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Abstract: New techniques are discussed for enhancing the classification precision of deep Web databases, which
include utilizing the content texts of the HTML pages containing the database entry forms as the context and a
unification processing for the database attribute labels. An algorithm to find out the content texts in HTML pages is
developed based on multiple statistic characteristics of the text blocks in HTML pages. The unification processing
for database attributes is to let the attribute labels that are closed semantically be replaced with delegates. The
domain and language knowledge found in learning samples is represented in hierarchical fuzzy sets and an
algorithm for the unification processing is proposed based on the presentation. Based on the pre-computing a k-NN
(k nearest neighbors) algorithm is given for deep Web database classification, where the semantic distance between
two databases is calculated based on both the distance between the content texts of the HTML pages and the
distance between database forms embedded in the pages. Various classification experiments are carried out to
compare the classification results done by the algorithm with pre-computing and the one without the pre-computing
in terms of classification precision, recall and F1 values.

Key words: deep Web; hidden Web; database classification; content text extraction; semantic classification
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KR deep Web; 4 X, Web; #0348 £ A 2 XA B X %
REESES: TP393 SCHERARIRED: A

K #5 BrightPlanet A 7 7E 2001 4E (9 45 1145 5, Deep Web %4 2 BT 47 1% 2030 (0 B 2 B Wi 25 W 0 B 8 7 11
Hef R 500 5 LA Kk, Deep  Web B4 42 9 st 94T 28R KSR g A Sk Weeb 7 JE A8 2% R K4 1 A7 sk f) 2. 2
ST . A BE 9T 32 B4 v £k Deep Web U H 2 (1) 16 %% Fkt Deep Web B 22 (9 41 21274 L 3 i o ¢ &
AR PR T R T e BCURIIR] 1] Deep  Web 1 0 5 1€ dt fg 35 o 55 S B U T o0 I 285 0 01 9 ) 2 8 2 o 4 %
1 [¥)Deep Web %t 4 %t i 5 6L HEAT 43 S i R 25127100,

H 7, % Deep Web %4 42 %t i 5 L kAT 23 25 1005 L 141 75 12: 45 pre-query Al post-query 1% Post-query [ 73 2% it
T2 20 0ok 0T B P v, R R (] 4 SR B PR AT 43 2L B H RITAT AR AT LOG B FE AT A B A g
A A AR A B L RT3 [ Pt 5 SR B 5 U R TR )3 43 P, T 24 B A P00 3 AT T 2 P I 3 b ik )
M DL HR AR (1 4 2280 DRk AN [ J e 0 4 D i i A ) T o 4

Pre-query LA T 18 Deep WebHicH 2 32 (Forms) 4 i) 0 45 iF (8200 BV 5t i 2 v 1) J& 4 3 (attribute
labels) 12 o (1 o Ath vl 1 TS BN AR Il U7 24338 A 504 1 1) P 75 1T BASE 4 R MR IR 3R 7R HE SR I T8 55
A 3T 7 15 1A A 5 U A T 2R B0 S R (R R H R ) L DR Ay 5 B BT [ AR T A7 5 I e I 3 o
JIER oY FRE AR AR G F .

SCAR B4 H FH A 5 2% (1) Web I 3 1) ST A P 25 122 (1) 47 12 1] — il 2 55 50 9 0 1) 5 28, AT e o) 004 7 2%
2 BRI T % v 42 0 R SRR R B 259 (context-aware form clustering). H %0 B AR HE A5 40

