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ABSTRACT

In recent years, the World Wide Web has become a social platform where the users
can easily contribute and publish their information, opinions, and creativity. The term
“Web 2.0” was coined in 1999 to describe websites that use technology beyond the static
.pages of earlier websites. The proliferation of the Web 2.0 has led to the explosive growth
of information far beyond a single human mind can consume, leading to the information
abundance problem. '

This research addresses the Web information abundance problem facing by a web
crawler system. The key idea is to apply the web community mining techniques to
improving the performance of the web crawler. We empirically show that the feasibilities

and benefits of exploiting web community mining in language-specific web crawling.

Keywords : web crawling, web community mining, topic modeling
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msasedumanuuauainlugausn Tnefinadnvazfiewie vlgldouainsnaduazuteiiy
fayaldhremety mmunsuaeveanalulafiiu 2.0 mulufruamsalunmsdeudedumes
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Trafeiesmmnnstesnrgramnssy ineeandledgm  information
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ilosanilaym information abundance ﬁﬂﬁﬁmﬁmwmwmﬁagdﬂﬂ’LﬁﬁLLiwuuuwﬁlﬁmmia
aomnavyiuledliufulinanivleififugluednnSwaeanald.  ieudlulgm
AINE um%mlmLaumﬁmimmmawauanmamumma web community mining e
umﬂﬂ’ﬂumiqwmmm@aa&anuﬂswmummamaiﬂitmimamwamas e fiutinideain
amﬂ’u%’whaq"tﬁtaﬁaé’aﬂa%%‘mﬁm%’uL’?Uﬂamﬁﬁiwﬁq %umwmnuma%% 919 Uu Gibson et
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2.1 3UAT9AAIUULIIIZINTEN

L%Uﬂi@ﬂéﬂLLUULﬁ]’]xﬁNﬂﬂM (language specific crawling; Tamura et al, 2007;
Somboonviwat et al. 2006) #e FBmsdwiunnfununuiunafignaisdudenini
AlUMYLR 990050 MueRENNYUYR IUATEARDSMUUIIZN Y (language
specific crawler) (Lot

Arfiend o  LIUATEAADSUUUIANZANIE.  FvuAeeuey URL  Sudu  uax
awutvinng L* wﬁnﬁwaaﬁumaaLaaéu,wLammwnﬁamsﬂsaaﬁmwaﬁgﬂa%qsﬁuﬁwmm
L* waendnideamsnmilnasfumaiignadistiudnsduldunniianvifies Sulyls

wisuAsnvesiuasealaashuuiaIzaInI e ﬁumﬁﬂﬁugmmmmWiuﬁ%ﬂmaa‘IWﬁa
Asoadsduawslpy Chakrabarti et al, 1999 awdl 211 wansvdenlassunsuvesnseaians
WUURIEINY) | wndnndnlunseaniuusruuduaseadeuuuiatzasnie. fe msldmduun
M9 (language classifier) | Wemanmwesiumaiinseawesldamiivanuudy  uaeld
aduiusludintersewinaduimeiiinnsdouse Wusnelumsivunirniduns
AseaveLIuATAlaDs

B Pr{L|u) s large enough

thets eaqueus ol outlinks v ol s f 4

Eh g |

with prioeity Pe(A? ).

: ' peed !
Frontier URLs %M e
Priority queue

’ Pick best

Atrilude DB

t Newly fetched
Sulrit page I TTRARITICNT page u
SRR o
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Vurewyinfe mmmLa‘uwaaﬂaﬁwu‘lmavﬂﬂa’lmﬂﬂamﬁ wSengualangy
ﬂwmmmmmmﬂaLﬂ'mﬂumsuaLiaﬂmiawmmmu nUﬂamuummammmﬁlum Imam
aa’[,usﬂmaqnammwa]Lﬂmﬂwwdﬂmmamwmﬁwaaﬂ,mﬂuamwmLLuu mua’mmqq i
Neatesiuiuneuyldn Y sttt

A1liga o L3N (Web Graph). unswi fe nsluuuiifievne GIV,E) Tag v Ao
wRveslnunveIuma wa E Aelemues ordered pairs (u, v) duiulawedaswmandume u 'l
Faiuma v.

Aflen m uesuydR (Web Community). suslizauuuininvesiumade
0 P={py1, P2y ., P} L"iUﬂauuﬁc’?ﬂy Ao g C=(T,M) Tne T LmuwmaaﬁﬁaG‘fawaaﬂamﬁﬁ ey

MEP Lmuwmammwﬂwm P Fadutasiusade T & pr € M udn iawiSen p 7udu
auwﬂﬁuamamuﬁ C mmm‘uaqﬂaumwﬁ%mmumaamaﬂwm [M].

mu&nu c n'liﬂu‘mL‘mﬂauuummaﬂauuuﬂ‘lum (Web Communlty Dlscovery
and Web Community Mmmg) fmunraidnduveauma P waziunsm G waﬁwumﬂﬂa
Endu p miﬂumnmamummaﬂamumlmmam'saﬂmﬂamum k ﬂamum {Cyyy G 108 G
Ao FunTMees G mﬂivﬂa‘uman*uwauLuamwauammmaamﬂamﬂu uazinisideulace
Tawesasdseninaiumanelufivuudy

Tuthamane i iinseueBmsfuniduneny®®  Sunanninevensiinig

19U Gibson et al, 1998: Kleinberg 1998; Kumar 1999; Flake et al., 2000; Toyoda &

‘Kitsuregawa 2006 sluiﬂsamﬁa‘]’aﬁmarvﬁwm‘swmaaﬂﬂdﬁ%miﬁumL"mﬂamﬁﬁ’ﬁmua‘[ma

Toyoda & Kitsuregawa 2001 'i’lEJa“LaEJmJaQ’JﬁmiﬂumL?Uﬂauuum‘um Toyoda & Kitsuregawa,
2001 anunsoeSueldfmelul

2.2.1 aanaiﬁmmmmumnmauuﬁﬁﬁaua‘[ﬂa Toyoda & Kitsuregawa, 2001

Toyoda & Kitsurewaga, 2001 191Lauamﬂuﬂmmuaiwnmauuumﬁm (web
community chart) . mmmsmwﬂmmLaUﬂammumLLavmmamwuﬁiumﬂnmamummlmanm
a9nu1 wallansnanliluirnuAauIan related page algorithm mLﬂuaaﬂaiﬁmﬂﬂummum
mufgrfestuvesiumalumaiifivun Tnefindnnsionsnsiaaey derivation relationship
sgyhedume Feaunsaesuneleetelud dndume s derives Suma t Tnsenuduiug
related page Uaz FIuwa t derives Buwa s Tnamuduiug related page W& 1519208179
duima's uaz e t lmnuduiusiulu symmetric derivation relationship §aog19uy il
WA | vesfiuluauaa derives uWuna j <> i Tnapuduius related page wavina j ff derives
uung | TenuduRuS related pace FetusINETYIN UL | LAy j fAudunusiuwuy
symmetric derivation relationship ofl¢ Tagduun Fuiwafifinruduiuguuy symmetric
derivation relationship azifuriumaiignilaenduvessuinaiindro

N3dlfing s derives 1w t Tnaauduiug related page widnma t lalld derives 1na
s Tngmuduius related page Fwwngpanudn wa t Lfluﬁmwaﬁgﬂ%‘lﬂaé’uwamaq W
gnfogauy uuwavesiinwauea fAuduius related page fumasgraiunisnisvesity
wiwaegradunenisvesfivagliifianuduius related page fuimwannuwaiaiu lunsaliis
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nanlain Lwa]asmLﬂwNﬂ1swaamwauaaummamwuﬁﬂunmamuummLL‘V\Iusta TR
ammﬂumamwawuLuauaamﬂamﬂuawunmmnmamumawuwauaa AUENWUS
derivation  relationship Fananaunil sggmbanlgluniseanuuusanesSudmsuduniiu
ﬂauuumwmmmaaﬂu (related communities) Aaly
lneagy mﬁsqmﬂamgumazmmauwuﬁ‘swmL%Uﬂamﬁﬁy asansgilecag
nsldANAERUS derivation relationship seviaiuialag fu umadifimuietesty Tne
Liﬂﬁmuﬁummﬁﬁ d']Lﬂuﬂémawa}ﬁ%aﬂmﬁuﬁaammﬁ’uﬁ’uﬁ‘uw symmetric derivation'
relationship ety LLavﬂamuumamﬂamu“Im avauwuﬁﬂuﬂmaLmaam%ﬂwamamum
Wil derives mJLwaauwmaqﬂauuumaﬂﬂamuwm
NUUIANUAAARINET Toyoda & Kitsuregawa, 2001 Iauesanassud mduas
L’?Uﬂau;ﬁé}m%ﬂ (web community chart construction algorithrh) %ﬂﬁﬂﬂliﬂﬁ%nﬂﬂiﬁﬁﬁﬁa‘lﬂﬁ
Avun wavesiumaSusi (seed set) wumaumiamL'mﬂauzuuwmm a11%0
sSueldselud
(1) vereaEudy
dosnuuavesenuesiumadudu vie seed set Svumdniiuludwiums
afin symmetric relationship - FtusSsiniufomwsewnduduiey Tagld
9ana3su related page ﬁ’uL'?ULwaLm'axLWfﬂﬁagﬂuL%m‘%mﬁu wazidan top N
authorities flfnuadnsusaznadng il uaudnvesenGudy dusy
Jane35u related page @1115087989k8970 Toyoda & Kitsuregawa, 2001.
(2) @519 authority derivation graph
Authority derivation graph (ADG) fla nswiuuuiifiemsdoansanudisiug
derviation relationships sewinanalulgmEudu usay node Tu ADG A waly
Lsdm’%'mﬁuﬁlﬁmmmaLLé’u‘Iﬂaﬁ%‘ms’Lu%@ (1) wazusiay directed edee Tu ADG -
ntuun s lusslvum t Tdwnumuduius s derives t Tng ¢ eglu top N
authorizes (N=10) veaawsaléan related page algorlthm Companion-.
(3) @fm symmetric derivation graph
Symmetric derivation graph (SDG) Aenswuuuiifienie Fwuansantudusiug
mutual derivation relationship - sewdrsimalulniGuduignuensuds Tuusly
SDG Aeluunlu ADG wagdng s uwagina t Tu ADG Snsdeudediuuayiuudy
92l directed edge 2nvun s lUSslvun t Tu SDG
(4) 32y web communities
Tudupeutisneshnisseydunenyidnasml S0 dlude (3) Taemsuds
58 node triangle AutuReuRsAelyL
1. seyihuvievesaswdsuveslualy SDG Maumasundiu community core
2. iulsuaynlmuniignasilagmniioglu community core
3. N0 2 15198l web community partition il partition Tau partition
FNEII00N1N SDG
4. vie 1-3 mlsundiwaveslvunves SDG axiduiening
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mmsﬂamk’ﬂlmaLimﬂmsummﬂamummwléﬂwa (4) mﬂuu edges ivmw
ﬂaumummmsmvuléﬂﬂEJ’Lwanamﬂ ADG fatiite 15nauiiu dlrected edge i
Ay w mﬂﬂamgum c 1‘1.]8&?10&1.!”1461 d <> c fisieudle  directed
edge w Tu ADG anivuslupeuylf c Tudslvunlurenyil d n1wd 2.2 uans
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Tulasenist mﬂsﬂﬂLauammmaawuﬂLwaumﬂfé’ﬂumiaﬂﬂmﬂ‘ts}mvm'mLUuLua
LﬂEJ'Jﬂﬂ‘tAL‘UﬁﬂW’]‘U@QL’JUﬂanaJuﬂ aosreil e topical similarity with topics in web
directory uag language homogeneity

