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* H page importance, iou avamapiota tnv ‘adla’ piag
oeAloag tou Web, eival mapaywv-KAe10l yia TV
avadntnon oto Web, emre101 ol cuyxpoveg pnxoveg
avadntnong, o epruopog (crawling), To indexing,
Kal n oraBabpion (ranking) ocuvnOng
KaBOoobnyouvTal amo auTi T PETPLKI)

+ Ilpog to mapov, n page importance vrmoAoyidetal pe
xpnon tou link graph tou Web xat autn n
olaoltkaoia Aeyetal link analysis

» Tlapouovaoaype non adyopiOpoug yua link analysis:
tov HITS xav PageRank

Tu. HMMY, [avemomupio Oeccoliog



& Google PageRank
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. ageRank Baoiletal oe pva discrete-time Markov
ora0ikaola 1ave otov Web link graph ywa va
uIIoAoyloel TV page importance, Kai otV ouola
vldomolel evav tuxato mepiaato (random walk) evog

Web surfer nave otoug uniepouvosopoug
(hyperlinks) tou Web

 Ilepropropol tou PageRank

* O link graph, mave otov omoto Baoidetar o PageRank, 6ev
eival adlomotn mnyn oedopevev, emnerdn ta hyperlinks tou
Web pmopouv va mpooteBouv/oiaypa@ouyv ouxXva aIo Toug
ONLOUPYOUC IIEPLEXOUEVOU

* O PageRank povtelomolel amda evav random walk mave
otov link graph, aAAa AEN AapBavel vmownv tou tnv
oraprela Tov ypovou mov fodevel o surfer mave otig Web
oeAl0eg Kata TV otapkela tou random walk

Tu. HMMY, [avemomupio Oeccoliog
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ﬁ - User Browsing Graph

v User Behavior Data User Browsing Graph

Users
...... URLs,
URLs, [User;
------ URL:,
URLe, [*** User;
URL,, |URL4. Timey, Input
URL4, Timey, Click
URLg, Timeg, Click

URLg, Timeg, Input

* Moopouue va fpoupe prva KaOAUTEPN DNy
Ocdouevev avrl tou link graph?

- Xpnon tou user browsing graph, IIou IIPOKUITEL AIIO TA
user behavior data

* Ta 6edopeva oupepupopag Twv Xpnotwv (user behavior
data) pmopouv va Kataypa@ouv aIio Toug browsers Kat
va oUAAeyoUV armo toug web servers

Tu. HMMY, [avemomupio Oeccoliog
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Continuous-time Markov chain

g Thv etbouc alyopiOupuouc npeaelr va XPNOLUOIIOLNOOUNE Yid VO

a&ltomownocoune Tnv vea nnyn oedouevov:

H xpnon piag discrete-time Markov process 0ev eival MAAOV €IOPKIC

Opidoupe ma continuous-time Markov process ®g To JOVTEAO YLd TOV
user browsing graph

YmooOetoupe otL n OvadKkaola elval time-homogenous

H stationary probability distribution tng dvadikaoiag pmopetl va
xpnotpomoln el yia va optooupe tnv importance tov Web pages

Egappoloupe tov adyopiBpo BrowseRank, yia va uitoAoyiooupe
amodoTLKa TNV stationary probability distribution tng continuous-time
Markov process

Kavoupe xpnon evog povtedou mmpooBetirou Oopubou (additive noise)
Yl Va avaIIopaotnooule Tig Iapatnpnoelg oe oxeon pe tnv Markov
process Kal yid va €KTIINC0UE TIC IOPAIETPOUC TIE OLAOLKAOLOG

Yio0etoupe puva embedded Markov chain yia va emtaXUvoulle TOV
uIIoAoylopo tng stationary distribution

Tu. HMMY, [avemomupio Oeccoliog
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User Behavior Data

URL TIME

TYPE

http://aaa.bbb.com/ 2007-04-12, 21:33:05 INPUT
http://aaa.bbb.com/1.htm 2007-04-12, 21:34:11 CLICK
http://cce.ddd.org/index.htm  2007-04-12, 21:34:52 CLICK
http://eee. fit.edu/ 2007-04-12, 21:39:03 INPUT

* Ta user behavior data pmopouv va kataypa@ouv Katl va
avarmapaotabouv pe tpraodeg e popepne <URL, TIME,

TYPE>

« Ar10 ta 6gdopeva, efayoupe petabBaoelg TV XpNnoT®V AIIo
oeA10a 0g 0eA10a Kabmg Kal Tov Xpovo mou {00eU0UV Ol

Xp1oteg otig oeAloeg we akoAoubng:

