ERRL 7 FRAFICBTHEIIC, JTRZY A ITRAT
25

Bekkerman & [5] &, (1) Web =D A 38—
IEEICESWEFE, Q) BE/FEEDRITAY]Y
V6] W ESWEFE, (3) (1) & (2) 2MAEDEEF
W, O3 OOHKEELFEEREL (NS, INHDF
T, BEELZRBET S APHIO223 02 A0
UARMY, BATHHILERELTND. LEEdoT,
ZH LEERAFIICH DR O, ZOFEIHEHTDH
BLiRENS. LL, FEALYOBAEITEBNT, B
WA LW ABE OB VI OWTERNIC 5572
B8RP DT TR, LER-T, TOFREIIERD
ANORRIITEIN TR RV EELLND.

Bollegala & [7] 1%, £7, MR LALBZXEFLEGITHL
TEER Y S RXEF Y VT RITRY, Bohi s FAE00
B2 BFEMRL A EHBIT B7cHic, BEEEALRIRT
B, RIZ, BUDORBIXEFESHOEEFMEHHL
75 AF EXEEADEFNERLI LML S RIZEAOR
DELESLT, 23RAF S LEv—UT 5.

2.2 FHEEYISIRZYLY

—RBIC, BERELY T RAF YT, XEOMEE, M
B, KHEXEOCEN L Vo kT — BT E1T2 57D
12, BERERCHB. £k, JIAFY TR, T—X
DT NAFTBREBR TR oY, RARETH72D
T5EOBRKPE R T FEEERTT DABITBNT
BRATHD. ZOXOIRBEMELIFAZ VT, AL
POZMEPFANDZLICL ST, FOEENREILE
5. BETIE, 29 LEMbh0EmMERND, Tb
L, RHEE Y OFETIIAZ Y L ORERAESYE
HZEEBHE LEMESER SR TN,

INETORHMMEY 27T AE ) T DFEE, (1) H
o ESWIEFRE, (2) BEECESWEFE, © 201
HETHZENTED. HPICESWEFER, 22—V
BREELEFALLEMEFAL, LVENET —%%
ISREY LT TEBLIRTEBFETHS. BT,
Wagstaff & [8], [9] DF:#hfiH Y K—means 7T Y X
AL, “must-link” @ OOFEFIRFELI FAFICBI R

Fhidiabe) &, “cannot-link” (2 DOFEHINRL S
7S ARICBERTERS ) L) 2 BEORKE
BAL, ZRODOHKPBERBNT ERRELT, T—
FDIIAF YT ®ITRD. Basu b [10] bE7, #1#
DFEY FAZBARL, 7T AZY T RIERIITIRD 12
HIT, FTANAFEFT —F EZFIFATHLHENE Y K -means
FAITY XLEBERL TS, BEEICESWEFIETI,
BEDISAFIVIREZAVAEGFEDI FAZ )
7)) XEABRFAENTNWE., L, 77AZY
J REZ#EM &5 — 2B 5 7 S ARHIKE /LT
DI FEESELT S, ZThOOHETE, BEERRET
NTFY XA KL TEES R —7 U v FEEER
RE(LE TRoTe~enT ) CREH(12] 2DV o0
DEISH 2 EREREREDRL TS,

3. REF &

2.1 THRAREEAM S 525 Y L TITESNEANLD
BEBRIEREINIY, Ly SR ¥ v —UF B EHIZ L -
T, B—0ERPSL7 T AZEFERLLTV. —F,
2.2 TRRI-EHEEY 7T AFZ Y TR, 77RAFH
K%HoDUORETHMLENRH D K—means 7Y
AXL(13] ZRBTHIERAEMEL TS, LKL, Hx
DIFFITB N TIE, Web BRFREFERIZI T 2 RIERS AP
DG, FRNZho TWADIT Ty, £, #kD
HHAEY 7 FRAZ YT TATY a0, HREEA
L7y, EHPZE LAV TAZELICOAFERL TS,
AT, ZhbDTAIY XAIE, 7 T7AZOELOED
I AT EHREZRBLTVARY. UL, EEMEY 75
RE YR NTIE, KVIERRI FRAZY VIR E
BBI-DITIE, HIHEEATHLE L BIZ, seed Tk
B FAZDELOEREMIDILNEETHDI L
EZxbhb.

AETIE, £793.1 T, ERHROIZLAEMHFAL
TWABER 525 Y V7 OFEITOVTIRYIEY, R
I23.2 T, Bx DRETHEHEMAED 7 T R4 Y T
DNWTHRAB ., AFFETRETDLEMEV 7 9AZ Y~
FOFEE, seed =T EELI TAZOALOER
Wx B EIZBNT, FHRERHS.