AtEIN & mmﬂmaﬂaanumumamw (Toplcal similarity). A1%uAlA C=(T,M)
L‘T;Juﬁummgummmnumma T Seandnves C Usznoudoumaluwn M = {my, my, . mo)
wagfvuala TD = {sy, sy, ..., S} +8U topic directory ﬁﬁﬂivnaulﬂﬁ'swmwmmq WU p
WIANY Uagusagmanavy s, j=1..p awuauwmﬂuwmammwa Ug = {Ugs, Uz - Ugjgh 490
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Tuffl M| Fednuzssiumaanlnluneuydn (MOUy Aedruvessmndnluwni
IFnnsBumesidnduiuseninugm M uazien Uy wag 0 <TS(Csj)<1

ffeny v anududaeatuludanie (Language Homogeneity). finusli

C=(T,M) Wudureuydfideatuiade T fwewndnues C Ussneusaefumaluen M = {my, m,,
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Fulngldnm | udh Awes language homogeneity (LH) wamammué’ C Wguiume | @130
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3.2 mdailglummaass
aendildlulasensi Ae Thai web datasets deadasly Somboonviwat, 2008.

Tneld BFS crawler uag language specific crawler an319% 3.1 a;ﬂﬂmamﬂ’ﬁfv’ﬁumm U8 Thai
web datasets dwiusieaziBendeg Nenfuduneunisadedundueed awnsagadaldenn

Somboonviwat, 2008

A5 3.1 AauanTAvas Thai web datasets

Dataset 200705 200706 200707 200708 200804
Crawling Language Language Language Language BFS
method Specific Specific Spedific Specific
Number of 1,188,217 2,063,858 2,451,383 2,295,208 68,839,605
HTML pages | .
Thai 502,909 420,074 635,450 602,528 3,633,975
Language
HTML pages
Ratio of Thai 0.42 0.20 0.25 0.26 0.05
pages
Number of 45,443 - 6,199 6,781 4,977 265,476
communities
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m‘l,ﬂ”ﬁﬂmiaﬁ'ﬂL"?Uﬂamﬁﬁ"mﬂ Thai web datasets (§1583%d0 3.2) Tnelédanesiy
dusuaie web commumty chart luwama 22\ mmwﬂamummsmwlﬂ WINITIRTUIAYDY
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mmLsmaaﬂﬂaa\mUﬂgmiﬂszmaLLw power-law distribution %mﬂmmanwm"mmﬂmamq
wilafinulaludunsiu Imaﬂamuummwumu’twmvLﬂuﬂaumummmaﬂmﬂi ¥NOUMEELNTINT0Y
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4.2 ﬂfmuﬂm&maanﬂumm‘uaLLa::mwvfluLual,mnnu"luwaan‘uaaL'J‘Uﬂauuum

msneaadlumdorn finguszasdliteTnd1ves topical similarity Iﬂam%ma‘umm
ﬂé"waﬂﬁmuluLﬁvammaizmwnmauguwaﬂﬂlﬂmﬂ Thai web datasets fuiiuladnvasvas
http://www.truehits.net/ Tnaisldvhnsanilwaadiuladnnessendin %ﬁﬂiuﬂaﬂﬂﬁw ﬁaﬁ
91194 10,000 Al mﬂﬂwmwuasﬂu 19 mnavg 1519173 sample L’mﬂamummmmwm
LLﬁuﬂ’W’JﬂJW’]ﬂ‘] TS Iﬂsﬂfuaumsw 1 Tuuwdt 3 Naawwlm%‘lwmmw Aumauyila x Faralsruiule
waiwmaﬁwummﬁuw manual uuummﬂmmamu‘lummmammn Aoogfisedudn TS
Wi 0.9 '

Tudhureseuuiodsmiludanm (language homogeneity) 151WUIABLY ﬁ?‘iy
mﬂoﬂ,mmnmmmwawwumma language specific crawling azumwmﬂumammnﬂm
mquamwnmamguwaiwwumms breadth-first crawling

devharudlafentugndnunsvedoysluwasnduaalinnty  ildvims
nneouiieTnAwes LHey, Inglunsveaesiisuagnues URL maluﬂaugﬁ?ﬁwiamamyﬁﬁ
sanifusesdu (two disjoint sets) dauusn WWuwaves URL veaiuwaiinseataslaninilvan
wFevfesudy svuntoiliu C. dwuitdes Wuwmwes URL wsaiumediaseameddsllldnms]
an fusdodu C, NNl MASAINAAT LHyy 908 Co uag C, mamt&iaxﬂauuﬁﬁ lay
WARANTIN \fiam correlation sEwiteAnves LHs U89 C. Wag C, waé’wéﬂmmimamﬁmmagj
Tunwdl 4.2 uaeans1edl 4.1 v

1Nl 4.2 waemaedl 4.1 inaunsaasuidudedunaliwerelud

° L’?UﬂaugﬁéﬁghaﬁmaanmmﬂméhLsmﬁa%ﬁﬂﬂai‘ff language  specific
crawler Q"ﬁmﬂmﬂmﬁaLﬁmﬁ’u’luv‘?jmmﬂﬁm Favneard laneuage
specific crawler flauausalunssIunuiumaLuuiaIzanIwignd
HBunsoaiaasuuuihlunde BFS crawler

® Tanuduius correlation ﬁzgﬁsm'm ANVOY LHype 189 Co thaz C, lulmay
ﬂaugﬁ&?‘? Tasiawizee138e 1unsaiﬁm’1éf’1Lsmgna§w‘ﬁuﬁw language specific
crawler lnaisenusoaguiludedanald feiide &1A1wee LHy, vee C. T
geudasfanuiululfunniirnues LHy, ves €, Aazdlengesae

®  PINVIFUNAY AU Lsﬂﬁ"’qawﬁgmdw a1 C, maw‘imamgﬁﬁﬁﬁm LHpag
it 05 aunsadlldvaefinysednsamees  language  specific

crawler 19
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000
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Purity of crawled portion [ Purity(C )]

o 200804 (BF5)

sy JOOTOB(LS-Serv)

e J00T07(LS-Se0)

s J00T05L5-S2)
ol 00708 15-Poge)

NN 4.2 correlation U89 LHyy A8 Co AU LHipe AlsR10 C,

i = Al < 2
A13191 4.1 HanN1LATIEN d3U Cy VANLIUADUYU

v o
acal

A7 LHy > 0.5

Dataset

200705

200706

200707

200708

200804

Crawling
method

Language
Specific

Language
Specific

Language
Specific

Language
Specific

BFS

Number of
uncrawled

pages

155

233

201

170

439

Number of
. qncrawled
thai pages

. 126

194

183

164

165

Ratio of
thai pages
in the

uncrawled

portion

0.81

0.83

091

0.96

0.38
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4.3 miﬂszansﬂwmﬂauuuﬁluuﬂumsﬁsaaL'auuwmvmmm

Tuhteiisnes zaduuwIANAAluNSUsEYNAldivAda  language homogeneity
analysis LW@LWNUS“?VISJWW‘U@G language specific crawler LLmﬂmwaﬂmaﬂmawmsmmm
mwwamuwamaaLaasaﬂulmm’nﬁwam‘lumﬂamuuwm lnglden language homogeneity
‘uaamJwamaaLaaimfau“lwammumwaa‘lunmawumuu

mﬂwamﬂmswmwﬂauuumﬂmﬂanhﬂum‘uaﬂawm LSINU ’Luvmﬂamuﬁ’lm
mnmwwmaaLaasmau“[waﬂmLmeu’lmeUummlm udraziluunlifugedl URL Tuduves
nmamummiaaLaasmlulmmaﬂwamv%’lﬂmnmwwmmmaqmmmlma aEusadna
msieszisananlulfifis URL Tuenidudu (seed URL set) vesiunseaiaedly nenisidiy
uncrawled URLs ﬁlﬁmﬂfmﬂamgﬁéﬁﬁm language homogeneity gan11 0.5 WhluluenSusy
99 language specific crawler