FEAEAE I ) R SR R T b B A e 3 0, i A . S B WSOBLASE, )25 7 B 1 5 i SRS 1 35 AR 5 4,
2T V20 B T ) D T T T S A S T R A R S R v ) P A R R AR R T R I R S T
Il A [i) F8y FH P R0 s PR, 6 P i 2 A 1 1) R TT R SR 56 4 S TR B % 1 3 B, “Job - search” Al “employer
finder” iX L&k [ AN R H0HE 3R 48 10 bk e 1] 1 SO IR) BT E STAL BT B8 A A 58 AN [F) 1 3.t F 2 Hh b i il
Himt L AsE /b T SORE R (1 1 £ 249 AN [ (00 1] SR A 3N, £ 7% 2 b 5% i) ) 0T 43288 1) A
A SCHR R T AN 0 BB P A% T LI P 2 SR kg A i A AR 1) R SR XS Deep Web % #E
HHAT 0 M B L DTk
1. G HEET X HTML G0 SCARER 1) 22 il S8 TR AIE R 5RF P 25 SCABBE SR 1) R B A0 ¥k A% VR ol 3 4 i A
Bt DY BT AN AREAE SR AT 40 500 1 19 T, 4 Deep Web 5 T
2. BET A RR PG T 5 10 2% 30 B AU AR SCHR AV G5 RE 2R rp 8t AU RN 5 03, 3 R 40 R BB 4R
B IR R A 1] PR K 3R 73X S S A AT T 4 R T ORI B ) 2000 2 8 A 3] FH AR 3R 0 785 8 1)
SR LA B — A0 5 (R SR AT v S 5K
3. BET I TP 2 SCAR 2 0] P B RN PR R 2 NIV EE 25 % Deep Web B 22 2 1) (1 #E 295 AT 255 1AL,
T B FH A 22 4L ) K-NIN(k nearest neighbors)7» 8B HE AR K 75 8% Deep Web £ ¥ 7573 35 (1)
LR
AT/ UIUC(University of Hlinoise at Urbanan Champain)f#y sz 4 S & W20 ) FH 38417 26 B 9 2% e gt iy
HEEBIMBAR A b AT T KR SEE . LB 285 TRAL B 199 TUR AR 2853 T4k 2219 BT (¥ Deep  Web %48 22 1)
Gy RGBT A R R W A0 R TOUAL BRI SAR K () 4 R A AR KRG . AR EGFL WA BT
ARG 1 IR AL BB B4 2 gh L.
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1 EAEKE
T3 T-Web 975 SR 2 B IF 5 o 55 3 B0 5068 SCRS 14 32 705 125 2 ST D 1 fa 5 (R 20 P A SR o P — 2

T B3 (W, Wa.j, o W) FE 005, Pk B2 1K L w6 2 K 7 SRS ol 05 2B T e 3 P 00 V2w 160 4
FR A S3 T E (TFIDF).
EX 1M N R 2 R 40 b SR B B0 i B B bR Tk SCHR B freq ;€5 £ b 5 sl ki 7 ST A% d
TP ER A SR A A I SR A 5 PRI RS TREAL AR Ay e, 78 SO
freq; ;
- max, freq, ;

1)

ij

Horpr max, freq ;275 SCHRd; P R B R BRI o — AN HRARFR A bR 51 1 ki 9 431 SCRSAUBE (inverse document frequency),
A
idf, = log (N] @)

v o T8 2 SRREAT VA

w,, =tf, , xidf, 3)
Ay, I 1 B, O A e B TR ) R AT DL TR 2 5ot S
d -d
cos(d;,d;) =——1— (4)
(A4, [ld; [1>11d;

FEX 2. BU RN G AR 18 8, WAE U B — AMBORIAR & A g SO — S8 B L 1, (X) :U > [0,1],
xeU. B8 U P TT R B B0, 1] i — 524, il A= LEU Ha() X2 A ATACZE I, B E A A= {u (%)%,
JINCH IR INCR T >

TATY R SCHR 13145 Hh 1K) 43 JE B B2 5 1 s Lk

EX 3 A BEESZHIBMES S ARBER U BI—MEIRBEBES I H A PRGEZ MAE
“Kind-of”" BT LUTBL" 45 00 R X PG LG R v LA B 7R Hi K.

EX 4. 5 Z BRI S A TSR T E LR ) bR il AL G(V,E,\W,L)FR A 43 J M 45 4 1 B .
Hrp v 2B LS, eV LR R v IR e=(u,v) R B 1L, R R TS uv Z [BIAEETE LR, W(Ee)(0<
W(e)<1), MR 73X Fh G 2R IR B

14— B2 A IR AR B 1,30 e=(w,v) & R kind-of" 56 R e (AL w(e) &7 iE LR
.71 w(camera phone, digital camera)=0.7;w(camera phone, digital products)=1.