« Katakeppatiopog tov sessions (Svaomaon pe: time rule & type rule)

* Kataokeurn tov URL pair
- Extipnon tng reset probability
- Elaywyn tou staying time

Tu. HMMY, Iovemiotmo Osccariog



ﬁ E{aywyn Tou staying time

* I'va xaBe {euyoec URL, xpnolpomotoupe tnv ota@opd petaéu
TOU XPOVOU TNg 0eutepng oeAldag Kal auTtou T¢ IIP@TNE
0eA10a¢, WS EXTLII 01 TOU XPOVOU IIAPAIIOVIIC 0TV IPKTH
oeA10d

* I'a tnv teAdeutatla ogAlda Tou session, XPI1OLIOIIOLOULE TO
axoAouBo eupeoTIKO Yia Va KT OOUE TOV XPOVO
IIOPOLOVI]C

« Eav to session Katakeppatiotel pe tov time rule, maipvoupe eva
Toxya 10 ('?) Oelypa amo Tnv Katavoul] TOV XPpOVEV TV
IIOPATPNIEVEV staying time twv 0eALOOV 02 OAeg TIC YYPAPES

- Eav n session katakeppatiotel 1e tov type rule, Xpnoijomolwoupe
TNV 0ra@opd petay Tou XpOovou tng tedeutalag oeAldag 0to session
K01l TOU XPOVOU TN Ipwtng oeAioag tou emmopevou session (INPUT
page)

Tu. HMMY, [avemomupio Oeccoliog



XTLOLH0 evog user browsing graph

KaBe xopBog oto ypapnua avamaprota eva URL ota
user behavior data, xaiv ouoxetiletat pe:

 reset probability, kat

- staying time
¢ peTadeoopeva

KaBe xateuOuvopevn akun avamaplotda pia petabaon
petaéu ouo KopBwv, Kal ouoxetidetal pe tov aplipo tov
petaBaocenv mou armmoteAel to Bapog tng

O user browsing graph eival eva ypagnpa pe Bapn otig
OKJ1EC IIOU 01 KOPBO1 Tou IIepLeXouV petaoedoueva

Tu. HMMY, [avemomupio Oeccoliog
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©  YmnoOéoeig

= . Aveaptnoila Xpnotmv Kal sessions

* Ov 6uadikaoieg browsing 61a@opeTIK@V XPNOTOV 0L
ola@opeTikeg sessions eival aveéaptnreg. Me aAla Aoyia,
Oewpouyie To web browsing wg¢ pia 0ToX0a0TLKL) Ola01Ka0LA, J1e T
ropatnpovpeva dedopeva oe Xabe session tou Kabe xpnotn va
etval eva I.I.D. 6etypa amo autnv tThv 6tadikaoia

+ Iovotnta tou Markov

* H emopevn oeAida mmou emiAeyel va eI0KEQTEL KAIIO10C XPI0TNC
e£aPTATAL POVO AIIO TNV TPEXOUOA oeAlda, Kal elval aveaptntn
aIIo Ti¢ 0eA10eg IIOU EIILOKEPTNKE IIPONYOUPEVRC

« Autn n vioBeon eival emiong Baoiwkn otov PageRank

* Time-homogeneity
* Ovoupnepupopeg browsing towv Xpnotev (I.X., petabaoeig Kat
staying time) 6ev efaptavtal amo tov Xpovo. Ilapolo mou autn
n uvzoOeon Oev eival amapalrtteg aAndng otnv mpadn, tTnv
uloBeToupe yia TeXvikoug Aoyoug
« Avutn n vnoBeon eivar emiong Baowkn otov PageRank

Tu. HMMY, [avemomupio Oeccoliog
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& To continuous-time Markov povtedo
g ‘Eotw evag Web surfer mou mepinyeital oe oAeg tig Webpages
* Eotw ot X, elval n 0eAida Tnv omola emokentetal o surfer tnv Xpovikn
otwypn s, s>0
- Tote, pe tig Tperg umobeoerg, n 6radikacia X = {X,, s > 0} oxnpatidel pia
continuous-time time-homogenous Markov process
* 'Eotw ot p;;(t) etvan i transition probability amo tnv oeAida 1 otnyv j yia
TO XPOVLKO Otaotnua t og autnv tnv ortadlkaola
« Miropel V' amodeixtel 0TL umapxel pua stationary probability distribution

IT, 1] OIIOlO £1Val POVAOlKI] Kal avedaptntn tou t, Kal ouoxetidetal pe tnv
P(t) = [p;(t)]xxn, TETOW GOTE Yia omotovonmote t > 0