Weuandiiurnudululiveanudediedy  SildimsAnndssanveaiu
Lwaﬁaa”lu uncrawled portions %aaﬁmauuﬁﬁﬁﬁﬁw language-homogeneity (LHy,,) 110N
0.5 uansnaaesfilduandlunind 4.3 Imsmwmﬂamt,amwﬁmu,unﬂiwmmamuwwaaa‘lu
uncrawled portions %wwmulmmw 90% wo9 URL T uncrawled portion LﬂuL’JULWR]VlaJﬂT]iJ
Aerestuniwilng uenaind 5dmudn fBumesiwatannludi uncrawled portion ign
ammumammmwsummﬁlu‘l%nwﬂwwmﬂunumwmuammmmmmnwﬂsumﬂlw waawa
fanan ki mshuuasssnanlvimnndnfumaluladves language specific crawler 'v1
flog ahliinseataesannsavvinffusisan v liffidontufonwilng waydouiy
emwinsUsemawifinuioteduiiuiemiulseinelne dennsiannseainseaiaes
Aflanvannsowuild sfwaunsahseuunseataeisinanlvldlunsaivendleiuiana
16 (national web archive) lagiiuonslaifenanazausailuldusslevildvaems ofivu
TiefununuuseiRmansiiulng Waemsanuludedauemand amwedns wasausssy

< v

WUAU

BFS crawl Language specific crawl
“th'
%
Thai-related: ;
outside " th' putside " th'
" : Thaierelated:
Rl e i ou:s;de?.t;u'

&%

outside "t
38%

~_non-Thai
7% 10%

Al 4.3 Ussvweaduimanmeludin uncrawled portion Y84 3UABNYRATIIAT LHyy 1 0.5
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Tuundt 5 4 wzagUredildnmsidelulasinisi surdidalaueuusifentunini
wadsilaanemAdeluliuselewd sudaavonumsdumsifusresenlueuinn

5.1 dgunanside
Tasamsdel]  I8vhnsdnwifatumseseaiuuuuianzasnium Inglandidevdn
voslasamst] ﬂam3quﬂssﬁmmw’[,umﬁwsfmmJLwamLﬂswmﬂummwﬂmmmaqmi oy
UssAvBnnlufid  vunefennsfiiurseaians a'mmnmau“lwammwammmmmﬂummw’ﬂﬂu
Fosmsldidudnuuaniu LLasﬁumsmmnumwmmau“[wamLfml,wwlzumm%amummmjﬂﬁ
osnsiifuiuiesas | |
Fdulasemsided  iadlefnmnisszandlimaluladiiveeuy ooy
UsvdvBnmueauaseaiae suuuinizas e e language specific crawler Tneifieliussg
faquszasAsnan inldvihmsinyiidoiiianautiym feelull de
(1) aududederfuresayivesiumalunouydi
LjﬂwmfwL"imwa’tuﬂamgﬁﬁﬁlﬁmﬂmﬁﬂL%mﬁgﬂﬂ%ﬁq%ﬂmﬂ% language specific
crawler %ﬁmmn‘ﬂuﬁaLﬁmﬁwanmmwaqL%ULW’qﬁqq
(2) mumduiudsewiteuinvadudiniwveaiumdlureuyiifiaseaaes
avanswdatuiinseaiaedélaildnniivan - 1
Ui SdumadiuieseamosaniinannudlunonySinds danlug)y
unaiiidomdunreilue wdhdunduiinseamesicldardlvian flaedl
wltugeisndudumiidousisnsilne viefidomifendesiudulne
3 eudilulilunshenuduiuslufeassduiu IUflunsifussavsam
"Ua\‘iﬂiaal,aafl,wuLmsmm‘m (language specific crawler)

LAY N LA S HARINANITNAABITIT LTI MsiuUsEANS NS
T Iumaves language specific crawler @unsavhle InemsAuniiu

adyd'd I :‘l’ = Qs a P o a sa I =3 q:gll
mouylanfiemuduiiloflerfuludeniw g wagihdanegluliuneuyn

sanan  Paseameidaluldndluan  wieddlwmeny  TUdudnTugnSuay
YDIATORADS
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5.2 Yolauniyy
YonnRan1TIsefle seagliludade 5.1 Afewud mATelulasnisi Soiilf
AnAnui s Sesalud

(1) Mmsasealiu
vanmsihauresiuaseaiass udheglifienududounnn ualumsufjinass
ﬂuwuﬂmmm\m Hludanada wedludednuuinuy Wy nsmsealagld
iedotnefiduvesdiusa srndusesdidiefldauduy warluruedoatusns
Fduseddningnsinteindliduaiign

(2) MRS IUNG
NIYUEM VAU language classifier 15714 API ‘ZJ’eNL’JUUi'T]L‘U@i
Mozilla warsndudesdinisveanuiie train language classifier 'i’J@.Wl\‘iGlE]\‘iaJﬂ'ﬁ
preprocess Gumaneuflazteuliiy language  classifier msuuwaawami
vineaglad

8

drnsunumemideluewian enunsoaguladad

(1) msfanumadanouylilddinslivicdeyaeatunisdeuderusswing
duma uardeyafifudemimvesfuing

(2) msimuiurseaineifiiaranunsolunisvhrouy Bl

(3) myasreiveslainiwive Wesossunidseduduluis
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ABSTRACT

This paper proposes a novel metric for web community analysis,
called language homogeneity. The language homogeneity of a
community measures the ratio of web pages in a specific language
within the community. This simple web community analysis can
provide additional insights on the characteristics of web
communities. We analyze web communities extracted from large
Thai web datasets in the following aspects: (1) community size
" distribution, (2) similarity with a web directory, and (3) Thai
langnage homogeneity. Interestingly, we found that most Thai

web communities are linguistically homogeneous. Web pages’

inside the same community tend to be written in the same
language. Based on these analysis results, we argue that the
linguistic homogeneity of web communities can be used to
enhance language specific crawling. Towards this end, we point
out current limitations of a language specific crawler and suggest
possible ways for exploiting communities’ language homogeneity
to improve the performance of language specific crawling.

Categories and Subject Descriptors

H.3.4 [Information Storage and Retrieval]: Systems and
Software -~ information  networks. H.2.8 [Database
Management]: Database Applications — data mining.

General Terms
Measurement, Experimentation.

Keywords
web community mining and analysis, langnage homogeneity,
language specific web crawling.

1. INTRODUCTION

The explosive growth of the World Wide Web has led to the
excessive abundance of information. Many techniques have been
developed to cope with this information explosion phenomenon.
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In the early day of the Web, a web directory was devise as a tool
to facilitate information search on the Web. Because a web
directory based approach relies on human efforts to manually
develop hierarchical listings of hyperlinks to web pages on a wide
range of general topics. For this reason, the web directories might
not be able to (1) provide the most up-to-date information on
some topics, (2) detect emerging topics, and (3) provide
information about very specialized topics.

To cope with these limitations, Kumar et al. [6] proposed a
method to automatically extract implicit web communities from a
large web crawl dataset. A web community is a set of web pages
with coherence content and dense link structure. Implicit web
communities provide invaluable, reliable, timely, and up-to-date
topic specific information resources for users interested in them.
Furthermore, a set of extracted web communities can be used as a
key building block in other web applications and value added
services such as focused crawling, web portals, related-pages
search, web spamming detection, web recommendation, and web

. personalization. .

This paper investigates the possibility of applying web community
analysis to langnage specific crawling. Specifically, we propose a
novel metric for web community analysis, called language
homogeneity. Langnage homogeneity of a community measures
the ratio of web pages in a. specific language within the
community. As will be shown later, this simple web community
analysis can provide additional insights on the characteristics of
web communities. We analyzed web communities extracted from
large Thai web datasets in the following aspects: (1) community
size distribution, (2) similarity with a web directory, and (3) Thai
language homogeneity. Interestingly, we found that most Thai
web communities are linguistically homogeneous. Web pages
inside the same community tend to be written in the same
language. ‘Based on these analysis results, we argue that the
linguistic homogeneity of web communities can be used to
enhance the performance of a language specific crawler. Towards
this end, we point out current limitations of a language specific
crawler and suggest possible ways for exploiting communities’
language homogeneity to improve the performance of language
specific crawling.

The paper is organized as follows. Section 2 describes the basic
concepts of web community and langnage specific crawling.
Section 3 presents our Thai web community analysis. Section 4
discusses the application of language homogeneity analysis to
improving crawler’s performance. Section 5 reviews related work.
Section 6 concludes the paper.



2. BACKGROUND
2.1 Web Community

A web community is a set of web pages created by individuals or
organizations with common interest on a specific topic. The web
community usually manifests itself as a densely connected set of
web pages with coherent topical content. Formally, the web
community and the web community discovery task can be defined
as follows.

Definition 1 (Webgraph) A webgraph is a directed graph G(V,E)
where V' is a set of vertices (or nodes) corresponding to web
pages, and £ is a set of ordered pairs (u, v) corresponding to
hyperlinks from page u to page v.

