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Aid6pwon

» Bibliometrics
— citation analysis, impact factor, bibliographic coupling, co-citation, citations
vs links

» Authorities and Hubs (HITS algorithm)
* PageRank

— Personalized PageRank
» Other applications of Link Analysis

— Crawling
— Reverse Engineering
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AvakTtnon MNMAnpogopiwyv ato Tov 1oTo:
MpokANoeIg Kal ATTAITAOEIG

» Gathering techniques
+ Scalable In s efficiently updatable
mprove the discrimination ability

Oa doUpe TEXVIKEG TTOU CUPBGAOUV O€ QuUTO
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Bibliometrics: Citation Analysis

* [oAAG €yypaga repiAapBdavouy BiBAloypagia, dnAadn pveieg
(avagopég) oe 10N dnuoaieupéva dpbpa.

* OeWPWVTAG TIG PVEIEG WG TUVOETPOUG, UTTOPOUE Va DOUUE HIa
ouAAoyR eyypdewy wg évav S1eubuvopuevo ypdgo.

* H dopun autol Tou ypdgou gival aveEdpTNTN TWV TIEPIEXOPEVWVY KAl
aTT6 AUTOV UTTOPOUNE VO EEAYAYOUUE CUPTTEPACUATA VIO TNV
0OU0IOTNTA TWV EVYYPAQWY Kal TN SO TOU XWPOouU.
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Impact Factor (Babuog Emippong)

* Mérpo omroudaidTnTag (TTOIOTNTAG, ETTIOPACNG) TWV ETTIGTNHOVIKWV
TTEPIOBIKWY TTOU TTPOTABNKE a1rd Tov Garfield To 1972.

* MeTtpd 600 ouxvd Ta ApBpa Tou TTEPIOBIKOU ava@EPovTal aTTd
GM\a (peTayevéoTepa) dpBpa
— YTmoAoyigetal kal dnuooieveTal €TNoiwg atd To Institute for Scientific
Information (ISI).

* O BaBuog emippong evdg TepIodikoU J 1o £T0G Y
— gival 0 HEoog apIBUOG Twv avapopwy o€ apBpa dnuoacieupéva oTto J Ta €tn Y-
11 Y-2, amd apbpa dnuoaicupéva o€ GAAa TTepIodikd 1o €10g Y.
— Aev AapBaver utrdywn TNV «TTOIGTNTO» TWV APOPWYV TTOU KEVOUV TIG AVAPOPES
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Bibliographic Coupling (BiBAloypa®ikr} Zguén)

* MéTtpo opo1oTNTAg EYYPAPWY TTOU TTPOTABNKE atTd Tov Kessler 1o
1963

* H BiBAloypagiki Jeugn 2 eyypdowv A kai B 1coUTal pe To TTARB0G
TWV £YYPAQWYV TToU avagépovTal kai atmd 1o A kai amé 1o B.
— To péyebog TnNG Topng Twv BIBAIOYPAPILIV TOUG

» Kavovikotroinon Bdaoel Tou yeyéBoug Twv BiBAIoypagiwyv

|out(A) nout(B) |

|out(A) ~out(B)|
|out(A) wout(B) |
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Co-Citation

* ‘Eva d1apopeTikd HETPO OPOIOTNTAG TTOU TTPOTAONKE OTTO TOV
Small 1o 1973

* H Babuadg co-citation 2 eyypapwv A kai B icouTtal ye 10 TA60¢
TWV EYYPAPWY TTOU ava@Epouv Kal 70 A kai 1o B.

» KavovikoTroinon Bdoel Tou cuvoAikoU aplBuou eyypdeuwy TTou
avagépouv o ArTto B

lin(A) ~in(B) |

N Ve

\ ”\‘ lin(A) ~in(B) |
(»f (&) lin(A)Uin(B) |

CS463 - Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006

Mveieg vs. Zuvdeopol (Citations vs. Links)

O1 guvdeopol Tou IoToU gival KATTWG dIAQOPETIKOI aTTO TIG AVAPOPEG:
— Many links are navigational.
— Many pages with high in-degree are portals (not content

providers).

