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Abstract: With the exponential growth of both the amount and the diversity of the web information, web site
mining is highly desirable for automatically discovering and classifying topic-specific web resources from the
World Wide Web. Nevertheless, existing web site mining methods have not yet handled adequately how to make use
of all the correlative contextual semantic clues and how to denoise the content of web sites effectually so as to
obtain a better classification accuracy. This paper circumstantiates three issues to be solved for designing an
effective and efficient web site mining algorithm, i.e., the sampling size, the analysis granularity, and the
representation structure of web sites. On the basis, this paper proposes a novel multiscale tree representation model
of web sites, and presents a multiscale web site mining approach that contains an HMT-based two-phase
classification algorithm, a context-based interscale fusion algorithm, a two-stage text-based denoising procedure,
and an entropy-base pruning strategy. The proposed model and algorithms may be used as a starting-point for
further investigating some related issues of web sites, such as query optimization of multiple sites and web usage
mining. Experiments also show that the approach achieves in average 16% improvement in classification accuracy
and 34.5% reduction in processing time over the baseline system.
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classification; entropy-based pruning
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BE B 7E 22 N RS b0k sl it pA) Al 2 e 4k 8, S mT DL S AEAS [R5 AT 48 ) ) 3 A DG K &R
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¥ (hidden Markov tree, 8] F% HMT) i 9 By B 2 ZRELE . R IA) bR SCRlA S0 WY By 25 R e R 3 6 1 oL
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FRZ i BE

AR T BEAR 5644 % (breadth-first search) 32 g >k #4 @ik s U2 i, 9 B SRRE il 50 URL BARAS IR
) LI 10 AN 25 R HAT 22 58 44 0 20 A Xl s R RE 1) B 45 4, 2 i 00 3t bk A hittp://phys.cts.nthu.edu.tw/en/
index.php, ) - R 23045 7 i http:/phys.cts.nthu.edu.tw/en/ [ % 7T .

Site node

Page tree

DOM trees /4

Fig.1 Represent the structure of Web sites as a multi-scale tree
Bl 1 BT 2R B 0l fR 4 e il
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Parents Children B EBAH GG R G AR EAE B BT 3CF B AT B T S0 0 4 A 4 05
CK‘ / () 40 2K f e 1213),
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P(Cs, [{Cs | 8"# 8,}) = P(Cs;, [{Cs | S"€ SC(S,)}) (1)
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FEX 5(ZRLEE £ T STAEHS MC). HHARAM RS b 37 45 245 ) LA 5 BB 5 6 3R 71341 ggi) a5 T i) 2 24
A[ LAk DOM & 19 3 M43 AR B SE B L 7E 2 R BER T, 70,4 W) B8 1 2 (1=2,3 43 514 BT A DOM
L5 RO i ANGE S, pl NI 11 2 RRE RE A 45 I ) R R S MC (W ) = (p! 'y b

P(C,, {Cypr |I'< 1)) =P{C,, |C 1} )

ARG et BT 5 S, (ARG N, BRUE A 0 J2, M3 52 F R SCRT DA O 2 R S0 — AN
{51 DR A SO Sl 0 JE RN 2B 1R SRR SR Ak BE 1) SO A BRI JE A DOML J2 BT SOk
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Rty bRl S5 HIRER R SORER,
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—-»Intrascale contextual

dependency

(hidden  tree)!" ol 7 45 45 513 i) 1) = 1 AH 55 5% _p Interscale contextual
F A L3RR A0 (e 6 R dependency
R

E X 6(3h = %R E R IARIEE. MST).
i 2 R S B A R I SR IR O MST=(T )y,
{SC,PC,DC,MC}), K ™ T\=T({DOM(DN, _
DE)}.E) Ay e MR REEE N b F OB 0 & tevel
{PC,DC} #2157 [F] JZ 45 xi [A] ¥ 3 AR G OK Fig.3 The multiscale tree representation model of sites
FRLIE ) bR SCRR (SC,MCY %0 A i 2 Pl 3 S 2R R BT