Definition 2 (Web Community) Given a finite set of P = {p,, P2
... Pn} of web pages, a community is a pair C=(T, M), where T is
the community topic and M < P is the set of all pages in P that
shares the topic 7' If p; € M, then p; is said to be a member of the
community C.

Definition 3 (Web Community Discovery) Given a collection of
web pages P and a web graph G induced from P, the Web
Community Discovery task is to extract k web communities {C; ,
.., G}, such that each C; is a subgraph in G with dense
connections and coherent content.

There have been several web community discovery methods
proposed in recent years (e.g. [4,5,6,3,10]). These methods
identify a community based on its link structure characteristics
such as bipartite or densely connected subgraphs. In this paper, we
extracted Thai web communities from our datasets using the
method proposed in [10].

2.2 Language Specific Crawling

Language specific crawling ([7,9]) is a method for selectively
harvesting web pages written in a specific language. The task of a
language specific crawler can be defined as follows.

Definition 4 (Language Specific Crawling) Given a set of start
seed URLs and a target language L, crawl regions of the Web
pertaining to the language L, avoid downloading of pages written
in languages other than £ "as much as possible.

The framework for a language specific crawler is based on the
framework of focused crawling proposed by Chakrabarti et al. in
[2]. A block diagram of a language specific crawler is shown in
Figure 1. The key idea is to use a language classifier to guess the
language of a downloaded web page, and use the linguistic
relationships between connected web pages to guide the crawler.
The datasets used in this paper were constructed using a language
specific crawler as proposed in [7,9].

3. WEB COMMUNITY ANALYSIS

In this section, we present our web community analysis conducted
on Thai web datasets and report the results. First, in Section 3.1,
we will define our concept of language homogeneity of a web
community and other related measures. Then, the Thai data sets
are presented in Section 3.2. Finally, we report our web
community analysis results in Section 3.3.

3.1 Method

Our experiments measure two important properties of web
communities: fopical similarity with topics in a web directory
(e.g. Yahoo!), and language homogeneity.

1 Pe(L¥u) is darge enorgh
then enquese all outlinks vaf v

with priority Pr{i*ju}
Send UL
Frontier URLs :
Priority gueue
Pick best
Newly fetched
Subanit page 157 page v

Figure 1. Block diagram of a language specific crawler.

Definition 5 (Topical Similarity) Let C=(7, M) be a web
community on topic 7, whose members consist of web pages in
set M={m;, ms, ..., m,}. Further, let TD={s}, s,,..., sy} be a topic
directory with p categories and for each category s5; j=1..p, there
exists a set of web pages Ug={uy;;, Ug2, ..., Ugq} belonging to that
category. Then, the topical similarity (abbr. TS) between a
community Cand a category s; in topic hierarchy 7D is defined by

o IMAU, |
’ i =__._! 1
(C.s;) N m

Here, |M| is the number of member web pages in the community,
[Mn Ug| the number of elements of the set derived by intersecting
Mand Uy;, and 0 £ TS(C, s) < 1.

Definition 6 (Language Homogeneity) Let C=(7, M) be a web

community on topic 7, whose members consist of web pages in

set M={m;, my, ..., m,}. Let { be a language and M; < M be a set

of web pages in M that are written in language /. Then, language

homogeneity (abbr. LH) of community C with respect to language
! is defined by

M,

R2L

IMI|

Here, [M| is the number of pages in the community that are
written in langnage /, and 0 < LH, < 1.

()

3.2 Thai Web Datasets

The Thai web datasets used in this paper were crawled using a
general purpose BFS crawler and a language specific crawler. The
properties of each dataset are shown in Table 1. For details on the
criteria used in our language specific crawler, please refer to [8].

3.3 Analysis Results

Applying the Companion- algorithm proposed in [10], we can
extract a large number of web communities from our Thai web
datasets. The number of communities found in each dataset is
reported in Table 1.

3.3.1 Community size distribution

The log-log plots of size distributions of web communities
extracted from the 200705, 200708, and 200804 datasets are as
shown in Figure 2. As can be seen from Figure 2, the community
size distributions of all datasets fit with the power-law
distribution, which is ubiquitous in the Web graph [9]. Most
communities are small with members less than 10 pages.



Table 1. The Thai web datasets. LS refers to language specific crawling and BFS refers to Breadth First Search crawling methods.

Dataset: 200705 200706 200707 200708 200804
Crawling method LS LS LS LS BFS
HTML pages 1,188,217 2,063,858 2,451,383 2_,295,208 68,839,605
Thai language
HTML pages 502,909 420,074 635,450 602,528 3,633,975
Ratio of Thai pages "
in the dataset 0.42 0.20 0.25 0.26 0.05
Number of
communities 45,443 6,199 6,781 4,977 265,476
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Figure 3. Correlations of the average language homogeneity (or purity) of the crawled and uncrawled portions.

Table 2. Thai pages in the uncrawled portions of web communities with LHy,,; > 0.5.

Dataset: 200705 200706 200707 200708 200804
Number of uncrawled 155 233 201 170 439
pages
Number of uncrawled 126 194 183 164 165
Thai pages
Ratio of Thai pages .
in the uncrawled 0.81 0.83 0.91 0.96 0.38
portion )




BFS crawl

Language specific crawl

\_non-Th:\i
10%

Figure 4. Types of web pages inside the uncrawled portions of communities with high language homogeneity values.

However, there are also a few extremely large web communities.
By manual inspection, we found that most of those huge
communities are blog web sites, spams, or pornographic websites.
This explains why our language specific crawler achieved lower
ratio of Thai pages on the 200708 dataset, the crawler was bogged
down in communities of malicious content.

3.3.2 Topical Similarity and Language Homogeneity
To measure the topical similarity, we compared Thai communities
with a Thai web directory available at hitp:/www.truehits.net/. At
the time of our experiment, this web directory consists of about
10,000 URLs classified into 19 different categories. We sampled
some web communities and calculated the topical similarity 71§
defined in Definition 5. The result indicated high similarity
between the web communities and the web directory’s categories
with some pairs of them reaching the 7S value as high as 0.9.

Regarding the language homogeneity of web communities, we
found that generally web communities extracted from language
specific crawling datasets will be more homogenous than those
extracted from breath-first crawling datasets.

To better understand, the language homogeneity of the Thai web
communities (LHzp,). We conduct another experiment. This time
we divided the set of URLs within a community into two sets. The
first set of URLs corresponds to URLs that have already been
downloaded by the crawler. We will refer to the first set as the
crawled portion of a community (C.). The second set of URLs
corresponds to URLs that have not been downloaded yet. We will
refer to the second set as the uncrawled portion of a community
(C,). Then, for each portion of each community, we calculated its
LHry,; values and studied the correlations between the LH values
of the crawled and uncrawled portions. The results of the
experiment are as shown in Figure 3 and Table 2.

According to Figure 3 and Table 2, our observations are as
follows.

e Web communities extracted from the language specific
crawling datasets are more linguistically homogenous. This
result shows that the language specific crawler is superior to
the BFS crawler in collecting language specific web pages.

e There is a strong correlation between the LHpy,; of the crawled
and uncrawled portions of a community. If the LH7,; of the
crawled portion is high, then there is a high probability that
the LH7y,; of the uncrawled portion will also be high (>0.5).

e Communities LHy;,,; > 0.5 may be used as a source to provide
more URLs of Thai web pages to the crawlers.

4. Applying Web Community Analysis to
Language Specific Crawling

In' this section, we-discuss our idea on applying the language
homogeneity analysis to enhance the performance of a language
specific crawler. The main idea is to guess the languages of the
uncrawled web pages in a web community based on the language
homogeneity values of web pages in the crawled portion.

According to our experiment in the previous section, if most of
the crawled pages in a community are Thai related web pages,
then most of the URLs in the uncrawled portion will be likely to
link to Thai related web resources. Therefore, we can enhance the
crawl seed set (i.e. the starting set of URLSs given to the crawler)
by including uncrawled URLs of the communities with high
average language homogeneity value in the crawled portion (that
is the communities C having C. with LHp,,; > 0.5).

In order to show the feasibility of applying this concept to
improve the performance of Thai web crawling, we conducted yet
another experiment to study what kinds of web pages are included
in the uncrawled portions of the communities with LH7;, > 0.5.
Figure 4 shows the classification of web pages types derived from
the uncrawled portions of the communities with high value of
LH 7y 1t can be seen that 90% of URLSs in the un-crawled portion
are Thai-related web pages. In additien, many Thai-related foreign
language pages can be found from the uncrawled portions of these
highly linguistic homogeneous communities.

To sum up, our results suggest that it would be possible and
highly beneficial to apply the language homogeneity analysis for
language specific crawling performance improvement, especially
as a way to provide good starting seed URLs for the crawler.

5. RELATED WORK

In 1998, Kleinberg [5] proposed HITS (Hypertext Induced Topic
Search) algorithm. The HITS algorithm is based on the co-citation
relationship between two types of web pages, called hubs and
authorities. An authority is a page with authoritative content on a
topic and is linked to by many pages. A hub is a page with many
links to good authority pages on a topic. Given a user query, HITS
returns a ranked list of hubs and a ranked list of authorizes as
query results. The computation of these two ranked lists is defined
based on the mutual reinforcement relationship between hubs and
authority. Later, Gibson et al. [4] showed that the HITS algorithm
can be used to identify some communities. Based on [4], Kumar
et al. [6] argued that a web community contains a bipartite



subgraph as its core and developed an efficient method for
enumerating bipartite cores from a large web graph. Flake et al.
[3] defined a web community as a subgraph whose internal
hyperlinking is denser than hyperlinking to external web pages.
[3] casted the web community discovery problem as a max-
flow/min-cut problem and proposed an efficient method for
identifying web communities. Toyoda et al. [10] introduced a
method to constructing a web community chart that can reveal
relationships among web communities.