— Not all links are endorsements.
— Company websites don’t point to their competitors.
— Citations to relevant literature is enforced by peer-review.
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O INpdyog Tou loTou

Oewpoupe Tov 1016 wg évav dieubuvopevo ypago G=(V,E)
* Alaypd@oupe Toug KUKAIKOUG ouvdéopoug (auToouvdéapoug self-
hyperlinks)

* O1 ToAAaTTAOI oUvdeapol (atrd pia oeAida p O€ PIa q) KATATTITITOUV
ae évav ouvdeapo (p,q) in E
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Authorities (AuBevrTieg)

» Authorities are pages that are recognized as providing significant,
trustworthy, and useful information on a topic.

» A simple measure of authority could be |in(p)|

» However in-degree treats all links as equal (6TTwg aTov Babuod
ETTIPPONAG).

+ Should links from pages that are themselves authoritative count
more?
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Hubs (KouBIkd Znueia)

* Hubs are index pages that provide lots of useful links to relevant
content pages (topic authorities).

* Mapadeiypata Hub pages yia avaktnon TTAnpo@opIwv:
— http://trec.nist.gov/
— http://www-a2k.is.tokushima-u.ac.jp/member/kita/NLP/IR.html

» A simple measure for identifying hubs could be |out(p)|
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HITS (Hyperlink-Induced Topic Search)

* AAyOpIBuog TTou TrpoTdBnke amod Tov Kleinberg To 1998.

» MpooTtaBei va diakpivel authorities kal hubs yia éva ouykekpiyévo
Bépa (topic), avaAuovtag To oXeTIKO UTTOYPA®O Tou loToU.

* BaoiCetan aTig €€NG (apoiBaiwg opigdueves kai avadpopikég) TIPOTACEIG:
— Hubs point to lots of authorities.
— Authorities are pointed to by lots of hubs.

Hubs Authorities

Hubs and Authorities tend to form a bipartite graph

— (nodes can be partitioned into 2 groups such that there
are no links between the nodes of the same group):
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O AAy6pIBpog HITS

» EvromiCel Ta hubs kai Ta authorities yia éva guykekpiyévo Bépa
(topic) TTou TTpoodiopileTal aTTd Yia ETEPWTNON q

» Kar apydg mpoodiopideTal To OUVOAO S TwV OXETIKWYV OEAIdWYV PE
TO g Kal auTté ovouddetal Baon (base set)

* KatoTriv, avaAuel Tn doun Twv CUVOETUWY OTOV UTTOYPA®O TOU
10TOU TTou opiletal atd 10 S, Kai diakpivel hubs kai authorities.
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Kataokeur Tou Ytoypdgou Bdong
(Base Subgraph)

» For a specific query Q, let the set of documents returned by a
standard search engine be called the root set R (i.e. R=Ans(Q)).

* Initialize Sto R.
» Add to S all pages pointed to by any page in R.
+ Add to S all pages that point to any page in R.

R =ans(Q)
S :=Ru(ufout(p)| p e R} (U{in(p)| p e R})
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MepiopiCovtag 10 péyeBog TG Bdong

» To limit computational expense:
— Limit number of root pages to the top 200 pages retrieved for the query.
— Limit number of “back-pointer” pages to a random set of at most 50 pages
returned by a “reverse link” query.
» To eliminate purely navigational links:
— Eliminate links between two pages on the same host.
» To eliminate “non-authority-conveying” links:
— Allow only m (m =4-8) pages from a given host as pointers to any individual
page.
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Authorities and In-Degree

» Even within the base set S for a given query, the nodes with highest
in-degree are not necessarily authorities (may just be generally
popular pages like Yahoo or Amazon).

» True authority pages are pointed to by a number of hubs (i.e. pages
that point to lots of authorities).
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HITS: ETravaAnTrTikdg aAyopifuog

* Use an iterative algorithm to slowly converge on a mutually
reinforcing set of hubs and authorities.

