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Evyaprotieg

Oa Nfera va gvyopiomom tov emPAénovra kKabnynt) pov Ap. I'opyo IMaAAY, Kabdg
kol Tov Nwoho AovAAovdn, yw v avektipnm Pondeia ko kabodiynon mov pov
€XYOVV OMOEL Y10 TNV EKTANPOON OVTHG TNG SMA®UATIKNG EPYOGIOS QVTNG.

Eniong 0o Beha va evyoplomom v OKOYEVEIDL OV KOl TOVG GIAOVLG OV Yol TNV

GLUTOPAGTOACY| TOVG.



Iepiinyn

Ta xowovikd Jiktva ovorntoccovior poydaion oe Pobud mov yivovror mAfov
avandonaoto uéPoc Tov Atadiktvov. Iotocelideg 0nmg o Facebook, to YouTube kot
10 MySpace sivar yopakmplotikd Topadelypata SIAoNUOV KOWOVIKOV SIKTO®V TOL
€XYOVV TTPOGEAKVGEL EKOTOUUDPLA XPNOTEG Ol 00101 OAANAETIOPOVV pHETAED TOVG Kot
onuocievovy mepleydpueva. H peiétn ko avaivon 1€1010v SIKTO®V UTopovV Vo, HoG
TOPAGYOVYV CNUAVTIKEG TANPOQOpieg o BEROTA dOUNG SIKTVOL Kot O10THTOV, KOODG

Kol 01 006MG TANPOPOPiaG.

H pelét oot mopovoidlel v avdivon tov Kowvmvikov oiktvov e Néag OpAedvng
10 omoio amoteleiton amd 63 yhddeg ypnoteg kol 817 yIMAdEC KOWMVIKEG OYECELS
HETOED TOVG Kol EEETALEL TOL YOPOKTNPIOTIKA TOL KOOMS KOl TNV OViYVELOT] KOIVOTNTWV.
Ta omoteléopata katadewkvoovy v Vmapén Wothtov power-law kor small-world
péoa oto oikrvo. Iapatnpeitar 6Tt o1 ypnotec mov €yovv Alyovg @ilovg teivouv va
elval mo ovvoedepévol. Emiong mapatnpeiton 6t o1 kowvotnteg peyébovg péypt 100
KOuPov Tapovctdlovv moAd koAl moldtnTa, evd kowvdtnteg mEPA TV 100 kOuPov
napovotdlovv yepotepn mowdtnro. Emiong, Pdon &vog akydopiBpov 10 dikTvLO
YopiomKe 6€ KOWOTNTEG Kot Tapatnpnonke peydiog aptBpoc Kp®V KOWOTHTOV Kot
TEGOEPIC KOWOTNTEG UE TeEPAoTIO apud kopPov. Télog, eEetdotnke To centrality ot
napatnpinke Ot ot KOpPor dev emmpedlovv TG aAANAemdpacel; petaEh GAA®V

KOUPwV Kot N amdcTac OA®V TV KOUP®V HETaED Tovg gival mepimov 1) 1010.
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Ewaymyn
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1.3 Xvveiopopa 3

1.1 Ewayoyn ota Online kowvovikd diktoa

[Ipoopata Exovv KAVEL TNV EUEAVION TOVG M0 VEX KATNYOPiol SIKTV®MV To AEYOUEV
online kowwvikd diktvo (online social networks - OSN) ta omoio £xovv yiver didonua
Kol €xovv EEMepPAoEl 0€ GUVTOUO YPOVIKO dtdotnua 10 Tapadociokd WWWeb oe
xpnon [32]. Avtd eixe og amotélecpa Vo TPOGEAKHGOVY 0AOEVA KOl TEPIGGOTEPO TNV
TPOGOYN TOV OKOOMUATK®OV KOl EPEVVNTOV Ol 00101, YONTEVUEVOL OO TIC TOAAEG

SVVOTOTNTEC TOL TTAPEYOLV KOl TNV TPOSPACILOTNTA TOVS, BELOVY VO, ToL LEAETHGOLV.

Axpdc O0mmg Kot £va OIKTLO VTOAOYICT®V €ivol €va GUVOAO OO UNYOVILLOTO TTOV
ovvdéovtar petald Tovg pe KoAmO, £T61 Kot vo, Kowvmviko diktvo (social network)
pumopet va avoamapactobel g €va cuvoro avBpomwv (1] opyavdcemv 1 GAA®V
KOWOVIKOV QOPEMV)  TOL GLVOEOVTAL [E EVA. GUVOAO OO KOWMVIKEG oyéoelg (Social

relationships), 6mwc n eihio, M cvvepyacio | N avtolloyn TANPOEOPIDOV KAl TOP®V.

Ta online kowwvikd diktva e€glicooviot kol avanticcovtal paydaio o€ tétowo Padud
nov yivovtol TAéov avamdomacto pépog Tov Internet. Ot GvOpwmol cuveymg emBLHOVY

VoL GAANAETOPOVV PETAED TOVG TOCO GE TPOCMOTIKES EMAPES OGO KoL OTIG EMLYEPNOELS.



H wavémta tov Internet va mpoc@épet avti T SuVOTOTNTA SIKTLMOOTG YIVETOL OAOEVAL
KO 710 1oYVPN Kol TAOVGLA, HE OTOTELEGHA VO Exovpe po TAnOmpa amd online social

network websites.

lotooehidec ommc 1o Facebook! (e mive amd 750 ekotoppdpa yprotes) [37],
LinkedIn (pe moveo oand 80 ekatouudplo yprotec), MySpace (ue mdveo amd 74
exatoppvpro ypnoteg) kot Orkut (pe mévo omd 74 exotoppidplo xpnoteg) eivan
YOPUKTNPLOTIKE TOPASETYLATO SISOV KOWOVIK®OV OIKTVMOV TOV £YOVV TPOGEAKVGEL
EKOTOUUOPLO. YPNOTEG, OMO TOVG ONMOIOVG TOAAOL TOL £YOLV EVOMUATMOOEL  GTINV
kaOnuepvodta Toug. Kabbg avtég ot 1otocerideg vmootnpilovy v dwatpnon tov
VIAPYOVTIOV  KOWOVIKOV SIKTO®V (QAMeg mov avamtuydnkav oty kadnuepwn on,
oyoAeio, owoyéveln, yeitoveg KTh), vmootnpilovv emiong v obvoeon UETOED VEWV
YPNOTOV pe PAon Kowd evolapEpovta, dpactnploTnTes, @iAovg KTh. Emiong dAieg
10T00eAdEC TpoopilovTal Yo GVYKEKPIUEVOVG YPHoTES, Onmg T0 DeviantArt (ue mavm
and 14 exatoppvplo ypnoteg) mov givor Yoo ypagioteg, €ved OAAEG 10TOCEADES
S0POPOTOOVVTOL OC TPOS TOV TPOTO EVOMUATOONG KOl OVTUAAOYNG TANPOPOPIDV,
omw¢ 10 Youtube (pe mwhvo amd 720 ekatoppdplo xpnoteg) yuo Pivieo Kol LOLGIKN, TO

Flickr yia ootoypagieg kabdg, kor 1o LiveJournal (pe méveo omd 24 exoatoppdplo

xpNoTES) Y blogs.

[Tapd Vv mowiMa Tov online KowoviKav diktowv OAa Pacilovior o éva Pacikd
unyaviopo. Ot ypnoteg, mov etvarl 10 Poctkd cLGTOTIKO KAOE OIKTVOV, YivovTol HEAN
TOL  KOWMVIKOD OKTVOV, ONUOCIEHOVY TO OIKO TOVG TEPLEYOUEVO, KO OMUIOVPYOVV

oxé0e1S e GALOVG YPNOTEG.

1.2 Kivntpo 1o ™ Mehét

H elopetikd vymin dnpotwodmto Ko paydaio avdntoén tov online KowvoVIKGOV
OKTV®V, Oivel pio HOVAOIKT gvKopiol Yiol LEAETT Kol KATAVONGT TOV 1010THTMOV QLTOV
TOV KOWOVIKOV OkTowv. H cvykekpuévn avdivon propet va Bonbnoet 6e moAAoVS

TOUELS.

! To otatioticd yio tov apdpd ypnotdv ota online kowwvikd iktvo Tapdnkay omd v 16TocEASN
www.google.com/adplanner/planning/site_profile#siteDetails yia dAa ta kowwvikd diktva. Tekevtaio
eniokeymn g oeAidag Eytve tov Mdawo tov 2011.