Language specific web crawling was first studied by Tamura et al.
[7] and Somboonviwat et al. [9] as a tool for constructing large

web archives for a country. In [9], a crawler simulator was used to _

study linguistic characteristics of the Thai Web. Based on these
linguistic characteristics and some additional graphical analysis of
the Thai Web space, [7] proposed an efficient method for
language specific web crawling.

Caminero et al. [1] analyzed the link structure of web pages under .

the South East Asian ccLTDs (country code top-level domains).
They reported linguistic relationships between linked pages, size
and diameter of the strongly connected components (SCC) of web
pages written in the same langunage. Note that, Caminero et al. [1]
did not consider the web pages beyond the country’s top-level
domain, which is an important challenge for a language specific
crawler. Furthermore, they did not analyze implicit web
communities that might also be very effective to enhancing the
performance of a language specific crawler.

6. CONCLUSION

In this paper, we have put forward the idea of applying web
community analysis to improving the performance of language
specific web crawling. We also proposed a novel metric for web
community analysis, called language homogeneity. We applied
our web analysis methods to large Thai web datasets. The results
suggested possibilities of using the proposed web community
analysis in real web crawling.

For the future work, we plan to improve the performance of a real
language specific crawler by intelligently exploiting the concept
of language homogeneity in real-world language specific web
crawling.
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ABSTRACT

The proliferation of the Web has led to the simultaneous explosive growth of both textual and link in-
Jormation. Many technigues have been developed to cope with this information explosion phenomenon.
Early efforts include the development of non-Bayesian Web community discovery methods that exploit
-only link information to identify groups of topical coherent Web pages. Most non-Bayesian methods
produce hard clustering results and cannot provide semantic interpretation. Recently, there has been
growing interest in applying Bayesian-based approaches to discovering Web community. The Bayesian
appi‘oaches Jor Web community discovery possess many good characteristics such as soft clustering
results and ability to provide semantic interpretation of the extracted communities. This chapter pres-
ents a systematic survey and discussions of non-Bayesian and Bayesian-based approaches to the Web

community discovery problem.

INTRODUCTION

Inrecentyears, the World Wide Webhasbecome a
popular platform for disseminating and searching
for information. Due to the explosive growth of
the Web, the low precision of Web search engine,
and the lack of a data model for the Web data, it
is increasingly difficult for the users to search for
and access the desired information. Motivated by
this problem, a lot of research has been done to

DOI: 10.4018/978-1-4666-2806-9.ch005

discover the implicit communities of topically
related Web pages or Web communities (e.g. Gib-
son, et al., 1998; Kumar, etal., 1999; Flake, et al.,
2000). The Web communities provide invaluable,
reliable, timely, and up-to-date topic specific in-
formation resources for users interested in them.
Furthermore, a set of extracted Web communities
can be used as a key building block in Web appli-
cations and value added services such as focused
crawling, Web portals, Web search ranking, Web
spamming detection, Web recommendation, and
Web personalization (such as Flake, et al., 2000;
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Pierrakos, et al., 2003; Otsuka, et al,, 2004; Li,
et al., 2010).

Conceptually, a Web community is defined
as a set of Web pages on a specific topic created
by people sharing the same interests. The Web
community usually manifests itselfas a subgraph
with dense connections and coherent content. Most
work on Web community discovery focused on the
efficient detection of community structure based
purely on link information between Web pages
using non-Bayesian approaches such as spectral
methods, graph partitioning, and clustering (e.g.
Kumar, et al., 1999; Flake, et al., 2000; Toyoda
& Kitsuregawa, 2001). These non-Bayesian link
based methods suffer from the lack of semantic
interpretation (mostimplementation uses a simple
top-k most frequent keyword to summarize a
topic of a Web community). Furthermore, most
non-Bayesian approaches for Web community
discovery do not allow a Web page to be assigned
to more than one community.

On the other hand, probabilistic topic mod-
els (e.g. Blei, Ng, & Jordan, 2003; Griffiths &
Steyvers, 2002, 2003, 2004; Hofmann, 1999,
2001} have recently gained much popularity as
a suite of algorithmic tools to help organizing,
searching, and understanding large collections
of text documents. The key idea underlying these
models is that a document is generated from a
probabilistic process, and consists of multiple
topics, where a topic is a probability distribution
overwords taken from a fixed set of vocabularies.
This representation naturally captures the hidden
topical structure in text, and can then be used in
text mining tasks to discover topics from a large
text collection.

With the explosive growth of the Web .and
linked data sets, somerecent work on topic model-

ing has extended the basic topic models by taking »

into consideration the link structure information.
The work in this area can be classified into five di-
rections. The first line of work (e.g. PHITS-PLSA

by Cohn & Hofmann, 2001; LDA-Link-Word by
Erosheva, et al., 2004; Link-PLSA-LDA by Nal-
lapati, et al., 2008) incorporates the notion of link
information into the document generative model.
The second line of work (relational or supervised
topicmodels) models textual contentand link sepa-
rately by representing the link between documents
as a binary random variable conditioned on their
content (e.g. Chang & Blei, 2009). The third line
of work regularizes topic models with a discrete
regularizer defined based on the link structure of
the data set (e.g. NetPLSI by Mei, et al., 2008).
The fourth line of work (e.g. iTopicModel by
Sun, et al., 2009) model the relationship between
documents using a multivariate Markov Random
Field (MRF). Lastly, Yang et al. (2009) proposed
the PCL model, which is a discriminative model
for combining link and content information for
community detection.

Probabilistic topic modeling possesses many
characteristics thatare desirable for the Web com-
munity discovery problem. Firstly, they produce
soft clustering results therefore it is possible for
a Web page to belong to multiple communities .
(i.e. they can produce overlapping community
structure). Secondly, by leveraging the textual
information, they are able to provide semantic
interpretation of the extracted communities.

This chapter presents a systematic review and
discussions of research efforts on Web community
discovery problem. The plan of the chapter is as
follows. First, we present background concepts
related to Web community discovery and proba-
bilistic topic models. Next, we formulate the Web
community discovery problem, and present some
representative non-Bayesian community discov-
ery algorithms. Then, we describe key concepts
underlying probabilistic topic models in details,
and discuss some recent work on Bayesian based
methods for Web community discovery. Finally,
we highlight some interesting future research
directions and conclude the chapter.
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BACKGROUND
Graph Terminologies

Definition 1 (Directed graph): A directed graph
G(V,E) consists of aset V'of nodes (or vertices) and
asetE of ordered pairs of nodes, called edges. Each
edge is an ordered pair of nodes (,v) represent-
ing a directed connection from node # to node v.

Definition 2 (In-degree and Out-degree): The
in-degree of a node u is the number of distinct
incoming edges incident to « (i.e. the number
of distinct edges (v,u), (v, ), ..., (v, u). The
out-degree of a node u is the number of distinct
outgoing edges incident to u (i.e. the number of
distinct edges (u,v), (u,v,), ..., (u,v,).

Definition 3 (Path and Distance): A path from
node % to node v is a sequence of edges (u,u,),
(u,u,), ... (u,v). The length of the path is the
number of edges along the path. The distance
from node u to node v is equal to the length of the
smallest path from u to v for which-such a path
exists. If no path exists, the distance from « to v
is defined to be infinity.

Definition 4 (Diameter): Adiameter of agraph

G(VE) is the greatest distance between any pair

of nodes (4,v) in G.

Definition 5 (Webgraph): A webgraph is a
directed graph G(¥E) where Vis a set of nodes
corresponding to Web pages, and E is a set of
ordered pairs (2,v) corresponding to hyperlinks
from page u to page v.

Definition 6 (Directed bipartite graph): A di-
rected bipartite graph is a directed graph G(V,E)
whose node set can be partitioned as V'=F U C,
with the property that every edge e € E has one
end in F and the other end in C.

Definition 7 (Complete directed bipartite
graph): A complete directed bipartite graph is
a directed bipartite graph G, (VE) whose node
set can be partitioned as ¥ = F U C, such that
everynode in F has an edge to everynode in C. A
complete bipartite graph is denoted as G, Where
f=|Fland ¢ =|C].
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A complete directed bipartite graph, G, 1
shown in Figure 1. The node set of the graph GC »
can be divided into two disjoint sets F = { Iy
JyfipandC={c,c,c, ¢, /, such that each
node f; (i=1,2,3,4) in F has edges to evely node
c (7=1,2,34)in C.

Definition 8 (Dense directed bipartite graph)
A dense directed bipartite graph is a directed
bipartite graph G,(¥,E) whose node set can be
partitioned as ¥ = F U C, such that a node in F
must has edges to at least y,, (1 <y, <|C|) nodes
in C, and atleast y,. (1 <y, <|F]) nodes in F link
to every node in C. A dense directed bipartite
graph is denoted as G,yy,.

A dense directed bipartite graph, G

D32

. shown in Figure 2. The node set of the graph

G

m , can be divided into two disjoint sets

={h L fifandC={c,c, c, c, }, such
that anode f; in F has edges to at least 7.3 in
C, and at least y,=2 in F'link to every node in C.