» Maintain for each page p € S:

— Authority score: a(p) (vector a)

— Hub score: h(p) (vector h)
* Initialize all a(p)=h(p) = 1
* Maintain normalized scores:

Sa(p)? =1 S h(p)? =1

peS peS
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HITS: Kavéveg Evnuépwong (Update Rules)

» Authorities are pointed to by lots of good hubs:

a(p)= 2h(a)

gein(p)

» Hubs point to lots of good authorities:

h(p)= 2 a(q)

geout(p)
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Mapdadeypa Kavovwy Evnuépwong

a(d) =h(1) + h(2) + h(3)

VY

& @

h(4) = a(5) + a(6) + a(7) o
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HITS: EtravaAnTrtikdég AAyOpIBuog

Initialize for all p € S: a(p)=h(p) = 1
Fori=1tok:
Forallp e S: (update auth. scores)
a(p)=2.h(a)
gein(p)
Forallp e S: (update hub scores)
h(p)= 2a(q)
geout(p)
Forallp € S: )
a(p)=a(o)lc c=Ya( p)2 (normalize a)
Forallp e S: pes 5
A= @ O= >h(p) (normalize h)
pes
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HITS: ZuykAion

* Mg drreipeg emavaAfyelg o alydpiBuog ouykAivel og éva oTabepd
onueio (fix-point).

» Define A to be the adjacency matrix for the subgraph defined by S.
- Aj=1fories,jeSiffivj

- Authority vector, a, converges to the principal eigenvector of ATA

» Hub vector, h, converges to the principal eigenvector of AAT

e XNV TPAgn, 20 eavaAfwelg ouvnBwg eTTapkouyv.
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HITS: AmroteAéopaTta

« Authorities for query: “Java”
— java.sun.com
— comp.lang.java FAQ

< Authorities for query “search engine”
— Yahoo.com
— Excite.com
— Lycos.com
— Altavista.com

« Authorities for query “Gates”
— Microsoft.com
— roadahead.com

* XxOAIa
— In most cases, the final authorities were not in the initial root set generated
using Altavista.
— Authorities were brought in from linked and reverse-linked pages and then
HITS computed their high authority score.
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EUpeon mapduoiwv ogeAidwyv aglotroiwvtag 1n doun
OUVOEOUWV

» Given a page p, let R (the root set) be k (e.g. 200) pages that point
top (=R=in(p))

* Grow a base set S from R.

* RunHITSon S.

» Return the best authorities in S as the best similar-pages for p.
— BuunBeite To co-citation
» Finds authorities in the “link neighbor-hood” of p.

ATtroteAéopata yia “honda.com”
« toyota.com
« ford.com
* bmwusa.com
« saturncars.com
« nissanmotors.com
« audi.com

« volvocars.com
CS463 - Information Retrieval Systems
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PageRank

PageRank: H apxikr €kdoon

* Mia dIaQOPETIKA TEXVIKA aVAAUONG CUVOECUWY TTOU
xpnoiyotroigital amd 1o Google (Brin & Page, 1998).

» Aegv k@vel didkpion PETAEU auBeVTIWY Kal KOPBIKWY CNuEiwv
» Alatdooel TIg oeAideg Baael kUpoug (authority).

* E@apudletal og OAeG TIG OeAiBEG TOU 10TOU (BeV TTEPIOPIETAI GTN
YeITovid Twv ogAidwV TNG aTTAVTNONG PIAG ETTEPWTNONG)

Google

CS463 - Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006 5

» Just measuring in-degree (citation count) doesn’t account for the

authority of the source of a link.

« Initial page rank equation for page p:

R(q)
R(p) = _ ™M)
(M=c 2 lou()]

« A page g, “gives” an equal fraction of its authority to all the pages it points to (e.g. p).
« cis a normalizing constant set so that the rank of all pages always sums to 1.
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PageRank: H apxikA €kdoon (ll)

PageRank: O Apxik6G AAyOpIBuog

» Can view it as a process of PageRank “flowing” from pages to the
pages they cite.

* lterate rank-flowing process until convergence:

Let S be the total set of pages.
Initialize VpeS: R(p) = 1/|S|
Until ranks do not change (much) (convergence)

\ 1 0 08 _L— For each peS:
=T AT o 5 R
— = (M= %
0 qein(p)lout(a) |
{09 _1 08 //
N *03\’ = For each peS: R(p) = R'(p)/c (normalize)
/ L —~ .03 \ _ R’
c= 2 R'(p)
03 _}— pes
—
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Sample Stable Fixpoint Mapdadeiyua ETTavaAnpewy
0.2
0.4 0.2
_ /
.2
\ 0.2
0.4 0.4
N_
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Random Surfer Model
(MovTéAo Tuxaiou Mepinyntn)

* PageRank can be seen as modeling a “random surfer” that
— starts on a random page and then at each point:
— randomly follows a link on the current page.