Camera
Digital products

0.8 1
Digital caméra 1
1 1 1 Camera phones

_ Video camera
SLR-Camera Auto camera

Fig.1 Presentation of digital products by hierachical fuzzy set
BIL R 23 2 B0 AR & 275 R B0 7 i
KA BRI AR & A KOG FR 2 M 2 5K & I LLEL G o oA 1 [l %, RLE G — s A7 AL T v, v o i Bk v AR
#I0.G TIARER TR Z T 1A v AR T W AR R TR, I HAEE A A w B v (4 [ 5 42 PINFR v 4
w RSG5 SCER AR PRI 0 R
w(P) = min, . {w(e)} (5)
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FERR w AT I3 v, S SCR AT v B A wAEA SO 45w SO AR TS, WA I — 45 0, U5 — BB w3 i)
MG IR T

53 SR AR 45 55 R H 43 283 (taxonomy) F1 A 44 (ontology) 7 VT 22 AN [1] . 85U A (4 v (1 5 /s AV 2 44 1) o
(KRR 5[] SCAR] R SR B V8 5 2% AR 2 ORI A £ (14 5 /0N B 07 2 J 18, 20 7 20 ) R B0 7 8 P PO AL 2R3
01 Z 1) AR BLE SR B R 5 s IR 8RR D RE A A0 45 S I2 (K 9% 2 EL i, UL LA 2 AN )
(K P Aot 49 1 (5L DR T LA A IR ED BE 17, I AT LR A A i — AR L, 3 By BB A8 A 11 O 2R 0 22 MR 4 £ 0
O PR P AN SR T 2 AT 1 A T, 3 7 [ i S Fg A [ 1 ] 8 7 5

2 MTTHRAAXAMRER

Xt 1 0T P SO RS AT VR 22 B 5, G AR 25 6k e 7 o R B P 7 SCA TR 0 1) 3 B 0k
(vision based page segmentation, i #x\V/IPS)M®], LI Je ) FH1 ¥ T (4 AT WA A J55 A JE 0T B0 i a3k 47 23 B 8L 1 oy 4 7
Deep Web (1) 51 J& T AN [ (1) )8 FH B 48, B vk KUK 22 S AR K. 5 A0 A BB 45 rT AL IR 3, BT 2 i sl e %
AT P PR PN 5 SR AR JRAT) T 55 2 IR A B T 38 DA 1) ST v 19 06 T 3R 3 1) SCAR T P9 25 SCAS I 78 [ 7. 252 3 DA
B 5E ,— BT AR W D) O A T HL, — B 9 R 30 LA WA SCAC R T N A SCAS SR AH O] 1), DAL ke s
I B SO R BB

BE T FRATTRE O AT SCHR AT SR SI2 B R T 43 AT, SR FH 48 TE R0 PR SRR (10 5 VR4 2R TR N B SCAR IRRAIE,
1 H N SO I 7S R AL 3E — 20 1, T8 G v 1) 77 145 31 SCAH6F N A ARG 1R JE8 11, o 32 488 23 A 1) R
PEAEREAT B, AR5 R DU 307 2 AR 5508 A i M R B0 P DX 3k S AR Bl S 3 R P 25 B 1 1

Table 1 Statistical features of content texts
F1 WEXANG L

No. Feature Meaning explanation

1 Special pairs of HTML  The content text blocks often contain some pairs of tags, e.g. (P) (BR). Whether a text block
tags has the pairs of tags can be used to find content texts.

2 Font and size of letters in ~ Some letters in content text blocks are often bigger than the letters in non-content text blocks
text blocks and have special fonts, e.g. the letters of the titles of content texts.

3 Punctuations Content text blocks often have some special punctuations, e.g. comma and full stop.

4 The area and location of a  In most cases the intersection area of a content text block with one of a content text block in
text block a given template is bigger.

5 The pixel number in a Usally the content text block in a HTML page has bigger size in terms of number of pixels
text block among all text blocks.

6 The letter number in a Usally the content text block in a HTML page has bigger size in terms of number of letters
text block among all text blocks.

H13% 1 AT LA SO e LA 396 A2 36 1 A HOARAIE A2 e it A 28 SO (0 T ek il BOR, IR e, TR A
A A A M 2 2 ke, FRATIHE T S8 Uh R SR AR AIE AN [F) L A A

T AR SRR B I 0 4 H e SR X S G R A R SO R SO KR T TR 20 R s
TSN PG R=1,0 70 A R AR IR bR S B 5 1 AL R T RUA I R AT E AW T A FEA SR A S,
R VIPS SR REAN 9 BTHEAT 73 e, I 08 J T N 8 (0 SCARBRAEAT N R A P(K) &8 SCAC T K O 9 3 SCA 1 5
KA PRYEHFIRTT 50 R LA, 2 K& AR BRTT 500 R IR A SR I
P(K=T)P(R=1|K=T)