M €15 BdBog katovonon g Soung evOg KOWVOVIKOD SIKTVLOV, KoM Kot TG eEEMENG
™G OOUNG OVTNG otV TAPodo Tov YPOVoL, UTOpel Vo OONYNCEL GE YPNOIUES
TANPOPOPIES KOl YVAOOT TOV UTopovV va ypnoioromBovv oyt pévo oty aflohdynon
Kot BeAtioon TOV VEIGTAPEVOV TAATEOpU®Y oV vIootnpilovv ta online kowmvikd
diktva (6mwg 1o Facebook), aAld kot otV Onpovpyio. KOAOTEPOV UEALOVTIIKOV

TAUTQOPU®V OV Oa TPOGPEPOLY PEATIOUEVES VIINPEGIEG GTOVS YPNOTES.

Ocov agopd ta TAnpopoplokd cvothuata (Information Systems - IS), ta kowwvikd
SiKTLOL LTOPOVY VO ODCOLV [0l CTHOVTIKT YVAOOT] Y10 TIS WO10TNTEG TOVGS, TAPEYOVTOS
€161 T dVVOTOTNTO EKUETAAAEVONG Kol 0E0TOINGNG TOVG £T01 MOTE Vo BeATimBovV Ta
ovotnuata. Tétoleg Pertidoel Bo umopodcsav va EQopPUOCGTOVY Yo TN d1Ad0CT TNG
TAnpogopiag Kot Tov €Aeyyo ™G O1ddoong Kabdg emiong kol oe VEOLS TPOTOLG

avalTnong Kot avaKTnong TAnpoeopiog.

[Tépav amd TV ¥PNOIUOTNTO TOVG OTNV TANPOPOPIKT], 1 LEAETN TV online KowoVIK®V
OIKTO®V etvar €El0OV GNUOVTIKY KOL Y10L TOVG EOIKEVUEVOVS GTNV KOWVMVIOAOYiN, GTNV
TOMTIKN] Kot 6T0 UAPKETVYK. TIpospépouv pior tepdotio TOGHTNTO dESOUEVOV TTOV
TPONYOLUEVOGE NTOV  0d0VOTO  vo.  oLAAgYOel. Afvetonr m duvaTOTNTO.  GTOLG
KOW®VIOAOYOLG Vo EEETACOVV TO OEO0UEVA £TGL DGTE VO UTOPEGOVY VO EMOANOEHGOVY
TG Oewpleg emkowmviog, KaODg Kot vo avalntnoovy vEOLS TPOTOVG KOl HOPQES

EMKOVOVING.
Mo tovg efedikevpévoug o1V MOMTIKN] Kol OTO HAPKETIVYK, 1 MEAETN KOl M
TOPATAPNON NG PONG NG TANPoYopiag HECH GTO KOWMVIKO Oiktvo, pmopel va

oLuPdArel otV BEATIOON TOV TEYVIKOV SOONUOTS Kot H1A000NG TG TANPOPOPIoG.

210%0¢ Aomov NG epyaciog etvatl va eEETAGOVILE Kol VO, KATAVOTGOVUE TIG WOOTNTES

evog online Kovmvikol dikTvov, Kot Vo KOTAANEOVUE GE XPTOLLN GUUTEPAGLLOTAL.

1.3 Xvvero@opa

Y& aTN TN SITAMUATIKY £X0VV EQUPLOOCTEL Ypapo-0empnTikéc Evvoleg mive ato online

Kowovikod diktvo g Néag Opiedvng. ‘Exel mapatnpnfel 6t n katavoun tov degree



napovoldlel 1810tteg Tov power law. Emiong €xer mopatmpndei ynAd clustering
coefficient kot younAn dwapetpog. o mepartépm avaivom, £xel KATAGKELOOTEL £vag
TUY0i0G YPAQOg 0 omoiog cuykpiveror pe to clustering coefficient. "Eyet doutdv
nwapatnpndel OTL 0 GLVTEAEGTNG TOV KOWWVIKOD dKTHOV glvarl 24 @Oopég To HeYAAOG
amd Tov TuYaio YpAaeo. Me cuvdvaoud ymiov clustering coefficient kot pikpng
dapéTpov, ocvumepaiveral 6Tl 10 SiKTLO OVAKEL otV Koatnyopia tov small-world
OTO®V.  Z1n ocvvéyew, &xel egetaotel M Vmapén KOwoTNTOV HEGO GTO KOWMOVIKO
diktvo. 'Exel mopatnpnfel mog n modtta g KaADTEPNG SLVATNG KOWOTNTOG G
ocuvaptnon tov peyéhovug eivar otovg 100 kOpPovg kot 660 peyordvel 0 aplBuog
KOUPov 1060 Yepotepevel 1 mowtnta. ‘Eyxel epappootel o akydpiBpog modularity yio
va yopilotel 1o diktvo o Kowotntes. Emiong €xel mapatnpnOel ynin tiu modularity
pe HEYOAO aplOpd HIKpOV KOWoTNT®V, e eEaipeon 4 KOWOTATOV OV £X0VV HEYAAO
apOuo kopPav. Télog, Exet e€etaotel o centrality Tov kKOpPov kot £xel mapatnpnOel
0Tl M ovvtputtikny TAEloyYNPio KOpPwv mapovcstdlovy yapunid betweenness Kot TEG
closeness moAD kovid 6to péco 6po. Ta cvumepdopoto aVTE KATASEKVOOLY OTL Ol
KopPot givor amokevipopéEVol omd o d1KTVLO Kol gV emNPedlovy TIG AAANAETOPACELS

peTaEy dALmV KOpPwv. Emiong éxovv oyetikd v 1010 amdctact pneta&d toug

To vmolowmo pépog G OmAMUATIKNG givol opyavouévo og eénc. To Kepdiao 2
mapéyel T oxetikn PipAoypapia pe v omoia oyetiCetar to Oépa. To Kepdiao 3
TEPLYPAPEL TIG UETPIKEG OV Exovv ypnolponoinbel ota mepduota. Xto Kepdhioo 4
neprypdpeton n peBodoroyio mov axorovdnOnke v v deoymynq ¢ Epeguvagc. 1o
Kepdhiao 5 mapovcidlovior to TEWPAUOTO Kol TO AroTEAECUATO TOVG. TEAOC, oTO
KEPAAO0 6 Tapovctdloviol To TEAKO GLUTEPACLOTO, EPOPUOYEG KOL TEPLOYXES Yol

LEALOVTIKY] £pEVLVOL.



Kegpalaro 2

Yyetikn Biphoypagia

H pedém tov kotvovik®v SIKTO®V Kot 1 KOTavOonon TV YopoKTNPICTIKOV TOVS KaOdg
Kol GVoYETION TOVG pe TNV Bewpia Tov Ypdpov eivar P amd TIC TOAAES Kol TPAOTES
€peuveg TOL &yvay omd epELVNTEG OPOPWV KAGOWV emotnung 6mwg ITAnpopopikn,
Kowwmvioloyio ko Owovopkd. Ov Jon Kleinberg (kobnynthg ITAnpopopikng) kot
David Easley (kaOnynmc Kowovikdv Emotudv) cuvepydotnkay kot £Xouv eKdMoEeL
éva BipAio mov cuVOVLALEL OPOPETIKEG EMOCTNUOVIKEG ATOWELS GTNV TPOGEYYIoN TNG

KOTOVOMoNG SIKTL®V Kol TNG GVUTEPIPOPAS Tove. [10].

Epsvvntéc édei&av 611 to Web [26] kot ta kowvovikd diktva [2] mapovoidlovy power
law distribution xafd¢ kot TpdTEWVOY AAYOPIOUOVE Y10 OTOTELEGUATIKY OvalNTNOT GE
tétola diktva [3] . Power law diktva givar to diktva 6mov 1 mbavoTTa £VOC KOUBOL
va €yet degree k givar avaloyn tov k% ywo ueydro k xora > 1. Onodte to degree twv

Koupov mtapovoidlel heavy-tailed xatoavoun.