LT O#ERIZBNT, REBEFBRESITRIT D Web ~—
T p DBEANZ v w? 2R (1) DL SICERT

" 7wfm) (1)

TIT, mit Web—V p BT AEEBEORRVETH
D, tk (k=1,2,--- ,m) &, FHEERT

=TT, FEEERE LT, TF, IDF, residual IDF, TF-
IDF, z’-measure, gain [14] ® 6 2OEBEELMF T iEL L
BLl. TOBE, gain BPRADFIRAZIIBITHIFA
FY T DIODEERI PEERTDHOI, ROHR
HRBEEOERMITETHDZ ENRbhok. 0 gain
ERVEEE, wh OFBEFE w) 131X (2) 0L D ITERS
na.

uf, = 42 (dfl(\t,k) o dka)) -

p_ (P P
w® = (w},, wh,, -

T, df(tk) VIBEEE £ MHBLT D Web _—V¥%, N
IIRBRERED Web _X—UOBEERT. b, 77X
FOELRZ LG ER Q) DLIEETD.

G = (9t1,9t2" " > Gtm) 3)

TIT, gy 7 T AZDELRY MR DEEED
EHRTHY, tp (k=1,2,---,m) L, FHBEEERT.
3.1 BEHHSREYLYT

BERMI SZAZ Y BV TI, IUBHIZE Web
N, Bens T REELTHRbNAS. RIS, Zo0
75 AFDERER, HONUORESNEZEELY /)
ERBET, EEHENRLREL LD ZODITFAS
e— UL TEHRI ARSI BAERTD. K1 ICEER
ISARY L TTNAIY XADERETFT. ZOTAIY



Algorithm: Agglomerative clustering
Input: Set of search result Web page pi(i =1,2,--- ,n),

Output: Cfusters that contam the Web pages
that refer to the same person.
Method

. Set each element in Wp as an initial cluster.
. Repeat the following steps for all p; (i = 1,2,--- ,n) in Wp
until all of the similarities between two clusters are
less than the predefined threshold.
2.1 Compute the similarity between p; al
if the similarity is greater than the preé‘eﬁned threshold,
then merge p; and p;41 and recompute the centroid
of the cluster using Equation (4),
else p; is an independent cluster.
2.2 Compute all of the similarities between two clusters.

1 BERIZAZ YV TTATY AN
Fig.1 Agglomerative clustering algorithm.
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Algorithm: Semi-supervised clustering
Input: Set of search-result Web page pi (z =1,2, ,n),
and seed pages ps (1. =1, u),
SO ps u}

5 P2
Output: Cf’usters that contam cfle Welt pages
that refer to the same person.
Methnd

. Set each element in Wp as an initial cluster.
. Repeat the following steps forall p; (i=1,2,--
2.1 Compute the similarity between p; and p
if the maximum similarity is obtained beﬁveen p; and Ps;
then merge p; into ps. and recompute the centroid
of the cluster using Bduation (5),
else p; is stored as other clusters Oth namely Oth = (p }
3. Repeat the }ollowmg steps for all py, (h=1,2, 3
in Oth until all of the similarities between two clusters are
less than the predefined threshold.
3.1 Compute the maximum is obtained between p, and
if the similarity is greater than the predeﬁnecst thres! old
then merge p;, and pyy3 and recompute the centroid
of the cluster using Equation (4),
else pjy, is an independent cluster.
3.2 Compute all of the similarities between two clusters.

,n)in Wp
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Fig.2 Our proposed semi-supervised clustering algorithm.
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Table 1 Clustering accuracy obtained using agglomerative
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Table 2 Clustering accuracy obtained using our proposed
semi-supervised clustering with one seed page.
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measure page purity
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distance b) Top-ranked Web page 0.40° 0. 0.54
(31) Mahalanobis a) Wikipedia article 0. 0. 0.55
distance b) Top-ranked Web page | 0. 0. 0.60
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Fig.3 Clustering accuracy obtained using multiple seed
pages (5 Wikipedia articles).

1

"Purity’ X%
‘Inverse purity’ - +
0.8 A
,,,,,,,,,, T A
[P.X-] JUUUURPEE RS -+
2
H
20’7 |
2 e [ — Mo mme T
ook
H W
S
%05

o
-

03

1 5

Number of sae:::s (Web page)

4 BED seed —TERANWTHLNEI TRAZ Y L IREE
(AT 5 AL E T BRI Sz Web ~—)

Fig.4 Clustering accuracy obtained using multiple seed
pages (Web pages ranked up to the top 5).
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