P(K=T|R=1)= (6)
P(R=1)
WA C ol S T A A &E
P(K =T) :%; P(R=1|K =1)=-C *@@#&%ﬁ%ﬁxﬂﬁﬁlﬁmi& %
P(R=1)=-S EP@@FﬂﬁkajﬁE@izkﬁ%i& (®)

BEP1,Po,PaMIPs 5 ANEFAE AR, B A TL AR, P oAy £ 5 M= 42, 0
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szﬁzmq 9)
A P>a, g Fi55E BEL A K SO,
of FLA AT 1R A 1) v 55 R0 SR P 2R ABM IR 5 vk 3R 2 &5t B o AN R AGE 1187 P 25 S A 4 B PR it o3 T B3 v
Table 2 Probability computation based on features

F 2 FETRERIMEER ST

No. Features Probability computation on whether a text block is a content text block
1 Special pairs tags in See the discussion above.
text blocks
2 Font and size of letters ~ Similar with (1), where the probability is calculated based on the average letter size equal to
in text blocks 8, 10, 12, 14, 16 or in (0,8) or (16,+x) respectively.
3 Punctuations The probability is calculated based on the numbers of special punctuations in a text block.
Calculating the probability based on the size of the intersection area of a text block A with
4 The area and location assumed content blocks given by page-templates, e.g. the layout given in Ref.[14]. The
of a text block support probability is calculated based on Bayesian conditional probability formula and the
sample pages.
5 The pixel number in a  The probability is calculated based on the pixel number of a text block fall into the interval of
text block (0,10), (10,20), (20,30), (30,+x) respectively, where the count unit is ten thousand.
6 The letter number in a  The probability is calculated based on the letter number of a text block fall into the interval of
text block (0,20), (20,40), [40,+] respectively.

FOFE TR M R R P 28 SCAS R 450925 i 44 o MM (multiple feature model), 3§53 A8 SEBR BL R S8 T EL IR
1. IM(information method)!® 4% L A7 #5 K A7 SRS 1 SCASHe 4 g A 25 S0 A,

2. PM(position method)™1: 42 # SC A< b ) A8 bk {7 B

3. DTM(DOM tree method)™™: 3 F- e A /EHTML I DOMI v .

S K0 A B LA CWT200G 840 42 & il LA 10 75 2 AN 0T SE 36 SR I T (1 4

M 2 B4 NRR=(IE Ay 25 o ) M 35 SCAK ) (s (1 35 SCAC KT (10)
WA R CER=(IE M S A 32 80 N 2 SOAKC B ) (sl Y A8 9 A SCAR K ) (11)

2 345 R 4 AR AR M L B R P B HCR A S5 L e 45 L T DA HY PML L AR g 3 25 5 R A
B P AR O A, T DA 25525 25 18 R AT 5 ¥ A S DL T A 46 2 e 10 P9 B IR R g i 2 e .
Table 3 Evaluation on found content text

=3 A SCR IV

Algorithm NRR (%) CER (%)
IM 86.3 93.74
PM 93.5 91.25

DTM 84.1 94.62
MFM 92.8 97.87

3 ABRNAMRMERRBMUEITE

W P AL S R AR I HTML B 0T, B AT nT LA BG4 25 2 B4 P 3 G 38 43 3R 3 43, i 24 FC(form contents);
Tl Ax (03 43,1 2 PCAE FC H 56 T3k X [ 5 I H IR b it 25 4t 3038w J& 1k 10 i ) B LR TR AT U T o
SV — Ak 5 B A A 5 T v

BRL Sk BATTIIE 78 09 02 43 28, o] LA R A 40 2R B mAS, I Gy Ros 35128, 1<ismU RS 1 2 88 50 & 10 &8 T %28 1)
HTML R A4 2 2 2 FE A I8 H 3 6 050 T v B30 2 e A o 1R b 1 1] 42 S 4 s R 4 5 AR 48 BR824 a7
T I A 1r) B A L P AR AR T o6t B R AR R T w5 2 Rl (4R T

XA T pw 2 p 11 PC [RIEL FC Hifihsad, 3¢ H w ZERCH B s T 0 — B4R =0T vk SES AN p I
FC(PC)H it LA W] H— B H0oid] v (1 AR 838 O S8 1)) S8 4 47 th(v) R LA A, ve A, W% T I A X A& T v
SRR A8

(V)= _ wPWwv) (12)

e P oAy o R AR 4 A5 110 JE P B TR S w B ) B 42, 91 58 P (v,V)=1 A FCRIPCH (1w i BLA v AR, o 24
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tf(w) (V) AR T idERR TR (T 5 5 50 2 95 ) Y 54 R ZE VA — 40 7, AT AT LAZE BT T PCRIFC I 384tk L vH 504
Hw 0T BEAS SCRY 7 ) 44 (] % 7R FCV (form content vector) FIPCV(page content vector).