4 B 3 A KR

T3 51N 207 B A A RN 22 Bl R OB 3 £ 22000 R R IR O IR AN B RS HE Web i BE e
T IEREAE Web 5l ;523 SR FH Sl 2 6 R T I AL (1) RET TN 2R 4 AR R R SR il Web 3 55
G2 1) 5, T8 I A b R R RS P DR EE T) 110 45 32 A 2 96 2R SR SR A5 LA R o — o 88 1 SR B 7R o i 1) 43 28
YRR (2) BEM DOM &5 55 R0 T T P AN 2 VR EAT 25 M b B LR — 25 318 il 5 20 SR A%, 3) AT LA
L THT B 11 BY Al B39 R S At sy s (R0 SRASE RS e R TR BRATT o0 AT VR AN [ A
2 ZHKIE Web SS9 EE %

% i [ 43 2 (multiscale classification) {5 5 b BHAN & 15 43 E 408k 5 FH 1) — Pl 23 2 07 3k 1315160 A S0k g
FE B Web 3 pi 4248w ke, DL 7S 20 1) FH &5 s 18] 149 235 RUAR O 56 ZR R HEAT 0l i 4 8. 2 R0 S Web 0l i 42548 5775 B HE
T HMT P B BE 43 SERURLEE (] 7R SCRl-G AN 4>
2.1 ETFTHMTHIFM RS2

TEANTG R 22 R0 S ik sl b Hh &5 052 TR) PR 82 TR) B SCAH 0 5@ R IR, ] DL — AN 5 96 20 88 11 B Bt 0 2%
TRk S Web 3 p 23 28, W B 4 Fr i DR 0k, PR B B 43 SIS S50 1A Ot 1) 8 7E T /B AR I B DL T I DOM W (1) 48
TIARET 35 V1A N (R B 43 2 s

DO ]_ d - Notations:
Contextual
—— >0 dependency

----3 Classification
operation

—— |
1) DOM node || 2) Tree-Based page A3) Tree—‘Base.d
pre-classification| classification || site classification

Fig.4 The two-phase site classification procedure
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HAE 3R Web il fURf AR ASE 2, GUTHI A% 5 DOM A4 rf XU R 1 45 R L [RI R i T 40 M &5 s R B2 P 1 7F 32
DAL IG 7 4y U THT B A DOM B 326 % 48 145 AL IRF, AN 6 51 I SCHR[ 1] (80— B Markov B, 1 75 22 5% F A5 5 A H 40 4k 42
B Markov BT HMTYSSL K 5 2510 T Markov B HMT 7EEBLSS AR LT SCHl k=& ERIX
5ll:Markov A LAGE s (R 45 i AR 9 3 bR 30, 45 s ) A IR SR 96 56 21510 HMIT T A3 0005 &5 5 RN 7% 1 45
[ B DA 4 A B S, ) O DR SR A 26 95 R BIAE HMT HR, 45 52 SOIRZS €y B 1K {Co W, IS T8 1 o
Cu % T HE 1A(CY ., Cl ) AMRIITAT S5 1R h Markov AR

P(C,|C, #C)=P(C,|C

P

(u)’CZl ’“.’C:m ) (5)

Cow Wotwy

W C, wy

(@) (b)

Fig.5 Dependency among class labels in the Markov tree and HMT models
KI5 MarkovA MHMTAER H (1) 45 i FAH R R

A=(ap,,) Gay, =P(C,=m|C,,, =r) WEME B =1{b (k)}.

KALT HMM B8, 0] DR AR EM SE (612K EAT HMT HAR R 2 B0 2R AR A AR SCI S 56 vh AN ) 3
&) PN B e A W AN 340, IR I A S0 SR FH B85 EML ST925 [ 18 1K AE 455 vk 42 3 ot R 445 o R P 3 302 45 10 B0
TR INGT S 4.