1 = nP(t)

« To ith keAl tne xatavoure I elval To KAdGopa tou Xpovou 1ou o surfer
mepva otnv 1t oeAiba mpog tov xpovo mou mepva oe OAeg Tig oeAideg Otav
TO XPOVLIKO O1d0TNd t Telvel 0TO AIELPO0

*  Me autnv tnv AoylK1), 1 Katvaopun II PIopel V' AIoTEAE0el [la PETPLKI)

Trlg page 1mportance Tu. HMMY, [avemomupio Oeccoliog 11



Mnxaviopog

["ta va umoAoytooupe autnyv tnv stationary probability
distribution, xpevadetal va ektipnoouiie tTnv mbavotnta
KaOe KeAloU tou matrix P(t)

2tV Ipadn, etval OUOKOAO va £€XOUPE aUTOV TOV IILVAKA,
er1e101] €lval OUOKOAO Va IIAPOUE TNV AN PO@POPLAC Yl
OAa Ta mBava xpovika oraotnpata

['ia va emAuooupie auto To IpoBAnUa, IIPOTELVETAL £VAC

veog AaoypilOpog mou Baoiletal otov transition rate
matrix

O transition rate matrix opidetal ®¢ 1] TAPAY®YOE TG
P(t) otav t teilvel oto 0, eav umapxeu

Q =P(0)

Amnoxadoupe tov mivaka Q = (q;)nxy 0§ 0 Q-mairix

Tu. HMMY, [avemomupio Oeccoliog 12
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O Q-mivaxag

Otav 0 Xopog KATAaoTAOERV £1Val IEIIEPAOIEVOE, UIIAPXEL Hld £Va-
IIPOC-£Va avTioTolXia petalu tou Q-mivaka kat tou P(t), kal voxuet

Eaitiag autng tng aviiotolxiag, PIIopoulle va XPNOl0IolN0oUle
Vv Q-Process ylia va avamapaotnooulie THv apXlKn continuous-
time Markov process, 6nAaodn, n browsing process X = {X,, s > 0}
II0U OPLOTNKE IIponyoupevag etval pua Q-Process efaivtiag Tou
IIETIEPAOIIEVOU X®WPOU KATAOTACE®DV

Ta mAeovekTnpata Tng Xpnong Tov Q-mivaxka
* Ov mapapetpol tou Q-matrix pmopouv va extipnOouv amo ta 6edopeva
* Baowlopevol otov Q-matrix, umapxel €va amodoTiKOg TPOII0S Yid va
uIIoAoyiooupe TNV stationary probability distribution tou P(t)
H amoralovpevn EMC eitvar pua discrete-time Markov process
II0U £€Xel Iivaka mbavotntev petabacewv pe pndevika oe oAeg Tig
Ocoerg tng draywviou, Kat -q;/qg;; otig O2oelg exTog Tng Hrayeviou

Tu. HMMY, [avemomupio Oeccoliog 13



é To Baowkod Oempnua

TueorEM 1. Suppose X is a Q-process, and Y is the Embedded
Markov Chain derived from its Q-matrix. Let m = (my,...,my) and
= (7...., 7w ) denote the stationary probability distributions of
the process X and Y, then we have

gii
T = - (2)

L~

N Ty
Z =1 E

- H 6wa0wkaotla Y etval pua discrete-time Markov chain, kau

étol ) stationary probability distribution I pmopet va
urroAoylotel aro amleg peboooug, mI.X., Tnv power method

« Katomyv, Oa efnynoovie nog va eKTLPINO00ULE TLE
II0PAETPOUE 0TOV Q-TIlvVaKa, 1] 1000UVad, TIE IAPAIETPOUC
q; Kau Tig transition probabilities -q;/qy; (-q;/q;; > 0, agou
q;;<0)

14
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Extipnon tov q;;

_— SR ma Q-Process, o staying time T, mave otov 1*h k6pBo

KaBopiletal amo pua exponential distribution pe
IIAPAPETPOUG (;::
P(T1>t) = exp(q; t)

* Auto umovoel 0Tl pmopouUe Va EKTLPINCOUHE TA (;; AIT0

peyaloug aplpoug mapatnpnoe®v Tou staying time ota
the user behavior data

* Autn 1 epyaoia 0ev elval aIrAl), £Ie101)] Ol IIAPATN P 0ELS

TV user behavior data ocuvnOwg meprexouv Bopubo
edartiag Tng Taxutntag ouvoeong tou Internet, peyebog
page, 0011 page, Kal AAA®V IAPAUETPRV, ONAAO1], Ol
IIapaTnpouUpeveg TeS OEV LKAVOIIOLoUV TV exponential
distribution