W L Py, P2 71 ) K dhs 126 18] B ARABLEE et 1 10 6 2 ok 8, 6, PCV, FCV L HIPCV o, FCV, 73 Jill X 3 TP AP,
1) P 2% S A i) s R B0 P22 36 ) kg Pk R PR S B I 1 2 40
k, cos(PCV,,PCV,) +k, cos(FCV,,FCV,)

Sim(P,,P,) = —
1 2

(13)

4 SEEE

TATRHA k-NN 3235570 Deep Web B4 22 (1 W TTE4T 43 28, FOE AL R ik F

&%, CDC(context-aware database classification).

i N A 43 S0 L, 8K Ko AR 3R 21 0 BURIRE B AN 80 5 538 1) 1 #E k.

HiH:251C,,Co,....Cu.

BB 0:AIER,Cq,Co, .., Coi N Tk I FE A B TT,5=C1UC,U ... UC.

BIR LA T PAZES 3 T ANGE 4 51K J5 ik 43 B i M 0T, 2 3 s i) PCV AT FCV ) .

IR 2:vP e SRR A L (13)1HE sim(P,PY);

PR UEIUHT k ANEAT B sim {E I M UL 4R & A

fori=1to M do
score(C; | p) = _,sim(p, P)I(P'.C))
Hrh et 8(p',Ci)=1 #p'eCi; 5 W, 1(p',Ci)=0;

IR AN S C2K A score(Cjlp)=score(Cilp), 1<i,j<M;

AR ST IEAT AR E 9 0T, WL 1) AP R 175 W4t C o, Co, .. Cu B

AT BUR 5 R bR A R PN FRATT IR 23 S 07 5. %en 38 7 J& T Cf¥ 199 00 23 TIC 3 28 C 1 M 10 4 H 3R o
JECIM P BLEL BT e o3 S
A% precision(i, j) = % (14)

J

thx recall(i, j) :% (15)

PR B B, 3 ] 00 R AR AR AR S b L TR R 3 B0 ;7 4 23 5 ) 3 W) 43 R AR A 1% 25 b mT e s et 1) 1Y
b FL R UE TR T RS BEAN A 42 3 5 P 5 T (R R 1) R MRSk 5 i FL (i S i N A ke
. .. 2xrecall(i, j)x precision(i, j)
F(@, i) = — ——

recall(i, j) + precision(i, j)

(16)

5 SKIGNH

PATH SRR HAR AR & F Bk A UIUC T LU R AT A i E B R RRICHE T TAM N T K75
B R g T, WK 4
Table 4 Numbering the classes

Fz 4 K5
Class Airfares Automobiles Books CarRentals Hotels Jobs Movies MusicRecords
No. Cy C, Cs Cy Cs Cs C; Cg

T 2605 R 2 BB A U — 4 (R 0 T 40 A 0. 36 5 IR 6 0 48 23 2B A, L TP RAIP 3 S R R A
AR AR RN FL R LA T TR bR, 1T 6 B RIFCVIR 23 2K Lh A FIPCV I 43 2 45 2L A7 2 iR
FCVHI 4 25 L Af FHPCV ) 43 2K &5 S 88 2= [N I, W A% 48 F FCV 22 1] B AHALLIEE B K AU 76 JUBE L, 25 8k ko AT LA
ST AT TE R 1 B A TR s ky, ko B 4{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9%}.3i i % ky ko (1) 64 Fh B4 77 2 I3k 79 2%
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JEHIFL B AR AL, 79 31 24k,=0.4,k,=0.6 I8, %o 22 K S0 1 55, 41 T LAAS BB 1) 4 AR X — 4598 . R Ik, 3%
A1 k;=0.4,k;=0.6 S IR ST CDCKHT 285 FUAL BEMIAR £8 32 T AL BE 1 4 51 70 SR LA
Table 5 Classification based on FCV only