FE ML b A SCEE T B oK 5 B0 % 1 J5U U (maximum  a posteriori, i 8 MAP)K AL IE 2T HMT 752548
L w AR AR SR, 23 2838 T LR R

C = arg max P(C, | W,A) (6)
FIF downward-upward 573410 ] AR 75 5 79 31

P(C,=m|W,A)= P(C =mW]|A) _ Bi(m)a,; (m)

PWID S 5 ke, )
k=1

o g.(k)=P(T, | C, =k) N EMZE R, a,(k) = P(C, = k,T;,) A A5 &,

H T AR SCHEASE HMIT A #4520 10 TR 25728 5 g 45 0 . 1) 32 7 b 285, TR Lk L 75 b TTET A R DOML 4 43
SIVNZE—A HMT 23 2528, IR R 1l 554k T 23 288 (K 1 2. 55— i 5 =X 2 Sk 1A% F1 DOM. A4 114 4528 43 3 Il
Zr—A~ HMT $55 78 % F f50 K AHABA ¥ (maximum likelihood, i F% ML) Ji I Sk 4] 38 43 245 #2116 7 )W AR FEACIR

ATt m] L R HMT 3 2S48 W FH 21 LU T A 55 AR 23 07 BT 1Rl 503 24 o ST 3 00 Sl P A 48 0T
I T4 AN LT HMT (14 00 B 40 S5 20 3R,

22 REEETXREREZE

FEAEH HMT 43 2888 R BEAT P I B 020 Sk, SO T T 45 R0 oo B2 P b S BRT b, T e R FH A 1)
TR SCRSE RO B B R 2 5 2 0 e gt AT Ak

LW ONE 1 REI=1,23) 05 @ AN, MC =SSO (I=1)F1 MC! = MC(W]') (1=2,3) g Hoki Ji 8] | F S0
R P(CH W) R HMT 43 28 8 B 45 f 0 40 2545 (24 1=3 1,000 ) DOM &5 55 7040 8 45 R 28 TG Bt 72 11
SCARGY T iE)

)
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P/ | C/,MC])P(C] | MC})
PO/ | MC})
_ POV ICDP(CLIMC)) o

P(C] | W, MC)) =

SE CL LW AR T MC) )

POV | MC))
__ POV P(C]|WHP(C]IMC)
- P | MC)) P(ChH
1 1 1 1 1
_ @PCIWOPE TME) (i POV sy b it o 19) 8)
P(C)) POV | MC])

b, P(CH NS 1Rk C, 5L HNE %, P(C,.’ |MCI.’)%ﬁ?’yi?)‘(ﬁ%%(contextual probability). 4 i 4t 2 H i vt
I I — 2 eh A )R (¥ 280 P(C)) B P(C | M) DR 45 || 3o I 1A B0 MR Al o 2 x 3 x || A &
B R MR P(CH FTHIZRE T 1 R4 M=1,2,3)T C) 248 i ARSI ZAA T R 1k, S B 170 750 A2 7 B3k
17 RSO P(C | MC)) (fifdiit

7 FEG oy B0 A, 1 SO R ()4 V1 5 VR PR 350 L 9 2 SR R SCARIE A4 (contextual labeling tree, &
Fr CLT)RAFEIOLCLT & —ANEMIER A Al BN T — A 1R SCEE AUIMEIR 45 4. 2 A 1R SC( S R 1) |
FOCHRIEE N BRSO L CLT AT RAK Y45 56 B0 40 2 4 AR 35 J5 0075 JE AR 1) 43 2 45 SR U0 5 — oy 7
SN (class probability tree, f&iFR CPT)! LIk Fh oy 20l it — R H A P Hok 13 21 1R SO,

AR SCAF R PR DU BN SO

1) SRR ERSOMER P(C) | MC)) AR$EE, 52 R 30, MG =SC(S,)=N, ~ NF =N/ ON? U

P(NF | CHP(C))

P(C} | MC})=P(C} | N{) = ©

P(N)
Hoh, P(NE) Josili i AR 4E N, b B0 284845 NX ARSI PV | €y AT DR T ik
P(NF|CH= Ha,eNf' P(C,|C,j—> i)HakeN,.o P(C, |C},i—>k) (10)

2) W EM DOM 21 LR CHER P(C! | MC!) (1=2,3): M40 2 % B LR 3¢, MC! = MC(W) = {p/™'} . FAT]
A LA A SCHR[16,191FT A 1 CLT A4k 800 IE 21 DOM 2 (1 B F SOBER AE N T b o 55 (0 2 Jk ik A S
B P(CIY | plh) SR AR, B