Mo evdapépovoa épevva givar to mepdpato tov Milgram [24].  Xkomdg tov
TEWPAUATOV NTAV 1 LEAETN TOV UNKOV TOV LOVOTATIOV G £va diKTvo, divovTag 6Tovg
GUUUETEYOVTEG €val Ypaupa vo dPifdcovv oe yvmotd Tovg, pe TtV €Amida OtL Ba
otdoet oe éva ovykekpévo mapainmrn. Ta mepdpata £6eiav 6T TapOAO MOV TA
TEPIOCOTEPA YPAULATO YOONKOV, TO €vo TPITO TOV YPAUUATOV EQTACHV GTOV TEAMKO
TOPOANTT TEPVAOVTAS Katd péco O6po amd 6 dtopo. Ta mepdpoto ovtd Moy 1
Tpoélevon ¢ dnuoehovg Evvotag “six degrees of separation” 1 oAlwg “small world
phenomenon”.  Tlepatépw épevveg €dei&av OtL apketd diktva, including Web,
napovoialovv small-world yapaktnpioticd [4] [16] [2] 0mmg pukpn dtdpeTpo Kot ynAd
high clustering coefficient [35].



O Rapoport [31] «ot ot Erdos kot Renyi [11] tov and toug TpdToug mov peAéTnoov
TOVG TVYOIOVG YPAPOVG, TO TO AMAd KOl YPTGILO HOVTELD SIKTO®V KOl TPATEWVAV TO
amlo Khaoowkd Poisson povtého ypaeov. Xe ovtd to povtéro, ot (undirected) oakpég

tomofetovvTon toyaio petald n apBpd koépPov yoo va dnuovpyndel éva diktvo to

omoio KaBe amd TIC mOavég akpég mapovcialovion pe mBavotnTa 7T, Kot o

apBuds TV akudv mov evavovtal o kabe kouPo (degree) katavépetal oviAoyo g

SIWVLLIKNG KaTavouUng ) TV Katavour Poisson 6to 6pto evog peydiov n.

H avakdioyn tov power law degree distribution kot tov small world dwtoov,
odnynoe oty avdamntuén tyaiov ypleov mov Tapovctdlovy aVTA TO YOPOKTNPIOTIKA.
Tétow povtéha sivar to web graph mov mpoteivouv or Cooper ko Frieze [8] kot to
Growing random network tov Krapivsky xat Redner [18] ta omoio éyovv otabepn

dibpetpo kot AoyapBukd avavouevo degree.

‘Epevva yio v e£€MEN tov diktvov 060 Tepvael o ypdvog [20] €doeiEe 6T Tar dikTval
napovoialovv densification power law, dniadn to out-degree tov kOuPwv avédveta
pe tov xpovo axorovBwvtog éva euowd potifo (pattern). Emiong, €o€i&e o011 1
OlaueTpOg piKpaivel 660 peyolmvel (oe KOUPovG) To dIKTLO KOl TPOTEWVE TO HOVTEAO
Tuyaiov ypagov Forest Fire model to omoio @épet ta o mhve yapaxtmpilotikd. Aiyo
Kopd HETA, 01 10101 EPELVNTEG TAPOVGIOCAY TOVE TPMTOTOPLAKOVE Ypdpovg Kronecker
ol omoiot Oyl pOvo Tapovcldlovy TO YOPUKINPIOTIKA TOV OIKTLMOV OAAY Kol To
daypovikd yapaktnpiotikd (densification power-law, shrinking diameter). Emiong pe

4 uévo mapaUETPOVS UTOPOVY VO LOVIEAOTOU|GOVY OTOTEAEGUATIKA VITAPYOVTA OiKTLO.

Kémowtr pabntég 0éhovtag va dovv mwg Ompiovpyobvtal ot GYECELS HEGO OTO
Kowovika diktva [17], ypnowomoincav éva kowmvikd oiktvo Kot eEétacav Tig
aAnienidpdoeis petald xpnotdv Baon tov e-mail header kot £6e1&av 0TL véeg oyéoels
péca oto diktvo givor mo mBovov va dnpovpyndovv petadd kOpPpwv mov Ppickovron

KOVTA 0 €VOg GTOV GAAO.



Epsovntég katédei&av v vmoapén KowotHtev pEcH oTo Kowavikd diktva [25] ta
omoio €ivatl LTOGVUVOAN TOL SIKTOOL KOl EIVOL TLO GUVOESEUEVO EGMOTEPIKG O’ OTL TO
dikTVO GLVOAIKA. AVTO TVPOSOTNGE TNV UEAETT AAYOPIOU®V Yo aVixVELOT KOWVOTNTOV
péoa ota dlktva. Ot mpdteg mpooeyyioelg ydplav Tovg KOUPOLG o€ KOWOTNTEG
KPOTOVTOS IKPO TOV aplud tov akpmv petald kotvotntov. Me avt) v KAOGGIKN
Tpocéyylon, mpotddnkav aiyopiupot [30][15] ot omoiot ywpilovv 10 Ypheo ce dvO
KOWOTNTEG, KOl 0T cuvéyew ta yopilovv Eava kot Eavd ®OTOV Vo, PTACOVY GTOV
aplfud TtV KowoTNTOV MoL emEAEEe O ypNomS. To HEVEKTNUO OVTOV TV

alyopiBumv eivarl n Tpoemloyn apBpov TEMK®V KOWVOTHTMV.

Ot Girvan kot Newman [25] mpoteway aAdyopibpo mov dev ypewaldTay v LITapyEt
TPOVTAPYOLGA YVOGT Yo TIG KOWOTNTEG PEGH 6€ dikTvo. O ahydp1Buoc vmoroyilet v
O CNUOVTIKN aKp| HESH 6TO SIKTLO Kol TNV apatpel. Avtd emavorlapdveTon uéypt o
YPAPOG VO YOWPIoTEL G€ KOUUATIO, KOl OVTA To. KOUUATIo Oewpovvtar kowodtnteg. O
VIOAOYIGUOG TNG O CNUAVTIKNG OKUNG YiveTon pe v uetpikn betweenness n omoia
tetvel va dtvel ymAn T oe akpég mov eivan yépupeg petald kowvotntov. Enedn oe
dikTLOL HEYAANG KMpoakog o akyopiBuog etvar apydc, mpotddnke €vog eVOAAIKTIKOG
aAAG o ypryopoc aAyopiBuoc pe Paon to modularity [27]. O aAydpiBuoc avtog
apyilel pe Tov kdbe KOUPO var aviKEL G€ o EEXYMPIOTH KOWOTNTA KOl GTY) GUVEXELN
evovel (edhyn kowot)twv, owAéyoviag kabe @opd 10 (evyog mov Oa ddoel TNV
ueyaddtepn avénon (M peiowon) oto modularity. Ou Clauset et al [7] mpotewvay o
TOPoALOyn] TOL OAYOpIOHOL OV Elvol MO PEATICTOTOMUEVOC KOl OMOOOTIKOC KO

EMTPEMEL TNV YPNOOTOINGT TOV GE TEPAGTIONS YPAPOVS LE YIMAES OKUEC.

Adeg mpooeyyioelg e€€tacav Ty aviyvevon moAlamAdv, overlapping kowvotntwv kot
épyovtal og avtiBeon Ue TIC TPOCEYYIGES TOV TAPOLGLALOVTAL TO TAVE®, Ol OTOLES
yopilovv tovg kOpPovg oe povadwkd non-overlapping kowotnteg. O Palla [29]
npodteve v ypnon tov k-cliqgues (Clique Percolation Method) yw v aviyvevon
KOWOTHT®V o€ OlopopeTikd peyédn. Ov Baumes et al [5] mpotewav moapdupow

TPOGEYYIoN 1 0Toio KOTALEL TPATA Y10 GTEVA GLVOEOEUEVOVS KOUPOVC.

‘Evag dAAog alyopiBpog mpotdbnke omd tov Leskovec [23] o omoiog petpd v

o0 TNTA TNG KAADTEPNG duvaTnG KOvoTnToS HE BAon To péyehog, YP1CILOTOIMVTAS TN



petpikn conductance. v épevva tov, o Leskovec mopatipnoe Ot 6xeddv Oha To
diktva mov peleTONKav, Topovciacay KOWOTNTEG G MOAD WKPA peyédn kot 660

avéavotav 1o péyebog 1060 yepoTéPELE 1 T conductance.