HITS Algorithm
HITS (Hypertext Induced Topic Search) (Klein-

berg, 1998) is a search query dependent ranking
algorithm that produces two rankings of Web

Figure 1. Acomplete directed bipartite graph G, »
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Figure 2. A dense directed bipartite graph Gps »

pages in response to a user query; an authority
ranking and a hub ranking. An authority is a page
with authoritative content on a topic and is linked
to by many pages. A hub is a page with many
links to good authority pages on a topic. The key
idea underlying HITS is the concept of mutual
reinforcement relationship between authority and
hub pages (i.e. a good hub points to many good
authorities, and a good authority is pointed to by
many good hubs). Topologically, the mutual rein-
forcement relationship usually manifests itselfas

_aset of dense bipartite subgraph G(VE); V=Fu
C where F is a set of hub pages, and Cis a set of
authority pages.

The HITS algorithm consists of two phases.
Given an input query from a user, the first phase
constructs a base set S, which is a focused Web
subgraph containing many good authorities using
Web search engines. The second phase computes
an authority score and a hub score for every page
in the base set S. Let n be the number of pages in
S; G(VE) denotes the hyperlink graph induced
from S, and L is an adjacency matrix of the hy-
perlink graph G(VE). Further, let the authority
score of page i be a(i) and the hub score of page
ibe A(1). We define a column vector of hub scores
h=(h(1),...,h(n))T and a column vector of author-

ity scores a=(a(1),...,a(n))". Based on the mutual
reinforcement relationship, the authority and the
hub scores can be defined by

a=IL'h e
h=La @)

The authority and hub scores in Equation (1)
and (2) can be computed using an iterative algo-
rithm (see Algorithm 1). Note that, the following
equations in Algorithm 1

&) =T Wt -
hk L k-1 (3)
p T Ly
can be simplified to
= LTL +
a’k ak—-l ( 4)

h, = LI'h,

The two equations in (4) define the power
iteration method for computing the principal ei-
genvectorforthematrices L7 and LL”. Therefore,
the computation of the authority and hub scores
boils down to finding the principal right-hand
eigenvectors of L7L (the authority matrix) and LL¥
(the hub matrix), respectively. Readers interested
in detailed discussions of the HITS algorithm are
directed to Kleinberg, 1998; Liu, 2007; Langville
& Meyer, 2006 (see Algorithm 1). '

The Small-World Phenomenon

The small-world phenomenon of the Webgraph
is described by the fact that the diameter of the
Webgraph is on average small relative to the size
of the overall graph (i.e. the diameter is bounded

by apolynomial in log 7 where 7 is the number of

nodes inthe graph). The small-world phenomenon
has been reported in many subgraphs of the Web
spanning from a university, a country, and a global
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Algor‘ithm 1. HTS algorithm

Let a,, hk denote authoﬁty and hub scores at the kth iteration
Initialize: h0 = (1, 1,..., ].)T

Until convergence, do

a, = LThk_1
h, = La,
k=k+1

Normalize g, and hk (e.g. by using the I-norm):
@ =q/ | a, |
b, =h/ [ hy, ”1

Web (see, forexample Albert, etal., 1999; Barabasi
& Albert, 1999; Broder, et al., 2000; Boldi, et al.,
2002; Tamura, etal.,2007; Somboonviwat, 2008).

Due to the small diameter of the Webgraph, it
is straightforward that the distance between any
two nodes in a Webgraph is rather short, An im-
portant implication of the existence of relatively
short distances between nodes in the Webgraph
is that there exist potentially many small densely
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comnected clusters of Web pages in the Webgraph.
As we shall see later, a densely connected cluster
of Web pages is the identifying characteristics of
a Web community.

To demonstrate the existence of rather small
distances between same types (i.¢. same topics or
same languages) of nodes in a Webgraph, let us
consider Figure 3 which is a plot of the distance
between nearest Thai Web pages in a Webgraph
determined from a 4 million pages crawl of the
Thai Web in 2004 (see Tamura, etal., 2007; Som-
boonviwat, 2008 for more details). Note that, the
Thai Web pages refer to the Web pages that, based
on the classification by a language classifier, are
likely to be writtenin the Thai langnage. According
to Figure 3, most Thai pages are located nearto the
other Thai pages in the Webgraph. The maximum
distance between any two Thai pages in the data
setsis only 10, whichis relatively small compared
to the size of the Thai Webgraphinduced from our
Thai Web dataset (the graph consists 0£9,953,318
nodes and 123,836,342 non-duplicated directed

Figure 3. Distribution of distances between nearest Thai pages
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edges). This result suggests the occurrence of the
small-world phenomenon in the Thai Webgraph.
Therefore, we can anticipate the existence of
many small dense clusters of Thai Web pages (i.e.
the communities of Thai pages) in the Webgraph
associated with the Thai dataset. In fact, accord-
ing to a Web community extraction experiment
conducted by Somboonviwat (2008), more than
67,000 communities were identified on this Thai
Webgraph. The distribution of community sizes
as reported in Somboonviwat (2008) is shown
in Figure 4.

Probabilistic Graphical Models
Probabilistic graphical models are graphical

representations of probability distributions. They
provide a simple way to visualize the structure of

aprobabilistic model. In a probabilistic graphical
model, directed graphs are used to express causal
relationships between random variables. Each
node in a graph represents a random variable (or
a group of random variables); a shaded node rep-
resents an observed random variable. Each edge
in a graph represents probabilistic relationships
between random variables. A directed edge from -
node u to node v corresponds to a conditional
distribution p(vu). A plate notation can be used
to more compactlyrepresentareplicated structure
in the model. Figure 5(a) shows a graphical model
corresponding to a joint distribution in Equation
(5). The equivalent plate notation for this graph
is shown in Figure 5(b). Note that, there are N
observed random variables in this graph i.c. the
shadednodes 7, ¢,, ..., ,, , £

Figure 4. Distribution of community sizes extracted from a Thai Web crawl
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Figure 5. Graphical models: (a) directed graphical model representing the joint distribution in (5); (b)
the same graphical model depicted using a plate notation

plw, byt sty ty) = p(w)Hp(tn l’w) (5)

n=1

The Dirichlet Distribution

The Dirichlet distribution is an exponential fam-
ily distribution that is a conjugate prior of the
multinomial distribution. Given a multinomial
distribution u=(u,, ..., ), such that 0 <, <1, 3
4,=1;and a parameter o=(a.,, ..., &, )". AK dimen-
sional Dirichlet distribution for the multinomial #
is defined over a simplex of dimensionality X-1,
and its normalized form is defined by

I3 )

Dir(u|a) = =t— T Tu (6)

]___[F(ak) =

k=1

Here I'(x) is a gamma function defined by
T(z) = f u e du 0
/ .

The parameter o=(a,, ..., )" of the Dirichlet
distribution controls the mean shape and the spar-
sity of the Dirichlet distribution as illustrated in
Figure 6. For a < 1 (see Figure 6[a]), the modes
of the distribution are located at the corners of the
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simplex, leading to more sparse distribution of the
density. For a > 1 (see Figure 6[c]), the mode of
the distribution is located away from the corners
of the simplex, leading to more smooth distribu-
tion of the density.

Finally, we note that because the Dirichlet
distribution is a conjugate prior of the multino-
mial distribution, therefore it follows that given
a multinomial distribution y, the posterior distri-
bution of z has the same functional form as the
prior, i.e. the Dirichlet distribution. The conju-
gacy of the Dirichlet priors lead to greatly simpli-
fied Bayesian analysis,

NON-BAYESIAN APPROACHES TO
WEB COMMUNITY DISCOVERY

Problem Formulation

Conceptually, a community is a set of entities
(e.g. Web pages, people, organizations) sharing a
common interest. Based ona conceptual definition
of a community given in Liu (2007), we define a
Web community as follows.

Definition 9 (Web Community): Given a finite
setof P = {p, p,, ...., p,} of Web pages, a com-
munity is a pair C=(7, M), where T is the com-
munity topic and M c P is the set of all pages in .
P that shares the topic T If p, €M, then p, is'said
to be a member of the community C.
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Figure 6. The three dimensional Dirichlet distribution. The two horizontal axes are coordinates in the
plane of the simplex, and the vertical axis is the density. (a) o = (0.1,0.1,0.1)%, (b) o = (1,1,1)%, (c) o =

(10,10,10)".

(a)

Based on the concepts of Web communitics
defined above, we can formalize the task of /ink
based Web community discovery as follows,

Definition 10 (Link Based Web Community
Discovery): Given a collection of Web pages
P and a Web graph G induced from P, the Link
Based Web Community Discovery taskisto extract
k Web communities {C,, ..., C,}, where each C
is a subgraph in G with dense connections and
coherent content.

Definition 9 and 10 are conceptual definitions
of a Web community and link based Web com-
munity discovery task. Different Web community
discovery algorithms define their own operational
definition of a Web community based on an as-
sumption made regarding the specific forms of
manifestation of Web communities in the dataset.

Bipartite Cores-Based Approach

As shown by Gibson et al. (1998), HITS can de-
tect some Web communities based on broad topic
queries using eigenvector computation. This result
suggests that the footprint of a Web community
can be recognized as a dense bipartite subgraph
arises from the co-citation process, where related
pages do not reference one another but are fre-
quently referenced together. This could be caused

(c)

by the fact that the Web sites are competitors or
they do not share a common viewpoint, or simply
because they are not aware of each other. Based
onthis observation, Kumar etal. (1999) argue that
co-citation is a characteristic of well-developed
explicitly known communities and is also an
carly indicator of emerging Web communities.
Nevertheless, eigenvector computation as used
by Gibson et al. (1998) is inefficient for iterat-
ing all bipartite Web communities. Kumar et al.
(1999) proposed a heuristic based technique for
automatically and efficiently enumerating all bi-
partite core communities from a large Web crawl.
Theyused the term trawling the Web to denote this
process. The notion of dense bipartite subgraphs
representing Web communities can be formulated
mathematically as follows.