P(C! | MC})=P(C™" | pI™) (1=2,3) (11)
MU HAFR] P(C)) R P(C) | MC)) 25 il T 2R EE [ R SCRERLI 45 55w 1 53 SR
C! = argmlaxP(C,.’ |w/! ., MC!) (12)
2P IRATCLLTE M T 2R Web vl i 70 REVEIT 18, 5E - 0 E 4 2K 6 frors):
551 AT T OB I SCAR G328 U iRl s T DOM. 45 s b AT T 43 2

52 0 Al HMT 43 K839 Fine-to-Coarse 77 [A] 4 O UL TRIFN S, 2 34T 5 1 WML 4 25 (raw classification);

o553 B N ZRLE B OB HMT 2328488 10 & 270 9845 SR U Coarse-to-Fine Jj [a) M IR HEAT DL AL, 75 3
52 IR R,

5 4 2T HMT 232888 %Y Fine-to-Coarse 77 MK O GURTFI S sUHEAT 56 3 WK 73 28,19 B d 4 45 1.
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(a) HMT-Based two-phase classification (b) Context-Based interscale fusion in (c) Final HMT-based classification in a
in a fine-to-coarse recursion a coarse-to-fine recursion fine-to-coarse recursion
(a) YFORLE b 40 BHL K 7 1) AT A T (b) WL E FEURH 3 20 14 7 i) 4R T 2 (c) WYRLEE oy 4 BVRLIK J5 10 AT 5T
HMT PR B o 26 TR SCIRRLEE (8] it HMT )53 3R 0l i i) e 2853 R 45 21
—>» Contextual dependency  ----3~ Classification operation

Fig.6 The multiscale Web site classification procedure

K6 2R Web uli i 7r HE L 7 i
3 KRB

WS E TR, TR R 1K) Web i 20 5058 22 6 B Web il 5540 8 500k DLAR 3 75 2% 1 2 M R B A i 15
3.1 MK

Do AT 55 2 25 Bk 5 F 4 1 2 LTI G BUAS e e SC AR 23 238 TR 1Y) DOM. &5 e B30I T, 431 2 B9 3l ) ) 1 i 45
W HEZE (frames) . FALSE LR 7 123048 R ok AR 1 4R T DRI P 6 7 SAS 1) 2 1k 7 3k AR T, 24 5 P Sk [2,3]
JIEASE P D ) B AR 2 5 TR I, Web P 25 1) 2 FEAG AN 3 B0 o 1) 22 R 2 SU0AR o=, T FLAS DOM &5 £ (1) 6 ot
F PR ZEICEN 0,08 I A SR 3 T 2 R 3R 1 SCAS 23 Wy vk, IV I B 405 5 2 0 (1) G B 1) BOR 1 7
DOM 45 i B () 0 23R A T — s HL FRATT R IA 8 i &5 o5 8 T M 75 AE AR S s e v, 2 A R th — N B
9181 NAIE (A4 B 22 R} 3= U1 2 (physics subject thesaurus) 4 i, 7] I AT CHIEESCHE ) J4 & P 3RO E b
B TR >k 78 5 3 R 2 S0 8 FEFRATT 00 B FH PR, 3 A R0k 1 PR BE O T 0 ) R

TE B b, A% SR T 22 00 88 3l OB ASE 20 F 9 [ B 2 e R, T 0 Y 25 T 3 ] 3R 1) SC A 2 Wy VA
DOM J22 I 5 & 1< 75 [¥) DOM 45 s 21 2R > BT PR K ¥ 73 DOM &5 s #84 b i DAy <M 7, DU 8 A 1 0K

TR

W] FEAY LM 5 ) DOM. A% B T THT A A8 LU AT fig b AR 4 45 s ) 08 S TR SCOR R AT 7 s e 4k B p

FEE B R L 7 IR T 3 PO EE R T B b DR AR B )l A g6 I 3 R AR TV 5 i o b

(7 B4 D JEAC 5w a BB B b (25 £ 1 d AR bl b B3 WA Ol A Il o 5 0 ¢ 1 B R B I ASUR 24 4
I'E 2 (edit distance of trees)2O iy JEARL AR SB35 1 1 4 5 A0 BRJS DOM B M1 5T T B (1648 B8 4 7 925,
Notations:
e @ e o @ Removed
G (©) @ @ o ° (O Context
changed
@ 9 96 @@ QConﬁextd
e unchange:

(a) Original tree  (b) 1*' method () 2™ method (d) 3™ method
(a) BIAEW (b) Jiki1 (c) Hik2 (d) 53
Fig.7 Three approaches for reconstructing the tree after denosing

K7 3 B2l E e EE A TV
3.2 ETIHEIEER

O HEAT 3 e R T AT 1) T B R AT 95 A B D S0 SCHR (1R — 4 B A b % il ) R4 A1 0 A (K 7
FEOR PR AZ R AR i 5 7 R H EERE R RS TR %07 EAE A AR K M BT BCSE ik 2 T gt
o T B ) AR SR AR R R KL B BV By v VRS R (R
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BRi% 3R EMERIR). 75 Web 2L b, 30— N Rl s 199 D) IR [R) I 28 KT A b A A7 00 K e AR
(¥t i 0,

BB AT AT P 8 T 7 1A S 56 5 R UE 5K AR AN SR WIAE Web 425 i o i v B R A Al 6 2K, B T LY
T, A K AT 9 I i), AT vl DR e 3 24 38 A s pAY A 45 A LA PR 2 30 e Tl A3 B e .

—g— Downloading phase

~ 25000 | —A&— Classification phase /E‘
g 20000
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Fig.8 Compare processing time of the baseline system
between downloading and classification phases
B8 JEZk ARG BRI SR B A BN 1] LT

TR 4(FE AR R~FRIR). Web 3 i 19 730 2885 228 B 3 k4 GRS I FERFAEAH 21 2801 1 5 gl i —
SE RN, 1N B 22 10 00 0 AN BE A 5 08 3k 570 2R A v

F AT IE B A B4 BT VR R A B 22 /D I O 0R B AL M08 ox 3t ) REAT 20 R R A UL U, A I 3 T AR
R A B AR T B ) 00 T AN S A T 288 i P R 0, DA AT e SRR IR A DA R R T 4%
ARG 3t 3 S R P2 AR S KL B 2 R B 90 Y A0 B i Y 2 TR FE M 3 23 A1 b ) 2

L R NI IT, 7, R T, 50 500 O BN S w B IR B IUIRTY, P(C, | T, Ap) R P(C, | T, Ap) 53 500 3
TIN5 25 T i P T TETAR AR ABLEE PR3 A, W TUTETZE HMT AR 250, 0 72 R T 2 16 KL #5 2f BAg% R X
P
P(C; | T ) 13
P(C, | T, 20)

DR b, i A £ 0TS B A SRS (T P 9 T 7 ) A AL 2 A TR R N 45 A e A 2 D 0 2R A R K AN
P WUPRE 5 A AN TR P s AN S USRS 5 0 o B DR D0 AR ) 3 AR 48 A T A o B 25 B AN PR 28045
FIPTA T PGS T XA I R 2 A B R 4 e A

If (KL(T,,;T,.) > depth(T,})- A) then add u to the page tree, else suppress the growth of the tree to node u.

e depth( T, ) AR Ty, BIVRIE,AC DU 2 HMT A58 841 25 1 e S02 B RAUSCHR [ 114834 1) 7775, BB depth( T, )

(K385 001, B A i A R 52 T 2R W, 32l i 3 09 F) 31 288 B A S s 8 A0 A0t ik 8 U 38—/ P 20 il e P9 A R
BRATAH IR L 2 5 v 20 SRR R 1) H .

KI(T,,:T) = 2 P(C; | Ty, . Ap) log

w2

KL(Tlllhrlilt)

Fig.9 Pruning the page tree of a Web site
9 b A 0 LA B B s

4 KBRERSH

ATCHIEFTIR H 02 A R 2 B0 A5 T8 T R 5 22 IR A 29 B R BE 20 A s iExpert. 4 1l JR AT T 1 7
AN TR B0 [ b 7 il s R b AT SRR IR ) B R Web 3l U424 T 45 SR PAN S0 10 1k e M il AR AU HE 528 A
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PR AR A s, H AR AEAS 90 3l 1R BT AT I 00 L e e 4 2 A 0 A b, ) 3 4 oA st 4 8 e AR K i R g PR
T8 43251 (physics subject classification) 34T T 43 FH5 58 P HE 1380 0 FE 46 10 SR 71 AP XLk
M P FA A B 0o FE /N BTINR T 43 24T 45 B LS.