* R(p) models the probability that this random surfer will be on
page p at any given time.

O1 aduvapieg TG apxIKNG ékdoong:
Rank Sinks and Rank Leaks

» Rank sink: any strongly connected set
links point outwards
— problem: nodes not in the sink receive 0 rank
+ arandom surfer would enclave for ever within the sink

k pages from which no

* Rank leak: any individual page with no outgoing link
— any rank reaching a rank leak is lost forever
« will cause all the ranks to eventually converge to 0

* Rank leak is a special case of Rank sink (for k=1)
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Rank Leak: MNMapdadeiyua Tpo1r0I AVTIHETWTTIONG
a b c * Leak nodes:
001: 82 001: — AmaAoipr 6Awv Twv leak nodes (those with out-degree 0)
000;2 812 0%;2 — YT68¢eon 61 kdBe  leak node éxel évav oUVSEGHO TIPOG KABE GAAN CeNida
0075  0.075 0075 e Sj
e.o s Sink nodes
00375  0.0375  0.0375 _ « -
001875  0.0375 0.01875 .... “teleporting
0.01875 0.01875 0.01875
0.009375 0.01875 0.009375
0.009375 0.009375 0.009375
0.004688 0.009375 0.004688 R(q)
0.004688 0.004688 0.004688 — _ A7
0.002344  0.004688 0.002344 R( p) =C Z | out(q) | + E( p)
0002344 0.002344 0.002344 P
0.001172 0.002344 0.001172 qeln( p)
0.001172 0.001172 0.001172
0.000586 0.001172 0.000586
0.000586 0.000586 0.000586
0.000293 0.000586 0.000293
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AvaBswpwvTag To MovtéAou Tou Tuyaiou Mepinyntd O aAyopiBuog PageRank
|+ PageRank can be seen as modeling a “random surfer” that
9 9 ) Let S be the total set of pages.
— starts on a random page and then at each point:
— with probability E(p) randomly jumps to page p. Let vpeS: (for some O<a<1, e.g. 0.15)
— otherwise, randomly follows a link on the current page. Initialize YpeSTR(p) = 1/|S|
Until ranks do not change (much) (convergence)
* R(p) models the_ prob_ablllty that this random surfer will be on For each peS:
page p at any given time. R(q)
4 —
RP)= 3 oy €D
I “E jumps” are needed to prevent the random surfer from getting gein(p) q
“trapped” in web sinks with no outgoing links.
For each peS: R(p) = R*(p)/c (normalize)
r
c= 2 R'(p)
peS
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PageRank: Alotutrwon pe Mpaupiky AAyepRpa

0100
O—E_p—0
Adjacency matrix M M= 0101
0000O
Transition matrix T 00 0 O
0 if(q,p)eM 101/2 0
T(p.a) :{ . T=
1/]out(q)| if(q,p)eM 01 0 O
0 01/2 0

* The PageRank score R(p) of a page is defined as

R(q) 1
R(p)=a- M) L q_a
=2 2 o "N

» The equivalent matrix equation:

R:a~T-R+(1—a)%1N
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PageRank: Ailatuttwon pe Npaupiky AAyeRpa

1
R=a-T-R+(1-a) 1y O—E) (&—©
[ri] [o 0 0 oO][rt 1
r2 10 1/2 0[|r2 1|1
=a- . +(1-a)=
r3 01 0 0f|r3 41
Lré] 10 0 1/2 0] [r4 1
[rl] 0 1 rl (1-a)/4
2 1+r3/2 1 2 1+r3/2)+(1-a)/4
rz|_ o | +(1—a)£ r :a(r +r3/2)+(1-a)
r3 r2 4(1 r3 ar2+(1-a)/4
Lré] L r3/2 1 r4 ar3/2+(1-a)/4
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O AAy6pIBuog PageRank

function PageRank
Input  T: transition matrix, N: number of pages,

a,: decay factor for PageRank, M,: number of iterations
output R*:PageRank scores

(1)d=1/N*1
(2)R*=d
(3) for i=1 to M, do /l evaluates PageRank scores
R*=a, TR* + (1-a,)d
return R*

/l'initial score for all pages is 1/N
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PageRank: Taxutnta ocUykAiong
(Speed of Convergence)

» Early experiments on Google used 322 million links.