LetK, =GA(VE) be acomplete bipartite graph
whose nodes can be divided into two sets denoted
Fand C (where V' =F v C; |F |=i, |C |=/), and
every directed edge in £ is directed from a node f
e I'toanode c ¢ C. Define an (7, j) core as a com-
plete bipartite graph K, with optionally additional
edges other than edges from /' to C. According to
this definition, an (7, j) core community contains
a set of 7 pages all of which point to another set
of j pages. Intuitively, the i pages are pages cre-
ated by members of the community who wants
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to link their pages to the most valuable resources
(i.e. the j pages) for that community. Due to this
reason, the i pages are called fans, and the j pages
are called centers.

The trawling algorithm is based on two as-
sumptions. The first assumption states that any
sufficiently strong Web community will be highly
likely to contain an (i, j) core. The second as-
sumption states that almost all occurrences of (i,
J) cores are due to the existence of a community
rather than random. Based on these two assump-
tions, the main idea of the trawling algorithmis to
identify a community by finding its core, and then
to expand the core to the rest of the community.
The trawling algorithm is presented in Algorithm
2. Note that dense subgraph extraction arises in
many real-world graph analysis problems. Gibson
et al. (2006) provides a detailed discussion on
this problem, especially in the context of Web
community discovery. y

Maximum Flow-Based Approach

Flake etal. (2000) define a Web community based
on density of links between Web pages. Given
a Webgraph G=(¥, E), a community is a subset
C of V'such that each v & C has at least as many

Algorithm 2. Trawling algorithm

STEP 1: Identifying the community cores (7, j)
STEP 1-1: Iterative pruning. .

Until no node is qualified for deletion, do

Delete potential fans with out-degree less than j
Delete potential centers with in-degree less than i

Topic Modeling for Web Community Discovery

neighbors in C as in ¥ — C. According to this
definition, identifying a community is intractable
because it maps into a family of NP-complete
graph partitioning problems (Garey & Johnson,
1979). Flake et al. (2000) show that by assuming
the existence of one or more seed websites and
utilizing regularities of the Web graph (Bernado,
etal., 1998; Barabasi, et al., 1999), a community
canbeidentified by calculating the s— fmaximum
flow of G and identifying nodes that are reachable
from s to be the Web community.

The s — ¢ maximum flow problem is defined
as follows. Given a directed graph G=(¥, E), with
a source node s € ¥, a target node ¢ ¢ ¥, and edge
capacities c(u,v) > 0, find the maximum flow
that can be directed from the source node s to
the target node ¢, without exceeding the capacity
constraints on any edge. The Max Flow-Min Cut
theorem of Ford and Fulkerson (1956) proves that
the maximum flow of the network is identical to
the capacity of the minimum cut that separates
s and ¢. Many implementations exist for solving
the maximum flow problem in polynomial time
(Ravindra, etal., 1997). The Max Flow Web Com-
munity Discovery algorithm (Flake, et al., 2000,
2002) isillustrated in Algorithm 3. The procedure
Max-Flow-Community (G, S, k) augments the

STEP 1-2: Inclusion-exclusion pruning // Inclusion-exclusion based on fan pages

Until no further inclusion/exclusion, do

Choose a fan » with out-degree exactly j

Let I'(w) be a set of centers to which « points to

If there are i-1 other fans all pointing to each center in ['(x)
Include a new (j, j) core to the output

Otherwise

Exclude u from further contention (as a fan)

STEP 1-3: Exhaustive enumeration

Fix j, start with the (I, j) cores, one can construct all (2, j) cores by checking every fan that also points to any center in a (/, j) core.
Similarly, all (3, j) can be constructed by checking every fan that points to any center in a (2, ) core. The procedure proceeds in a similar
manner until the desired number of communities is extracted from the graph.

STEP 2: Core Expansion

Use algorithms, such as HITS (Kleinberg, 19998) or Clever (Chakrabarti et al., 1998), to expand the core.
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input Webgraph G with an artificial source s and
an artificial sink 7. After augmenting the graph, a
residual flow is generated by calling a maximum
flow procedure Max-Flow (G, s, £). Then, allnodes
reachable from s through non-zero positive edges
form the output community. In comparison to the
bipartite cores based approach, the max-flow based
community discovery can extract larger, more
complete communities. Like the bipartite-based
approach, however, it cannot find the topic, and
the relationships of Web communities.

Other Non-Bayesian Approaches

A great deal of work has been devoted to discov-
ering communities in networks based on non-
Bayesian methods. Gibson et al. (1998) show that
the HITS algorithm can be used to extract some
communities by computing the non-principal
eigenvectors of the authotity and hub matrices.
Their results suggest that a Web community can
manifestitselfas adensebipartite subgraph. Based
on this intuition, Kumar et al."(1999) propose a
heuristic based technique for finding all bipartite
core communities efficiently from a large Web
crawl dataset. Flake et al. (2000) cast the Web
community discovery problem into the framework
of the maximum flow model, and presented a

maximum flow community discovery algorithm
(see Algorithm 3). Toyoda and Kitsuregawa
(2001, 2003) introduce a Web community chart
that can identify relationships among Web com-
munities, and present an algorithm to extracting
relationship between Web communities and their
evolution from aseries of Japanese Web archives.
Other recent Web community detection methods
include e.g. Ino et al. (2005) and Anderson and
Lang (2006).

Communities in networks may also be viewed
asclusters, there are numerous methods from graph
partitioning, clustering, and matrix reordering that
have been applied to community detection. These

" include, forexample, the METIS method (Karypis,

et al., 1999), spectral analysis methods (Chung,
1997), multi-level clustering (Dhillon, et al,
2007), co-clustering (Dhillon, etal., 2007), matrix
factorization (Zhu, etal.,2007), and Kernel fusion
(Yu, et al., 2009). Readers interested in detailed
discussions of Web communities analysis and
construction are directed to Zhang et al. (2006).

Although link based community discovery has
been very successful and applied in many real-
world applications, a limitation exist when wenot
only want to know in an automated fashion the
community memberships of each vertex in the
network but also the semantics of the extracted

Algorithm 3. Max flow community discovery (Flake, et al., 2002)

Algorithm Find-Community
input: a set S of seed Web pages
while number of iteration is less than desired

do
Set G =(V,E) to a fixed depth crawl from S.
Setk=|S|

call: C =Max-Flow-Community(G, S, k)

Rank all v € C by number of edges in C.

Add the highest ranked non-seed nodes to S.
end while ’
output: all v e ¥ still connected to the source s.

procedure Max-Flow-Community
input: graph G=(VE); a-set S c V; integer k.
Create artificial nodes s and ¢, and add to V.
forallve Sdo
Add (s,v) to E with ¢(s,v)=c0,
end for
for all (u,v) € E, u#s do
Set c(u, v) =Fk.
if (v ) ¢E then
add (v, w) to Ewithefv, u) =k
end if
end for
forallve ,ve Su{fs ¢t} do
Add () to E with c(u9)=1.
end for
call: Max-Flow(G, s, 9.
output: all v e ¥still connected to s.
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communities. One promising approach to provid-
ing the semantics in Web community extraction
is the probabilistic topic modeling approach (e.g.
Nallapati, et al., 2008; Chang & Blei, 2009; Mei,
etal., 2008; Sun, et al., 2009; Yang, et al., 2009).
The remaining of this chapter describes the basic
concepts of topic modeling and recent efforts on
the application of topic modeling to Web com-
munity discovery problem.

BAYESIAN APPROACHES TO WEB
COMMUNITY DISCOVERY

Topic modeling has been successfully applied
to discovering the topical structure of large text
corpora. In this section, we first introduce two
well-known traditional topic modeling methods,
i.e. the Probabilistic Latent Semantic Indexing
(PLSI) by Hoffman, 1999, and the Latent Dirichlet
Allocation (LDA) by Blei etal. (2003). Then, we
discuss several enhancements to the traditional
topic modeling methods for Web community
discovery.

Probabilistic Topic Modeling

Topic modeling (Hofmann, 1999, 2001; Blei, et
al,, 2003; Griffiths & Steyvers, 2002, 2003, 2004)
is a suite of algorithms that extract a set of latent
topics hidden inside a text corpus. The key idea
of topic models is to represent a document in a
latent space with a finite mixture model of ktopics
(i.e. a document can be viewed as consisting of
multiple topics), where each topic is a probabi-
listic distribution over a set of words. The topic
model defines a generative model for generating
documents. The parameters in the generative
model can be estimated by fitting the data with
themodel using posterior computation algorithms
such as Gibbs sampling, and variational infer-
ence algorithms. Two well-known topic models
- are the Probabilistic Latent Semantic Analysis
(PLSA) proposed by Hoffman (1999) and the
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Latent Dirichlet Allocation (LDA) proposed by
Blei et al. (2003).

The PLSA model (Hofmann, 1999) is based
on a latent variable model for co-occurrence data,
called the aspect model (Hofmann, et al., 1999).
The aspect model associates an unobserved latent
class variable z € Z ={z,...,2,} with each
occurrence of a word w € W = {w,,...,w,, } in
a document d € D ={d,,...,d, } . A generative
model of PLSA is defined as follows.

*  Pick a document d with probability P(d).
e Pick alatent topic z with probability P(z|d).
*  Generate a word w with probability P(w|z).

The graphical model for PLSA is as shown in
Figure 7(a). The generative process of the PLSA
can be translated into a joint probability model
as follows.