RS PMATTIFCVRY I K45 R

Class C, C, Cs Cs Cs Ce C; Cg

R (%) 93.33 86.49 76.92 33.33 62.50 72.22 66.67 77.78

P (%) 73.68 88.89 90.91 100.00 83.33 38.24 74.07 84.00
F1 0.82 0.88 0.83 0.50 0.71 0.50 0.70 0.81

Table 6 Classification based on PCV only

Fz6 I IPCVI 7r K4 R

Class C; C, Cs Cy Cs Cs C; Csg

R (%) 53.33 74.36 61.54 22.22 68.75 90.00 46.43 71.43

P (%) 4211 78.38 38.10 50.00 84.62 62.07 86.67 90.91
F1l 0.47 0.76 0.47 0.31 0.76 0.73 0.6 0.8

SHG T FATTE R 300 AN W TUBRE AR AR A, 1Ly JE SR AR A RO B R A 1) B0 T R AR 23 2 R 0 B HHE
R JB AR I AT T — $ A X 0 — AL I T SE PCV Al FCV, EHTIZ4T 5175 CDC.3R 7 44 T 507k 4>
ZEW LR, b RRY)F P(P) 43 il 2 7 45 B P A i i AR AT 0 — A (AT T — 1) ) A A Sl A if 2.

Table 7 Classification results by algorithm CDC when it uses database

attribute label unification and does not
R HRCDCRH U PEFRC 1] U — AR BURIAS K FH I — b A B (1) 43 28 45 1

Class C; C, Cs Cy Cs Cs C; Cg

R (%) 86.67 90.00 76.92 77.13 43.75 85.12 87.10 71.43

R’ (%) 100.00 94.60 100.00 100.00 62.50 83.33 76.67 92.59

P (%) 72.22 73.47 88.95 83.00 77.78 73.91 79.41 86.96

P’ (%) 93.75 81.40 76.47 90.00 100.00 93.75 95.83 100.00
F1 0.78 0.80 0.82 0.79 0.56 0.79 0.83 0.78
F1 0.97 0.87 0.87 0.95 0.77 0.88 0.85 0.96

B X FC H—4bJE, 4 K535 FL BUE I T R A — L 2 00— i 284 3 2800 FL (il
0.9,F1 {#81d 0.85 M5 7 284 3 KA A &Ik F] 100%, 4 2 2L A k2 ik ] 100%. 5 4R IR Deep Web %
P8 2 2 1A b A0 ) 2 S AR VR AT 09—k, it T LK B B2 % Deep Web 3308 i 95 U5 1 43 R 1

6 % &

ALY TR Deep Web Eidii 27 0 Uit SRS 41 1) 73 248 T vk R B0 e 2 1) 11 1 SCER 9 1S BT HTML 9 0
F1RD PAY 5 S A TR N PR S T 6 2 T T o =4 ) P 1 0 45 1 205 15 280 1) 3K B O 00 ) 1N 28 SC A 2 38 I 25 ] ik
B P N AT TR SCREIR IR SCAR P O T 45 B I 8 AT A SO R Y SCASHR IR S8 HIRFAE 1) Y 25 SO R IR B0
R L PR MR v B3 T7 925, D4 49 21 B P9 45 SCASAE b e HHts P o B8 itk ) B 50, 2 5 0 e PR ) 40 28 IR 9 4
SCAR TR 7V IR R SCARH BT A F 1K HTML W9 02 AR R AT B B AT /D IR e 38 & — i DeepWeb %535
JE AL T 04 L (1 A7 DA B3k 28 I e PRk ST L AL D IR R AL

BATHLER 2 B T [7])— R0 B e 1) A i 1 A0 AS ] ) [ SCBSA SCAR] 1R Jit DR, T e ol o) B3040 6 43 G
07T I, DT e 48 R R RSERY 2 S 5 DA R g I 1) 1 408 ) SR SR bR 3 BRI R AT U3, A0 i 1) ] 3 vt 4 7 9
PR 2 ) 1) TR S R W] VA A S I SRR AT 2 R AR 4y SR B R LR FL A B LR 3X
Ti AT T RE AT DL 20 4 R B T IR 4 RO R A A4S SV A AN R 1 1) Deep Web $4 7 3 U
WA BAEAT 43 28N 20 10 A 2 o] 56 6% 19 8 bt 2 I 2 37 4 J2 BRI 4R & 5 6 VIR AT [ 18145 % Deep Web
R 2R (1) PageRank ISR, JE 4 BT A4 THT [7) =2 A0 110 20 T 1) 285 T e 5 4 S 1) D) 0 3 S AV T o T TR e 22 1)
X Deep Web YR IR R R4t
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