[Ipdopoatec €peuvec oYeTIKA pe TV oAANAemidpacn ypnotdv oe online kKowmvikd
diktva £0et&av OTL VIdPYOVY dVO EBOV dPUCTNPOTHT®V: Ol opatéG (Mmessages, share
content) ko o1 ciwmnAég (browse user’s profile) [6]. Mua épevva [33] maparipnoe 0Tt
H  HEWVOTNTO TV  YPNOTOV  ONUOVPYOVsHV TNV TAEOYNEI0 TOV  0OpoToOV
dpaotnprottov. [Hapatmpnoe eniong mopoTHPNCE WO YEVIKY TOPOKUN oTOV aplOud
TV  dpactnplottev petald Cevydv ypnotdv 10 Omoio VmodnAdvel OTL M
dpaoTnPOTNTO OAAALEL GLUVEYMG GTNV TAPOOO TOL YPOVOL, EVM T YUPUKTINPICTIKA TOL
KOW®OVIKOD O1KTOOV mopopévouy otobepd. M aAAn épesvva [14] édei&e OTL ot
CWMNAEG  OpacTNPIOTNTEG  OMOTEAOVV TNV CUVIPWITIKY  TWAEWOYNQid TV

OpacTNPOTATOV HETAED ¥PNOTOV.



Kepdiaro 3

Avaivon
3.1 Avamopdotaon KOwmviK®v SIKTH®V LE Ypaeo 9
3.2 Metpukég 10

3.1 AvamtapdoTaon KOVOVIKAV SIKTVOV IE YPaPO

"Evag ypdoog givor £vog amhdg TpOTOC Yo Vo, TPOGOIOPIOTOVV 01 GYECELS OVALEGO GE
g cLAAOYN amd avtikeipeva. To aviikeipeva 6tov ypaeo avIumposOTEHOVIOL MG
Koufor Ko ol oy€celg avdpesa toug o¢ akpés. ‘Eva online social network, 6mtmg 1o
Facebook, umopei va avanapaoctadei pe Eva undirected ypagpo G = (V, E), émov V givan
10 oOVOAO TV KOuPwv kat E 10 cOVOAO TV okudv. Xtnv mepintwon tov Facebook,
évag kouPog avimpocwnevel Evav ypnotn tov Facebook kot o okun peta&d dvo

KOUPOV avTurposmmedel TNV GLMa LETAED TV SVLO XPNCTOV.

o,

12

Yympa 3.1 Hopdderypo evog undirected ypdoov G=(15,19) 9



3.2 Metpkég

Ye owtd 10 vIokePAAoo Bo €EETOGTOVV Ol UETPIKEG OV YPNGLLOTOVVTOL T
nepdpata. To mapadelypota kot o aplOudg kKOUPOvV 7OV avaEEPOVTAL TOPAKATO,

apopovV 10 Ypdpo oto Xynua 3.1.
3.2.1 Density

To density givorl po omd TIC TO EVPEWMS YPNOUOTOIOVUEVES LETPIKES Y10 TV OVAALOT

™G OOUNG EVOS KOWVAOVIKOD SIKTVOV..

Eivar 0o apiBudg tov oyxécemv (axpmv) mov vrdpyovv o€ €va KOWmVIKO 0iKTvo o€
oyéon ue 1o péytoto apliud tov mbavov oxéoewv (akpmv). Tuomikd, to density evog

ypaeov G pe V xopPovug ko E axpéc opiCetan oc:

2 F
V(V -1

DG =

Meydro density onuaiver koAn ocvvoyn o©t0 KOWOVIKO OikTvo (peydAoc oplOpog

oyxéocwv-akuov). ILy. D G = 0.19

3.2.2 Degree

To degree evdg ko6pPov opiletarl g 0 apBuUdc TV oyécemv Tov pe GAAOVS KOUPOLGS, L

Ala Aoy, 0 aplBudg TV aKUOV TOL.

Tomkd, éotw 601t Nv; givor To cuvoro TV yerrdvev Tov KopPov v; 10te T0 degree Tov

v; opiletan o¢:

Deg v; = Nv;

10



Meydro degree kopuPov anodeikviet tight diktvo 510t1 o1 kOpPot Egovv peydro aplOud
oxéoewv. To average degree pmopel vo OMOEL oL EIKOVO TNG GLVEKTIKOTNTOAS TOV

Kowvavikov owtvov. I[L.y. Deg v; =3

3.2.3 Degree Distribution

Emne1on péca og €va kovmvikd diktvo oev £xovv 0Aot o1 kOpPot to idwo degree, Yo va
vroAoYyiotel M daomopd (€Vpog) tov degree TV KOUP®V, ypnoomoleiton To degree

distribution.

Omnote to degree distribution P (k) evdg kowvmvikod diktdov opiletal ¢ 10 T0606TO

TV KOUPov 0V diktvov pe degree k. [y, P k =3 = 0.2

3.2.4 Diameter and Effective Diameter

H dbpetpog evog kotvavikod OKTvov givor 1 peyaAvtepn amdotoon HeTald kdbe
Cevyovg kOuPwv oe éva diktvo, O6mov 1 amdotoon opileTol ®C TO PNAKOG TNG

GLUVTOUOTEPNG SLadPOUNG HETAED TV KOUPV.

H avédlvon g owpétpov oe €vo KOWViKO OIKTLO Umopel Vo OMOEL OPKETES
ONUOVTIKEC TANPOPOPieg OTMC OGO KaAd (1oYVpd) GLVOEdEUEVD givan TO OTKTVLO Kot
TOC0 YpNyopa Hropet va gTdoet po mAnpoeopio omd tov Eva kOpPo otov dAAo. Av 1
SUETPOG tvar yapmAr], owtd onuoaivel 6Tt o1 KOUPol propovv vo Tpoceyyicovy GAlovg
KOUPovg o gvxoAa.

I1.x. Diameter tov G givarl 5, pe T0 PEYOAADTEPO KOVTIVO LOVOTATL VO €ivol amd TOV

koupo 3 oto koépuPo 13.
AbY0 0V OTL VIApPYEL TMOUVOTNTA Evag UIKPOS apBudg kOUPwV va oynpaticovy po

“aAvcida” e amOTEAECO VO TUPEKKAIVEL OTULOVTIKA 1) O1BUETPOC, YPNOYLOTOIEITAL Lt

“smooth” popen avg g petpikng, to effective diameter.

11



Omnote, effective diameter opiletor og n eldyiot amdotoon Katd v omoio 0 90%
(90th-percentile) 6wV TV cLVIEdEUEVOV (EVYDV KOUPOY UTOPOTVY VL PTACOVY O £Vag

TOV GALO.
3.2.5 Xvvrereostiig Clustering (Clustering coefficient)

O Zvuvteleotg coefficient evog kOpuPov eivon 1 mBavdTTO SVO TLYCIWY YEITOVOV TOV
kopPov va givar eidot (cvvoedepévol) peta&d tovg. Me dAha Aoy eivan T0 TOGOGTO

TV (EVY®OV TOV YETOVIKGOV KOUPOV Tov KOpPov mov gival cuvoedepévol petald Toug.
[10]

To clustering coefficient tov v; eivar 0 apOpodG TOV oKkpm®V petald YeETOVOV TOV

KopPov ¥i dua Tov aplfpd dAwV TV ThovoOv aKpOY HETOED Tovg Kot opileton og e&ng:

_ 2n
of vi = ki(ki—q)

Omov n gival 0 apBUdc TV oKUOV HeTaEd @IA@V Tov V; Kot K; eivat o apBpog tov

yertdovav tov v; (= deg(vy) ).
[ly.cf v, =033 xoicf v3 =1
To clustering coefficient Tov ypdgpov opileton wg:

3N,
CC=—-

N
Omov N, eivar 10 ovvoro tov triplet kopfov mov sivar cuvdedepévor kon Np 1o
oOvoro Tov triangles kouPwv mov givar vieddg cuvdedepévol peta&hd tovg. O apliuog
3 mpoxvmtel and to yeyovog 0Tt To Kabe triangle kouPfwv pmopel va avamapactadel pe

tpia Swpopetika triplets. IM.y. CC=0.13

12



3.2.6 Betweenness Centrality

Ortav 600 kopPor dev givar dueca cuvdedepévol, T0Te o1 OAANAETIOPAcES LETAED TOVG
umopet va e€optdvror omd évo GAAO KOUPO, €0IKA oV O GLYKEKPIUEVOS KOUPOG
BplokeTotl 610 GUVTORO HOVOTATL TOVG. OTOTE AéyeTan OTL 0G0 TO GLYVA Evag KOUPOg
Bpioketan og vt ™ BEom 1000 7O KEVIPIKA €ivar HEGH 6TO KOWmVIKO dikTvo. Eyet
dNAadn v dvvaun Tov EAEYYOL TANPOPOpPiG Kot avtd cvAAauPdvel To betweenness
centrality [12].