AE Ay 1 B LU W] 1) 35 £ 2R 8 SR L RE TUAE DAy il e 5 AR A5 28 RUDHG  A lh nA  JL P R LTI S e — 4
AU T (R g B 00 ) AE SR HE Atk b SR L T2 AL KN SCAS 23 28 25 SR ot i 5 1 <8 00 HEAT 48 4 S0 AR 20 25 3k &
FREGA B R TR, vl D T B B, R R Bk s N T 3 2 R W T R I, R 2 R G R A S 2 R
I3 (R AR MSC)ES R [RIRF: (1) 8 23 A7 P2 5 R0 19X DT AER 38 . AR SC 119 BT A SI2 B8 #0076 40 R R 5% N 38 17:800MHz
CPU,256MB RAM,#EAN Jej 45 W 3L 52 2MB 7 5.

Web 3 s 4248 R G0 E EIP M FR AR LS RSP FEfiE J (spotting capability). 73 ZSHEAf 2 (classification
accuracy ) FHIN [B] JF- 4. R 8 09 @ fie 1 5 X I E R il 3 N, S0l S N, 1 BG AL ED

spotting = hx 100% (14)

seed
TEASSC A B S of b3k 8000 B 5E 0 2,10,18,50,70,100 LA Kz 25013k a5 ] s FH AF 12428 40 o 52 600 11 &k
FEAR).SEH60 R W, 25 F MSC ¥ iBxpert [F P39 FERE 1 K 187%. [RIW A SCAH H 43 2 kA K Sk A o MSC A At
U RO VR B LRI R bR AR AR ST SEEG R o MR s LR
1 9 M(f)

accuracy = — -
T Zo NO

Hodp, NO BRI 5k s P 8 A sk AN MO R IE R AR 2R AN

Bl 10 BhA T 45 58 AN TRIFf 3l s 04 A 3520 R85 10 7 R UER 28, 0 45 JE 28 R 48 . MSC B3k TR HMT
Iy, BB B HMT 432888 LK CSTHR[ 11322 10 0 By Markov A 23 2 8% 256 45 18 A0 45

(1) HAR MSC FdAe /NI GRAE AR SE I 1 2 2R BRI AN R 0 N BB o e = A L B R0 =
16.7%. [l if 3 28 38 45 K A8 V0 15 (01 3 0 R U 28 SR 31 59%, 1K bk S & T4 Bh 36 R 482 H.

(2) AN LM VERE R I (1 T MSC S RIB Y B HMT 232K 38 76 DOM JZ MU 2 E#EAT T %
Mg Ao B BRI bk P 349 43 A U A e v T S T 25 3R AT 25 Mg b B (1 DT TAT AR HMIT 43 2828 (2949 50l 151 11 %0 7%). 1%
— URAE W T W 75 A B2 S D9 3l R0 D T oy B R C R — iR I N R

(3) KrPEIA)_E R SCELG A RSS2 MSC 576 DOM. 45 s 18 4 2R 45 SR HEAT 148 15, M6 F 5 B Bt
HMT 432848, 240 R UEf 20 20 3.9% 8 .

(4) 5ZEBr Markov B 73 285 L4 By Markov B 43 2888 (1T 34 73 FUER R 69.3%,4) il Lk MSC Hik I
P Bt HMT 4 28234 6.4% A1 2.6%, {H EL T HMT 232585 51 4.4%. B Markov #4252 R FH BT #4 h 3L
Sl SR IR R Y LA BT 2 HEAT T 2% 0 Ak B RT b T THT P PR W A R B T A S U B 1R B e B T A
HMT 432528 1N 255 B8 /D TR b — 38 B AR SR P TRDAE 10 s o R 20 {E A 2R 0 i 22 /N o A SR A
1) 53 28 A 2 vl R 26 255 31 1) 4D X JS 52 /0N, R Wb A 25 5 3 R 0 B, BHE A SC BT 1) SE 3R v B - Markvo % 43
A1 53 FE 1 B8 B AR T SCHR[ 1] T ik 1) 87%.