* YmmoBgetoupe 0Tl 11 Z £lval oUuvOUAoROg TOU MPAYHATIKOU

staying time T, xal tou QopuBou U, onAaodn: Z=U+T,

Tu. HMMY, [avemomupio Oeccoliog
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& Extipnon tng Transition Probability otnv EMC
=

* Ov mBavotnteg petabBaong otnv EMC neprypagouv
¢ ‘KaBapeg’ petabBaoerg tou surfer mave otov user

browsing graph

* H extipnon avteov poopel va Baolotel otig
ropatnpnpeveg petabaoelg petadu oeAlomvV ota user
behavior data

« Xpnoiporolwovupe tThv akoAouOn pebooo yra tnv
eKTlUNOoN

Tu. HMMY, [avemomupio Oeccoliog 16
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‘ ? Extipnon tng Transition Probability otnv EMC

We start with the user browsing graph G =< VW, T,0 >. We
then add a pseudo-vertex (the (N + 1)" vertex ) to G, and add two
types of edges: the edges from the last page in each session to the
pseudo-vertex, associated with the click number of the last page as

its weight; and the edges from the pseudo-vertex to the first page
in each session, associated with the reset probability. We denote

the new graph as G =< V.W,T,5 >, where |[V]| = N+ 1, & =<
01y ..., 0,0 > Then we explain the EMC model as the random
walk on this new graph G. Based on the law of large number [19],
the transition probabilities in the EMC are estimated as below,

SN

Lp—1 Wik [8)
{ii o i=N+1,jeV

Wi; . . -
Gii {cr L—+(l-a)o;, i€V, jeV
.-il,

1
Tu. HMMY, Iovemiotmo Osccariog 7
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ﬂ . Extipnon tne Transition Probability otnv EMC

* H dvawoOntikn eppnveta tng pervabaong £xelr wg e€ng:

* 'Otav o surfer mepinyeital mave otov user browsing graph,
propel va akolouBOnoel evav cuvoeopo pe molbavotnta a, 1 va
emAelel va {exivioel arro pua vea oeAtoa pe mbavornta (1-a)

« H emAoyn tng veag oedidag kabopidetal amrod tnv reset
probability
« ITAeovexktnpata tng xpnong the E{tonong (8) yia tnv extipnon
* autn n extipnon oev Oa eival moAopevn AOy® Tou
IIEPLOPLOPEVOU AplOPoU TV IapaTnPNUEVRV JetaBaoenv
* 1 avtiotorxn EMC eival mpwtoyevig, Kal OUVen®g £Xel pa
povaolkn stationary distribution

« Enopevag, pmopoupe va Xpnolpomolnooupe tnv power method
yla va ummodoyiooupe tnv stationary distribution pe amodotiko
TPOIIO

Tu. HMMY, [avemomupio Oeccoliog 18



O aAyopiBpog BrowseRank

Input: the user behavior data.

Output: the page importance score

Algorithm:

[. Construct the user browsing graph (see Section 3.1).

. Estimate g;; for all pages(see Section 3.3.2).

. Estimate the transition probability matrix of the EMC
and then get its stationary probability distribution by
means of power method (see Section 3.3.3).

4. Compute the stationary probability distribution of the

Q-process by using of equation (2).

‘d [

Tu. HMMY, Iovemiotmo Osccariog



Top-20 Websites amo toug 3 aAyopiOpoug

No.

PageRank

TrustRank

BrowseRank

E\DOC-H-JO'\LH-P-‘LL:JN'—‘

11

13
14
15
16
17
18
19
20

adobe.com
passport.com
msn.com
microsoft.com
yahoo.com
google.com
mapquest.com
miibeian.gov.cn
w3.org
godaddy.com
statcounter.com
apple.com
live.com
xbox.com
passport.com
sourceforge.net
amazon.com
paypal.com
aol.com
blogger.com

adobe.com
yahoo.com
google.com
msn.com
microsoft.com
passport.net
ufindus.com
sourceforge.net
myspace.com
wikipedia.org
phpbb.com
yahoo.co.jp
ebay.com
nifty.com
mapquest.com
cafepress.com
apple.com
infoseek.co.jp
miibeian.gov.cn
youtube.com

myspace.com
msn.com
yahoo.com
youtube.com
live.com
facebook.com
google.com
ebay.com
hi5.com
bebo.com
orkut.com
aol.com
friendster.com
craigslist.org
google.co.th
microsoft.com
comcast.net
wikipedia.org
pogo.com
photobucket.com

Tu. HMMY, Iovemiotmo Osccariog
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