Betweenness centrality opiletan ®g o xovovikomompévog (normalized) op1Ouog
GUVTOL®MV HOVOTATI®V 7OV TTEPVOLV omd Tov KOUPo péoa 6To Kowwvikd oiktvo. TO
betweenness centrality evog koppov ¥i eivar:

X< r(Vi)
.gjk

(V—1)(V—2)]
2

CB{I‘?i}z ,i?ﬁj#k

Omnov ik givar o apOdg TV POVOTOTIOY HETAED KOUPmV Vj Ko vie kou g (V) etvon o
apipdg TV HOVOTATIOV HETAED V) KoL Vi Tov meptExovv tov v;. (V-1)(V-2) givan o
uéyiotog apudg Levydv kOuPwv mov dev mepiéyovy to v; [34].

ILy. Cg v, =047

Omnote, 10 betweenness centrality evog kopPov diver Tov Babpod eréyyov mov aockel o
KOUPog otig ahAniemdpdoelg GAAoV KOUP®V péca 6TO KOmViKS dikTvo. AtucsOntcd
o€ £vo KOWOVIKO 01KTLO, 1 HLETPIKT] 0VTH guVoEl Wiaitepa TOVS KOLPOVG TOL EVOVOLV
dVO0 M TEPLGGOTEPES KOWATNTEG LEGH 0TO OlkTLO £vavTl KOUPwv mov Ppickovtol péca

GTIG KOWOTNTEC.
3.2.7 Closeness Centrality

H 10¢a tov closeness péca o€ éva kKovavikd diktvo eivor n €€Ng: edv €va dtopo givan

KOVTA oTo dALD dTopa PHEGO 6TO OTKTLO, TOTE ALTO TO ATOUO UTOPEL VO AAANAETIOPAGEL

13



MO YpPYopa HE TA VEOAOWmO GTOMO. WHEGO oTO OikTvo. ALTO &€ivol 10 AgyOuevo

“independent communication”.

To closeness centrality mpooeyyiler v amdotoon evog kOpPov o€ OAOVG TOVG
VIOAOmOVG KOUPOLG HECH GTO KOWMVIKO Oiktvo, Aaupdvovtag vmoyn kot v

amOGTOCT TOL KaBe AAAOV KOUPOL [ OAOVG TOVES VTTOAOITOVG.
To closeness centrality evog koppov ¥i eivat:

V-1

]
E}{led (I‘?I"' 1?_}')

Ce(vy) =

d(vi.v;) givon N amdotacn petald Vi kon Vi [34].

HX CZ 177 = 0.58

Omnote, 10 closeness centrality opileton ®g 0 kavovikomomuévog aplfudc “pnudtov”
mov xperalovrol yiu éva omolodnmote KOUPo ywr va €xel mpocPacn o€ OAOVG TOVG

VTOAOITOVG KOUPOVG HEGH GTO KOWVMOVIKO O1KTLO.

Xe YeEVIKEG YPOUUES, évag kOUPoc mov givar evouévog o AALoVG KOUPOVE e TOAAESG
UIKPEG OMOCTAGELS UMOPEL VO YOPOKTNPIOTEL OC OVTOVOUOG G GYECT HUE OAOVG TOVG

VTOAOITOVG KOUPOLG TTOL givar AydTEPO EVOUEVOL (LLE UIKPES OITOCTAGELS).
3.2.8 Network Community Profile Plot

To network community profile plot petpd ™v mowdmro ™G KOAHTEPNG SLVATNG
KOWOTNTOG MG GLVAPTNON TOL HeYEDOVG TNG KOWOTNTAG 08 £va KOWV®VIKO diktvo [23].
"o vo vToloyloTel | OO TN TA P0G KOWOTNTOG YpNoyLomoteitat ) peTpikn conductance
7ov pmopel vo BewpnBel g 0 apBpdg axkpmv mov vapyovy (deiyvouv) €m omd TV
KOWOTNTA d10. TOV aptiid TOV OKUOV 6T0 £0MTEPIKO NG Kowvotntag. Oco mo pukpn

etvor n i conductance, 1o kKoAvtepn Oempeitar 1 Koo TO.

14



Bdon g petpikng avtng, o Ko Kowotnta ival autn Tov TePLEYEL TOAES AKUEG
peTall TV KOUP®VY TG KO GLVOLETOL LE TO VIOAOUTO SIKTLO HECH EAAYIOTMV OKUMV.
Pk =ming_,p S

# akpéc ¢¢w amo tnv KowvoTnTA

omov e S = —— -
¢ # aUKic ptoa oTNv KOWoOTNTA

3.2.9 Modularity

To modularity ypnowomoteitar yio. Ty €0peon KOWOTNTOV HESH GE £V KOWMVIKO
diktvo. To modularity Q evog kowvmvikov diktHov opiletar ¢ 0 apBUoOs TOV aKUOV
HECO GE TUNUATO TOL SIKTOOL UEIOV TOV OVOUEVOUEVO OPIOLO OKU®V HECH GE TUNLOTOL
evog tuyaiov ypagov [25]. H tywég tov modularity eivon amd to -1 g 1o 1. H tipn eivan
Betucn €dv 0 aplBuUdS TOV aKUOV HEGO OTIS KOWOTNTEG EEMEPVOVV TOV OVOUEVOUEVO
apOud. Anradr), mocOoTIKOTOEL TV TOOTNTA £VOG OIKTVOV GE KOWOTNTEG. 'Eva KaAod
diktvo mov €yet ynAn T modularity, eivar avtd mov €yl mOAAEG akpéc petagd

KOUPOV Héoa 6TIC KOWVOTNTEG Kol EAALOTES aKpES HeTa&d Kowotrtov [28].

Q = (# akuwv péoa oe TIMUa 10V SIKTOOV) — (# avauevouevVwY akuwy Uéoa o TUUQ TUYalov ypapov)
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Kegpaiaro 4

MeBodoroyia

4.1  Zxomdg Keparaiov 16
4.2  Zrpamnywn g Epevvntikng Mebodoroyiog 16
4.3  Teyvikéc ouAAOYNG Kot ovaAVoNG dEdOUEVMV 19
44  A&wmotia kol Eykvpoémta 24

41 Xkomoég Keporaiov

YKomOG TOv MOPOVTOG KepaAiaiov elvor M meprypaen g pebodoroyiog mov
aKoAOVONONKE YO0 TNV EKTOVNON TG TOPOVGOS EPELVAG. XTO TANIGI0 aVTO, B yivel i
CUVTOUN OVOOKOTNON TOV HeBOOmV Kol TPOoceyyice®mV mOv €ivol KAUTAAANAES Yo TIG

épevveg kot peréteg aloddynong kot aviivong onling Kowovik®v SIKTO®V.

2m ovvéyewn, mapovstaloviar ot Pocikés texvikéc mov elvar otn 01d0gon kdabe
pebBodoroyiag yuo T dlevépyeta TG avAALGNG online KOW®VIKGOV SIKTO®V, LE 1010iTePT
EULPOOT] OTIC OVTOUOTOTOMNUEVEG TOGOTIKEG TEYVIKEG OV TPOGPEPOLV TO EPYUAEin
aAnienidpaonc, | Ao avaivtikd epyoleio evpeiag xpnomng.

4.2  Zrpornywn g Epevvntikig MeBodoroyiag

Mo v dievépyea pog peAétng N epevvnTiKng dpactnpdtntog gival amapaitnm M

KATAOTPOOT LG oTpatnyikng pebodoroyiog n omoia Ba diémetl tn peAén. Ymapyovv
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dupopeg LeBodOAOYIKEG TPOGEYYITELS MG TPOG TOV TPOTO JLEVEPYELNG TOV HEAETMV Ko

™ eVon TV dedopévav Tov ivol dtadésua [39].

4.2.1 Aevtepoyeviig Epevva

H mopovoa épsuva  elvar  devtepoyevig  épevvo. KaBOTL Ta  dedopéva  TOL
YPNOWOTO0HVTAL GTNV avdAvon givarl veiotapeva dedopéva to omoia yovv GuALeYDEl

amd TPitovg HEGM SPOP®V HEBOOWMV Kot TEXVIKOV.