——o—— Baseline
(%) —8——MSC

100 ® Two-Ph = ifier
—a—— HMT-Based page tree classifier
90 —+—— Zero-Order Markov tree classifier
dow S as = S
i e
60 A %
50 { . . . . ! ;

2 10 18 50 70 100 250

Number of seed sites

Fig.10 Compare the accuracy of several classifiers given different numbers of seed sites

B 10 AN[ilfoft g oot o B2 AR TR 2% 20 i 7 S ME A 4 10 S 06 LB 45 2R

x100% (15)

Accuracy
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AT LA 7 L2l RGERILT MSC 1 2R 454 A0 BRI ) J7 16 R T4 A0 T 228 R 40 36T MSC R 41
Vb T 46.7%I00 R TR B 11 FizR), 800 T 66.2% 1) 43 2SI 18] 5 8 5 428 3 3k R Ak B I ) b FRAR T
34.5%. X WEAF TR 1 3, B0 ) UG I 38 0 A b 3 A7 22 15 B4R o6 35 00 1 A BN TR0 BT LAk () )3 g L
SR T 1 A BB SR AN 2 N8R 3 2 M TN 3z FA M Re (1 12 FoR), AT R I, R 5 T R 1
BY A SR (1) ST AN T S 3 B D0 R 1K BB I BB AE A M e R AR A 5% R RN Bl A BT R RIS A H
) KT St PRV RFAE SR B FRREAT T — 8 R B AR L, A B T A 8 235 5% = 20 2 A S 1 1 Y T RN R AIE B T
BE 1005 11 2 245 DT THTARS B A5 SR s A A K.

= m Baseline o MSC
e loo .— & MSC with pruning
£ 25000 g 90 — —4&— MSC with a fixed downloading depth
L K=
S <
= 60
& 5000 50 4/
0 40 ~2 10 18 50 70 100 250
2 10 18 50 70 100 250 Number of seed sites
Number of seed sites
Fig.11 Compare the processing time of the baseline Fig.12 Compare the classification accuracy of
and the MSC-based systems on downloading phase the MSC algorithms with and without pruning
Bl 11 R RGUR MSC 7T 2808 B A BRI ) (1) L P12 2 RT3 106 10 B R SHEme I )

73 RAMERG R L AR
A2 2R Web 3t 5 F2 40 5305 RE A6 AT 20K A B BE T 38 BB 5 K 20 SRR AL 2 AbAE T SR R B
B PR R BRI ZRFEAS TS DL T 1070 5Pk .

5 & &

AT K BRAE RS 23 AORLEE MR S8 3 AN J7 15 1 100 80K A AR PP — L ) il e B ik 0 509
JEEIEANRLEE ) DOM &5 i 2, $E T — P i) Web uifi 5 22 0 B2 FlA B0 ISt 4 Bt bR SRR B
Z00 10 B AN [ 2 K 8 s AR JBE A ATORE JBE 8] PR b1 SOAH 9% 5% 28 3 i ) 22 60 2 43 U vk 68 1 N B TR S As
B B RMER A DL B DOM 4 g 125 M 28 3052 1 Al JF X 22 5l i B Ak . Web 0H 4240 S5 AH DG B
FUEATFiE T AF AN A8 2 T AR, B ATTPE 1 22 K Web st s A2 90 5095, 5005 (A% 0 H5 25 T HMT (1)
PIBTBEOr R RLRER) bR SCRE . P B2 R e LA KR T 00 1) T B 20 2 B R SR KR 1 S R W, 2 R
J&E Web 3 i 42530 S0 e A0 AT 20K Ak B T 3 BI85 i ) 20 R E I .

AR SL R — A TR 2 R AE AR5 A BN P AR 0 A0 PN 8 ) — UM 2 M 5 25, 191 T 2 S R
R SORERY MR AR P DL K 2 KR S A R B Web 42 U AE FE R R AR P AT 2B W SR A S
AN 2 GEARFFAL K Web 4238 5135, LM BE 4% SEAT 240 Web mh &3 5 A T S,
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