» PageRank algorithm converged (within small tolerance) in about
52 iterations.

» Number of iterations required for convergence is empirically O(log
n) (where n is the number of links).

» Therefore calculation is quite efficient.
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Personalized PageRank

* Mmopoupe va g€atoyikeuooupe / TpokatafdAloupe To PageRank,
TPOTTOTTOIWVTAG KaTGAANAa 10 E
— (WOoTE va unv TePIYPAQEl pia opoidop®n Katavour)

* Ta Tapddeiyua, ue Tov TpOTTO QUTO UTTOPOUNE VA TTEPIOPICOUNE TA
«Tuxaia GAparta» o€ éva OUYKEKPIPEVO GUVOAO ogNidwV

Mapdaderypa:

Av p=www.csd.uoc.gr/~hy463 1é1e E(p)=a aAAitdg E(p)=0

/I euvoEi TIG I0TOOEAIDEG TTOU €ival KOVTG (OTO YPAPO) OTNV IGTOOEAIdQ
/] Tou paBrpaTog
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Simple Title Search with PageRank
(Google Ranking)

Google |

» Use simple Boolean search to search web-page titles and rank the
retrieved pages by their PageRank.

» Sample search for “university”:

— Altavista returned a random set of pages with “university” in the title (seemed
to prefer short URLSs).

— Primitive Google returned the home pages of top universities.
» Complete Google ranking includes (based on university
publications prior to commercialization).
— Vector-space similarity component.
— Keyword proximity component.
— HTML-tag weight component (e.g. title preference).
— PageRank component.
» Details of current commercial ranking functions are trade secrets
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AvdAuon ZuvoEéouwy: ZuuTtrepdouaTa

* H AvdAuon cuvdéopwy agloTroigi Tn dopr Tou ypdgou Tou loTou
TIPOKEIYEVOU va BonBroel TNV avakTnon TTANPOYOopIWY

» Eival iowg n peyaAuTepn kaivoTopia otnv avagnitnon otov lato

* O Baoikod atou Tng emiTuyiag Tou Google.
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AM\eg E@appuoyég Tou PageRank:
Crawling/Spiderin

» Agiotroinon Tou PageRank yia eaTiaon Tng 81doxiong oTig
KONMAVTIKEG OEANIOEGH

TpdTog
* Ymohoyiopog Tou PageRank Bdaoel Twv oeAidwyv TTou €xouv 11dn
OUMeXBEi

* Tagivopnon Twv ogAidwv oTnv oupd Tou crawler Bdoel Tou
ekTIOUpEVou PageRank.
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AvaAuon ZuvoEéopwv: AANEG EQOPUOYEG

* Avayvwpion KOIVOTATWYV (communities)

— 'Exel TapartnpnBei 611 kaBe kovOTNTA XapakTnpifeTal atrd éva gUvoAo
authority kal hub oeAidwv

* Avayvwpion o€Aidwv “spam” (6a mapouaoiactei otV eméuevn SiGAeEn)
— Web-spam page identification

* Karavénon kai Omrrikotroinon peydAwv EvvoioAoyikwv
ZXNUATWY

* Node Reputability in P2P Networks
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SALSA (Stochastic Approach for Link-Structured Analysis)

* O aAyopiBpog SALSA, 6TTwg oupBaivel kal pe Tov HITS, diatdoel
TIG O€NIBEG pIa aTTAVTNONG BACEI TWV UTTEPOUVOECUWY Kal OTnV
di1akpion authority kar hub oeAidwv.

* H diagpopoTroinan Tou amod 1o HITS evromieTal oT1a €§AG :

- KOTOQEPVEI VO AvayVwPIoEl KOl VO aVIXVEUOEI TTEPIOCOTEPEG
oelideg wg authorities, og BepaTikéG opdadeg eyypapwy ATTOU TO
HITS aduvarei.

- Bewpei AiyoTepo aTevA Tn oxéon avaueoa aTig authority kal hub
oelideg
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