Emiong m pekétn g oxetkng Piproypaeiog kot epsvvov Bewpeitor PHEPOG G
OEVTEPOYEVNC €PELVOG KO O Yevikd g pebodoroyiag apov péca amd TNV UEAETN
ot mopEyovtal Katevduvinpleg YPOUUES Yia TV SlEEaywyn TopOUOL®Y TEIPAUAT®V

KOl OVOADGE®V Y10, TO VIO LEAETT] KOWVOVIKO O1KTLO

Inuetovetor 0Tt dev NTav dvvatd va eEACPAMOTOVV TPOTOYEVH EdOUEVE AOY® NG
@OONG TOV OE0OUEVOVY OV EIVOL AITOONKEVIEVO GTOVG SEIVers TV TAATQOPUDY TV
online kowoviK®v oktO®V. TToAALGL diKTLO OEV TPOGPEPOLY AVTA TOL OEOOUEVOL OTTOTE
pémeL vo. eQoppootody péBodor cuAloyng dsdouévav Ommg web crawling v click
stream to omoia eivor kol ovtd ypovoPopa Ko moAvmAOka. Ymwhpyer emiong o
TEPLOPICUOG TOL YPOVOV KOl TOL KOGTOVG Y10, VoL EEACPAAMGTOVY TPWTOYEVH OEGOUEVAL,

7060 TOCOTIKA OGO KOl TOLOTIKA.

H amevBeiog emoapn pe 1o péAN TOV KOWOVIKOV SIKTO®V Yo TNV €EACOAAMON
TOGOTIKAOV 1 TOWTIKAOV TANPOPOPIOV HE TN Oeaywyn epOTNUOTOAOYI®V 1/Kot
oLVEVTEDEEMY dgv MTav duvath] AOY®, HETOED GAA®V, NG EUMICTELTIKOTNTAS TV
TPOCOTIKMV dedOUEVOV KOOMOG kot TNV peydAn palo tov dedopévav mov Ba Enpene va
ovAleyBel. Emiong, dev Ntav gpiktd va yiver peyding kiipoxkog cuAloyn dedopuévav
péco pefddwv ommg web crawling 616tt awtd Oa ypealotav Oyt uovo duvortovg

VTOAOYIGTES Kot SEIVErS aAAd ¥pOvo Kot YnAd 0KovouIKO KOGTOC.

[Mopdrio mov ta dedopéva OV YPNGLOTOOVVTOL GTNV EPELVO, £ivVOL OEVTEPOYEVNG

evong, etvar agldmorto Kot Eykvpa kabmg Tpita dtopa £xovv Kével HeYAANg KAIpokag
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ovAloYn dedopévav Kot dnuocievcav to 0ed0pEVE. avTd TPOoS To gupL kowd. Ta

dedopéva autd mePtypapovTal avoAivTikd 6to vrokepaioo 4.3.1
4.2.2 Tlocotikéc M£Bodor Avarvong

H mapotvoa épevva ypnoonotet rocotixég uedodovs. Ot mocoTikég LEBodot diepguvovv
TIG CLGYETIOES HETAED SPOPOV UETAPANTOV Kal, ov gival duvatdv, ETLYEPOVLY VA
AVOKOADYOVV OYEGEIS oUTiov - autatod UeTaEd Tovg. Q¢ wetafinty opiletanl kdmolo
TOPOTNPACLO  YOPAKTNPIOTIKO OGS HOVASAG, Ol TWEG TOov omoiov Umopel va
TOIKIALOVY OVAIESH GE SLOPOPETIKEG LOVADES EVOG GLUVOAOV. Ot TOGOTIKEG LETOPANTEG

Taipvouv aplOunTIKéS TIéG (ouveyeic 1 SLoKPITECS).

Ot mocoTIKéG TEYVIKEG OV Tapovoldlovtol oty mopovco peALTn Bewpoldvton
KOATAAANAEG Yoo TNV avdAvon g doung Tov online KOWOVIKOV OIKTV®OV KOl TNV
aAAnAeniopacn tov ypnotav. Emefepydlovion mAnpoeopieg mov apopovv evépyeleg
Kol 010tTeC  EEYWPIOTAOV  aTOU®V, £0T® KOl OV O TOAAEG TEPUTTMOOELS TO
OTOTEAECUOTO TNG AVAAVONC TPOKVTTTOVV 0o £neEepyacio. GLVOVAGHLOV GTOYEIDV TOV
avapEépovtol o€ SpopeTikd dtopa. Ilepattépm, ot TeEXVIKEG AVTEG KAAVTTOLV TOV
OPIGUO  GLYKEKPWEVOV  Kpumpiwv Yoo TN UETPNON TOV OYECEWV HETAEL TOV

SOPOPETIKMY aTOU®Y IOV cuvepyalovtal g éva onling Kowwviko dikTvo.

AvaoKoTtnon ULOTAUEVNG
yvwong (2xetkn BLBAloypadia)

YUAAoyn bedopEvwy HE TNV
neBodo crawling.

AvaAvon 6ebopevwy Ue
epyoAeio SNAP

Yypa 4. 11 Avdypappa porjg pedodoroyiog
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4.3 Teyvikég ZvAroync Kot Avaivong Agdopévev

INoa mv vrootpiEn ¢ owaywyng ¢ €pevvoc mov aKoAOVLOEL TNV TOGOTIKY
pefodoroyio vITAPYOLVY IAPOPES rexvmégz KOl GTOTIOTIKG EPYOAELQ Y100 TOV DTOAOYIGUO
TOV ovoyeticewv petald  petofAntov. Aniodn, HETA TOV  KaBoplopd NG
pneBod0AOYIKNG TPOGEYYIoNG € oL €pevva gfvol amapaitnto va ypnoipuomoinfodv

PO PES TEXVIKEG Y10 TNV AVTANOT TNG YVOONS otd T0 vItd Bedpnon meptPaAlov.

4.3.1 Zviloyn oedopévev

Ta dedopéva mov €yovv ypnowomombel oy epyacia &xovv cvAieybel amd Ttovg
Viswanath et al.(2009) [33] yio. tnv épevva Tovg TV omoio napovsiacav oto 2° ACM
SIGCOMM Workshop yia to. kowvevikd diktvo [36].

H ovAloyn toug éywve pe v pébodo web crawling tov tomikod diktdov g Néag
Ophedvng tov Facebook. Anpovpyndnke évag apOuog Aoyapracumy tov Facebook ot
omoiot evtdyOnkav oto TomKO SikTvo Ko Ekavav crawl Tic mpogil celideg TV

YPNOTOV TOV OVI)KOVV GTO TOTIKO S1KTLO.

Oa mpémel vo onuelwbel ot vdpyovv Ta ovopoloueva Aoyiopka web crawlers ta
omoio emokémTovion cvykekpyuévee otevbovoelg URL kon Tig amobnkevovv  otov
vroAoylotn Yo mepattépw enelepyacio. [HapdAinio Kabdg emokénTovTal aLTEG TIG
devBivveoelg, avayvopilovv e VIEPCLVOESEIS OTI GEAIDN KOl TOVG TPOGHETOLV OE Eval
katdloyo oevBuvoemv URL kot 611 cuvéyela Tig EMOKENTOVTOL KO AVTES AVOOPO LKA
pe Paon éva ovvoro Kavovov mov opifovior amd TOV YXPNOTN. XTO GYNUO
TOPOVGIALETAL GUVOTITIKA TG AEITOVpYEl éva Aoyiopkd web crawler (mo mopokdTo

TEPLYPAPETOL TTO OVOAVTIKE TO GYNLLOL).