P(d,w) = P(d)P(w|d), where ®)
P(w|d) = %P(w |2)P(z|d) )

Let n(d,w) denotes the number of occurrences
of the term w in a document d. The log likelihood
of a document collection D to be generated is
given by

5D)= Y3 nld,w)logy  p(w| 2)plz; |

deD weW Jj=1 '
(10)

The posterior computation of PLSA can be
done using the standard Expectation Maximization
(EM) (Dempster, et al., 1977) algorithm. The EM
algorithm alternates between an expectation step
(E-step) and a maximization step (M-step). In the
E-step, the posterior probabilities are calculated
for the latent variables using the current estimates
of the parameters. In the M-step, the model pa-
rameters are updated based on a local maximum
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Figure 7. The graphical models for (a) PLSA, (b) LDA

of the log-likelihood in (10), which depends on
the posterior calculated in the latest E-step. The

(a)
S N | =
(b)
P(z) = %;n(d, w)P(z | d,w),R = ;n(d, w)

posterior probabilities and the re-estimation equa-

tions for the E-step and the M-step for PLSA are

given in Equation (11) - (14) below.
Expectation Step (E-step):

_ P(x)P(d|5)P(wlz)
Pildw) = EZ.P(z')P(d‘z')P(uJ'z') )

Maximization Step (M-step):

_ Zyn(d,w)P(z |d, w)
Pw]|2)= 5, nld,w) P(z| ) (12)

Zw n(d,w)P(z | d,w)
Zd’,w n(d’,w)P(z | d’,w)

Pd|z)= (13)

(14)

According to Equation (10), Itcan be seen that
PLSA estimates the probability distribution of
each documenton the latent topics independently.
Thereare NK+MK parameters {P(zj|d),P(w|zj)} in
PLSA model, consequently the number of param-
eters grow linearly with the number of training
documents N. This behavior suggests that PLSI
is prone to overfitting (Cai, et al., 2008).

This problem has been addressed in the LDA
model. LDA model treats the probability distri-
bution of each document on the latent topics as
a K-parameter hidden latent variables generated
from the same Dirichlet distribution. The genera-
tive process of LDA is given below.
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*  Selectadocument d, with probability P(d).
+  Pickalatent topicz,,:
> (enerate a topic
6, ~ Dir(a),
> Pick alatent topic z,  with probabili-
ty P(zy, |6,).
*  Generate a word w with probability
P(wd.mlzzim) *

proportion

where, Dir(a) is a K-dimensional Dirichlet distri-
bution. The graphical model for LDA is as shown
in Figure 7(b).

Formally, let the topics be 8, ., where each f,
is a distribution over a set of words
(B, ~ Dir(n)). The topic proportions for the dth
documentare ¢ , where 6, is the topic proportion
for topic k in document d. The topic assignments
for the dth document are z,, where z, is the
topic assignment for the mth word in document
d. And, the observed words for document dth are
w,, where w, is the m#h word in document d.
According to this notation, the LDA generative
process cotresponds to the following joint distri-
bution of the hidden and observed variables (Blei,
et al., 2003).

P(ﬁ:;xlgmlzkmwxﬂ) = ﬁl’(ﬂj)ﬁp(ga)(nrﬂ p(zd,m | gd)p(wd,m |ﬁl;l(1zd.m))
(15)

The posterior of LDA is

P(Brrcr Orws Zp» W)
p (wlzN )

p(ﬂlzmol:wzl:lv | wl:N) =

(16)

The exact value of this posterior is intractable
to compute due to the exponentially large number
of possible latent topic structures. Generally, the
posterior of LDA can be computed using either
sampling based algorithms (e.g. Gibbs sampling,
see Heinrich, 2009) or variational algorithms
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(e.g. coordinate ascent variational inference, see
Hoffman, et al., 2010).

Notice that the number of parameters in a
K-topic LDA is K+MK, which does not grow
with the number of documents N in the corpus.
Consequently, LDA does not have the overfitting
issue as PLSA.

Topic Modeling for Web
Community Discovery

Recall that, previously in the context of link

based community discovery, a Web community is

defined as a set of Web pages on a specific topic.

Now, we turn our discussion to the discovery of
Web community based on the Bayesianapproach.

Letus firstre-define some notations and formulate

the Web community discovery problem in our
new context. This formulation mainly follows

the work of Mei et al. (2008). |

Problem Formulation

Definition 11 (Document): A. document d in a
text collection D is a bag of words {w, w, ..w .},
where w,isa word fromafixed vocabulary. We use
n(d,w) to denote the occurrences of word w in d.

Definition 12 (Network): Anetworkassociated
with a text collection D is a graph G(¥, E), where
V is a set of nodes and E is a set of edges. A node
u eV corresponds to adocumentd € D. An edge
<u,v> corresponds to a binary relation between
nodes # and v, and w(u,v) is used to denote the

vweight of <u,v>. Note that, an edge can be either

directed or undirected.

Definition 13 (Topic): Asemantically coherent
topic in a text collection D is represented by a
topic model 6, which is a probability distribution
of words.

Definition 14 (Topical Web Community Dis-
covery): Given a collection D and its associated
network structure G, the task of topical Web
community discovery is to extract k topical com-
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munities {¥,, ..., V,}, where each ¥V, = {v,, ...,
v,} has a coherent semantic summary 6, which
is one of the & major topics in D.

A Survey of Topic Modeling-
Based Methods for Web
Community Discovery

Traditional topic models, e.g. PLSA (Hofmann,
1999) and LDA (Blei, et al., 2003), analyze con-
tent of a given corpus to uncover hidden topics
within the corpus. These topics can be naturally
interpreted as a community. However, the content
analysis alone cannot accurately identify Web
communities because the content information
usually contains words that are irrelevant to the
target topics.

Many link based probabilistic models have
been developed for Web community discovery.
Cohn etal. (2000) proposed PHITS, a PLSA-like
topic model for identification of communities
of hubs and authorities in a document network.
The PHITS model defines generative processes
for both text and hyperlinks. The PHITS model
assigns high probability of hyperlinking to a
document d with respect to a topic k if the docu-
ment d is pointed to by several documents that are
relevantto the topic & (which are those documents
sharing the same word distribution as d). Based
on this same assumption, Erosheva et al. (2004)
proposed the Link-LDA model that uses LDA as
the basic generative building block instead of the
PLSA. Recently, Yang et al. (2010) has proposed
a probabilistic model for directed network com-
munity detection, called PPL that captures both
incoming links and outgoing links differentially.

Next, let us describe the work that combines
link and content analysis into the probabilistic
topic modeling framework. The work in this area
can be classified into five directions.

The first line of work (e.g. PHITS-PLSA by
Cohn & Hofmann, 2001; LDA-Link-Word by

Erosheva, et al., 2004; Link-PLSA-LDA by Nal-
lapati, etal.,2008; Dietz, etal., 2007; Gruber, etal.,
2008) incorporates the notion of link information
into the document generative model. Suchmethods
need expert knowledge in order to translate the
semantic of links between documents and embed
it into the model, and thus are not generalize to
different types of datasets.

The second line of work (relational or super-
vised topic models) models textual content and
link separately by representing the link between
documents as a binary random variable condi-
tioned ontheir content. Prior work in this direction
is the Relational Topic Model or RTM by Chang
and Blei (2009). Note that, the RTM model does
not support weighted graph.

The third line of work regularizes topic mod-
els with a discrete regularizer defined based on
the link structure of the data set (NetPLSA by
Mei, et al., 2008). NetPLSA combines link and
text information into a unified framework via
the combination of two objective functions, one
based on textual data and another one based on
the network structure.

The fourth line of work (iTopicModel by Sun,
et al.,, 2009) models the relationship between
documents using a multivariate Markov Random
Field (MRF). The iTopicModel constructs a two-
layer graphical model structure. The top layer is
a multivariate MRF that capture the dependency
relationship among documents in the network.
The bottom layer is a traditional topic model. The
assumption underpinning the iTopicModel is the
topical locality of documents in the network i.e.
that the documents in the same neighborhood in
the network should be topically similar (David-
son, 2000).

Lastly, the fifth direction, Yang et al. (2009)
proposed the PCL model, which is a discriminative
model for combining link and content information
for community detection.
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FUTURE RESEARCH DIRECTIONS

A central problem in the study of semantically
coherent implicit Web community that we have
discussed so far is how to efficiently extract those
communities given a snapshot of a Web dataset.
Because the Web is dynamic and constantly
changing, it is crucial to understand the dynamic
nature of the Web. Therefore, the temporal aspect
of Web community identification problem is
one of important research directions to pursue.
Another key research problem is the evaluation
of the community discovery algorithms and the
gquality of extracted communities, Mei et al. (2008)
compared the performance of NetPLSA with the
traditional PLSA using the cut edge weights and
ratio cut metrics. However, these metrics only
consider the quality based on the link density of
the community. Leskovec et al. (2010) proposed
an idea to consider the quality of community as
a function of its size and conducted large-scale
empirical comparison of algorithms for network
community detection. However, they only con-
sidered non-Bayesian methods.

CONCLUSION

Inthis chapter, we have explored two complemen-
tary approaches to Web community identification:
non-Bayesian and Bayesian. The non-Bayesian
approaches exploit merely the network structure
and extract communities based on some identi-
fying signatures of Web communities. Although
they have proved successful, the major limitation
of the non-Bayesian based approaches is the lack
of semantic interpretation for the extracted com-
munities. The Bayesian approaches on the other
hand can be enhanced to combine both textual
and link information, and have become popular as
algorithmic tools for extracting Web communities
from large document network corpora. There is still
a lot of opening research issues in this area, and
we have identified two interesting future research
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directions: community dynamics and evaluation
of Web community extraction methods.
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