Ot 6elideg mpopid mepiéyovv ta cTotyeior TOV XPNoTn, TV Alota EIA®V KaOOS Kol TO

“wall” 1o omoio sivar po popen oAnienidpacng ypnotov. Ot @eilot Tov YpHo

2 01 teqvikég Sagépovy omd TiC peddSovg. Ot TEXVIKEG YPNOLOTOOVVTOL Yiol TNV KOTOYpaQr Ko
avdAvon tov dedopévav Tov givol xpoyla o€ po HEAETN, evd ot nEBOdOL YPNOIUEVOLY GTO YEVIKO
oxedloopd pog perétng, av kot ot PProypapion TOAAEG Qopég ot dVO Gpol YPNCYLOTOLOVVTOL
EVOANAKTIKL.
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uwopovv va dnpoctevcovy oydAla Tave oto Wall tov ypriot. Ta oxdio avtd pmopodv

va 60VV 001 OGO1 EMOKENTOVTIOL TN GeEALdQ TPOPIA TOL YPNOTN

1" mpooid URLs
ceMOO :
oAV
Downloader
Facebook — & :> Queue
Parser
URLSs
URLSs
N
v
Data
Scheduler

N—

Yympo 4. 2: Mapaderypo Lertovpyiog Tomukod Aoyispikov web crawler

H cvihoyn tov dedopévov €yve og 000 ypovikég meptodovc. H mpmt €ywve petald
AexepPpiov 2009 kar Iavovapiov 2009, 6mov cLAAEYONKAY TANPOPOPIES GYETIKA e TIG
oyéoelg eMag peta&d ypnotdv. To Aoyiopkd crawler Eekwva and éva xpnotn Tov
TomiKov dktvov ™G Néag Opledvng, Kot eMOKENTETAL OAOVG TOVS PIAOVG TOVL XPNOTN
ue v pébodo breadth-first-search (BFS). Xto oynuo eaivetor kabapd 1 drodikacio
oLAMoYNG pe v pébodo crawling. Kotefdletar 1 mpmdt mpopid aelida €voc ypnot
Kot Tifetar vmo emefepyocio. Omowdnmote ypnoa OedopEVa QUAAYOVTOL GTOV
amobnkevtikd ympo. O crawler avolvel v gelida mpopid ko Ppicket T1¢ dievOHVGELG
URL tov ¢ilov tov ypnom kot ta Palel oe pa ovpd. O ypOVOTPOYPOLUATICTNS
(scheduler) og cvykekpyéva ypovikd draotuata (to omoio opiCovtat amd Tov XpHot)
naipvel to tp®to URL amd v ovpd, katefalel mv oeAida ko v enefepyaletar.
Avtd ovveyiletar avadpopkd OOCTOL v adEldioEL 1 oLVPE 1 VO TEPUATIOTEL TO

TPOYPOLLLLO OTTO TOV YPOVOTPOYPOLLLOTIOTY).
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Y10 oyfuo eaivetor 1 péBodog breadth-first-search ko deiyver v oepd pe v omoia
eetdlovian ot koppotl (mpdta o ypnomg 1, petd o 2, o 3 kot ovt®w kobeEng). H
pébBodog Eexva amd v pila ko e€etdlel 6GAOVE TOVG YerTovViKovg KOUPovg (Tovg
¢@iAovg) Tov cvvdéovtal pe TNV pifa. Xtn cvvéyewn e€eTdlel Tovg YeIToVIKODS KOUPOLG
OV GLVOEOVTAL LLE TOV TTPONYOVUEVO YeEITOVIKO kOpuPo. H dadwkacio avty cvveyiletot

HéYPL va eEeTacTOVY OA0L 01 KOUPOt.

Xpnotng 1

Crawl this user

Xpnotng 2 Xpnotng 3
Oilogtou 1 4 Oilogtou 1
| ]
Xpnotng4  Xpnotng5  Xpnotng6  Xpnotng7
[ 0iosrou?] ®irog Tou 2|

Yyna 4. 3 Mapadsrypo pedodov breadth-first-search

H devtepn oviroyn éywe peta&d 20 Iavovapiov xor 22 Iavovapiov 2009, d6mov
cLMEYONKav TAnpogopiec oxetikd pe o “wall” tov ypnotdv mov avokeAdvednKay
oV mp®OTN 7EPI000 GLAAOYNG. AnAaodn KABe Kotoy®PNon ovTioTorel pe o
dnuocicvon oe wall kot mepiéyel TANpoopiec OYETIKA HE TO TOWOC EKAVE TN
dnpocigvuon, 6e modV TV £KOVE, TNV Nuepounvia mov £yve 1 dnuocicvor kabmg Kot To

TePLEXOUEVO TIC.

Amotélecpa g GLALOYNG dedopévav pe v uébodo tov crawling eivon éva dataset

nov epLEyel mAnpoopieg 90,269 ypnotdv ko 1,823,331 oyéocmv griiog PETAEL TV
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ypnot®v. Me Bdaon T otatiotikég tov Facebook ywo to tomkd diktvo, to dataset
KOAOTTEL TO 52% TV XPNOTOV TOL AVIKOLV GTO TOTIKO JIKTLO. ZNUEIOVETOL OPMG OTL
uévo 10 66.7% tov ypnotav (63,731 ypnoteg) elyav to TPOoPIA TOVG TPOGPAGLO TPOG
10 Kowo. OndtE, Y10 TNV OVOAVOT) TOV OEOOUEVOV YPNOUYLOTOIEITAL TO VITOGHVOLD TMV

63,731 ypnotov kot twv 817,090 oyécemv @iiiag peta&d Toug.

H ovAloyn dedopévov mapovstdlel KAmowovg meptoptopovs. Me v pébodo tov
crawling ftav dvvaty 1 GLALOYT SEOUEVOV TMV XPNOTOV TTOL EiYOV ONUOGIOTOMGEL
NV TPOYIiL dgeAido TOVG GTA ATOWA TTOL OVIKOLV GTO 1010 ToTkd dikTvo. (Ta oToryeia
OU®G EIVOL OVTITPOCMOTELTIKA EMEWN TO OESOUEVA KOADTTOVV TNV TAEWOYNOIO TOV
dktvov, 66,7%). Eniong n cvAioyn dedouévov frav dvvatn udévo oto giant connected
component tov oiktvov (dNAadN KABe oTorEio TOV d1IKTVOV UTOPEl Vo PTAoEL G€ KAOE
GALo otoryeio pécw evog povomation) oA Baon Tponyobuevng épevvag [38] éva giant

connected component teivel vo, TEPIEYEL APKETH LEYAAN TAEIOYNQi0 TOV YPNOTOV.

Aé&ilel va onpelmbei 6T ta dedopéEVa TOL GLAAEXINKAV EMEEEPYATTKAV OVTMG MOGTE VO,
dttnpnBet 1 avovouio yio TV Tpootacio TG WITIKNG (ONG TOV 1010V TOV XPNoTOV
(m.y. Ot ypnoteg avomapiotovvtal g apdpoi). Eniong éxovv cuiiexbel otoyeio yia
O00VC YPNOTEG EXYOVV TO TPOPIA TOVG OMNUOGIO TPOG TO KOWoO. Me dAAa Adyua, Oev MoV
dvvar 1 GLALOYN oTotKEIDV Yo GGOVE XPNOTEG EYOVLV KAVEL TO TPOPIA va epupovileTon

uovo o eidovg (M pepida atdU®V 1| 0€ KavEVOY).

4.3.2 Avaivon dedopévov pe to gpyareio SNAP

Endpevo Priuo elvar n avdivon tov dedopévev pe to egpyoreio SNAP kot m
nepapoatiky aoroynor tovc. To SNAP divet v dvvatdmta aviyvoonsg tov
dedopévmv Kot dnpovpyios oL YPAPOL TOL KOWMVIKOD J1KTVLOV, OToL KaBe KOUPOG
avamoploTd £va xpnoTn Kot kabe akun v oxéon euMag HETAED OVO YPNOTAV. XN
ovvéyelo  epapuolovial  ddpopes  Yphoo-Bempntikéc  évvoleg (6mwg  clustering
coefficient, density xtA) kot adydpiOpor (6mw¢ modularity) move oto yphoo Kot

e&Qyoviat TANPoQopies Yo avAAvoT).
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To epyareio SNAP (Stanford Network Analysis Platform) eivor po yevikng ypnong
BPAodNKN yio avédivon diktowv ypappévn oty C++, 1o omoio avantdydnke amd tov
Jure Leskovec 10 2004, vy ©KOTOVG OVAALONG TEPACTIOV KOWMVIKOV Ko
mnpoeoplokdv diktowv. Eivor Pacicpévo oe peboddovg avadpoung kOpPov Kot
OKU®V 01 00101 EMTPETOVY TNV YPIRYOPT ddoylon KOUPOV 1 aKp®V KaOdS Kot TV
OTOTEAECUOTIKY] DAOTOINGOT aAyopiBpmv mov Asttovpyovv ota diktova, aveEdptnto Tov

tomov tovg (directed, undirected kt)).

To epyareio SNAP avomtocoetar cvvexdc kot o€ KAbe kawvovpylwn €kdoom
dophmdvovtor toydv AdOn oto k®OKa KaBDS Kot mpootiBevtar véol aiydpiBuotl Ko
puébodor oy PifAodnkn. Zmv televtaio éxdoon (17 Ampiriov, 2011) to SNAP
vrootnpilet undirected, directed kou multi-directed (moAAég axpég peta&vp dvo kKOUPwv)
YPapovg Ko mePEYEL véeg nebddovg yior edpeon overlapped kowvottov. opdro mov
10 SNAP amofOnkevel mAnpopopieg oyeTIKG HE TN SOCLVOECIUOTNTA TOV OIKTVOV,
EMTPEMEL EMIONG TNV AMOONKELON TAV OTIC OKUES KOl 6TOVG KOUPOVG, KATL TO 0mOoi0
umopel va emrpéyel v vAomoinon aAdyopifuwv yoa weighted ypdapovg (ypdgot ot

omoiotl o1 akUEG £xovv oL T a&log/onuavTikoOTTag).

Eniong &yet mv dvvatdmta Oxt povo vo dwfdalel d1popovg TOTOVG apyeimv Yo
@optmon diktdwv and datasets aAld kot va amobnkevel yphpovg oe apyeia. Emiong
TPOGPEPEL AAEC LEBOOOVE Y10l TOV OTOTEAEGLOTIKO VITOAOYIGLO YOPAKTPIOTIKOV TMV
diktdvwv, 6mwe to degree distribution, clustering coefficient, diameter kot ta Aoutd.
Ext0¢ amd tov vmoloyiopud YopoKIpIoTIK®OV TOV OIKTVMOV, TPOGPEPEL KAl ETOUOVS
aAyopBpovg mov Exovv peAetnBel 6 oyeTIKEG Epguveg, OIS 0 alydpiBpog tov Girvan-

Newman.

To epyaieio cvvepyaletar dyoyo pe Tpita mpoypdupata 6nmg to gnuplot (to omoio
ONUOLPYEL YPAPIKES TTOPACTACELS) Kot TPOSPEPEL LeBOOOVG 01 omoieg dnpovpyovv
YPUPIKES TAPACTACELS Y10 O1APOpeS HeTpiké. Emiong vdpyovv mpoypappato OTmg to
NodeXL tng Excell 1o omoia evoopatdvouv v Pipriobnkn tov SNAP, «ot

eKpeTOALEDOVTAL £TOL TIC SVVATOTNTES TOV.
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[Mopdrio mov ot duvatdtnteg tov SNAP elvar amepopioteg kot mpoceépel mAnbdpa
peBOO®V Yoo VTOAOYICHO HETPIKAOV KOl OoAyopiBpmv, yo oty v £€psuva  Exel
ypnowomombei £vag ovykekpyévog apiudg pnebddwv ot omoieg Bempndnkav g ot wo
YPNOES Kot KatodAnAOTEPEC. [0 KAT® YiveTon GLVOTTTIKY avaPopd Twv neBddwV Tov

&xovv ypnotpomomBei ota mAaicla g Epevvoc:

X0opoKTNPOTIKA OIKTOOV

- Density
- Degree distribution
- Clustering Coefficient

- Diameter

Centrality k6uBov

- Degree
- Betweenness
- Closeness

Alyop1Buot yia e0pecn KOWOTHTOV

- Network community profile plot

- Modularity
Onwg éxer non avaeepOel to SNAP mapéyet tAnddpa Asttovpyidv kot pebddmv Y1 avtd

ka1 oto [lapdpnua A diveton 10 eyyepioo tov gpyareiov SNAP to omoio mepiéyet

CUVTOUN TTEPLYPAPT] OA®V TOV AEITOLPYLDV.
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5.1 Xvvoio dedopévov

Ta ohvoko dedouévov (dataset) sivar pio cvAloyn omd dedoUEVEL TOV APOPOVV TIC
ox£0€lg LECO o€ EVa KOVOVIKO 01KTLO. Xuvinbmg eivol og pop@1| Tivako 0oV VITAPYOVV
dvo otiieg kKOUPOV Kot KAOE Ypopup| avTitpoowreveL pio oxéor Hetad dvo kOUPmv.

Eniong oe apketd dataset vmdpyetl kol pio eMmALOV GTAAN OV AVIUTPOCHOTEVEL TV

nuepounvia idpvong g kdbe oyéong.
Ta ovvoka oedopévov ewodyovior e €va gpyaieio 1o omoio Omovpyel v
OVOTOPAGTACT TOV KOWMVIKOD JIKTOOV G€ YPAQPO KOl GTY| GUVEXEW EKTEAOVVTOL

TELPALLOTAL.

I'o to wepapata, ypnoponoteitor to WOSN 2009 dataset to omoio meprypdpetar oto

TOPOKATO VTO-KEPAAOLO.

5.1.1 WOSNZ2009 Dataset
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To WOSN 2009 éyetl ypnowomombei yio to ACM SIGCOMM Workshop mov €ywve 10
2009 [36] [1] ka1 o cvykekpuéva oty Epevva tov Viswanath et al [33]. To chvoro
JEQOUEVOV AVTITPOCMOTEVEL TO TOTIKO diktvo tng Néag Ophiedvng oto Facebook. H
oLAAOYN TeV dedopévav éywve pe v péBodo crawling tov mpoeil TV ypNoTdv TV
AVAKOLY G’ oTO TO TOTIKO O1KTLO, GLAAEYOVTOC TANPOPOPIEC GYETIKA LE TIC QIALES
TOVG UE AAAOVG YPNOTEG. AVTO €ixe G OmOTEAECUA VO GLAAEYOOVYV TTANpOPOpies Yo
63,731 ypnoteg kat yuo 817,090 Sracvvdéoelg petald toug . AETTOUEPELES CYETIKA L

TNV GLALOYN TOVG avapEpovTol oto Kepdiato 4.

5.1.2 Mepropropoi

Ady® ¢ TpooTaciag amoppTOL, OV NTAY dVVATY| 1| GLALOYN TANPOPOPLOV Y10, OAOVG
TOVG XPNOTES TOV d1kTVOV. Kdmolol yprioteg elyav avotnpég pvbuicelg amoppnitov, pe
amotélecpo vo unv gival Suvatov 1 TOPOLGINCT TV TPOPIA TOVE 1| TV PIA®V TOVG.

[TepiocdTEpX Y10 TOVE TEPLOPIOHOVS avapEpovTol 6to Kepdaiato 4.

5.2 Amoteléopota

5.2.1 Density kan Degree Distribution

To density tov diktvov givar 0.0007, Topoatnpeiton 6TL VGPyel TOAD KPOS aptOpudS
OKUOV G OYECT HE TOV UEYIOTO aplOUd TOV OKU®OV TOL UITOPOVV VO VITAPYOLV LEGQ
oto oiktvo. To yaunid density eivon kdtt 0 Kowd Ko mapovoldletar oe peydlo
Kowovikd diktva. To density &ivor ovtiotpoemg avdioyo Tov peyéBovg ToL
KOW@ViKov 0ktvov. Oco mo peydio givat o diktvo, 1060 mo yauniod sivar to density.
O Adyog etvar ywati dtav mpootifevion Kovovpylor kKOpUPotl, 0 pEYIETOS apOpods Tmv
oxécemv avEdvetol Katd moAD, kot éva dtopo pmopel vo Ol0TnproEL TEPLOPIGUEVO
aplud oyéoemv. Avtog etvar €vag onNUAVTIKOG TePopooOg Kot pmopel vo e&nynOel
gokoa. T o mo peyddo online kowvwvikd diktvo (Facebook, pe 750 gk. yproteg), o
nécog ypnomg  éxet 130 gitove®, kabde vrdapyet kar évo 6po omd To 310 online
KOWOVIKO diKTVo 6T0 o0V Pidovg pmopet va €xet Evag ypriotg (oto Facebook, o

péyiotog apudg eidmv mov pmopel va Exel Evag ypriiotg eivar 5000)

® To staTioTikd yio o Facebook mapniav amd tv cerida www.facebook.com/press/info.php?statistics
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Mo tov A0y0 avtd 1 PETPIKN AT dgV pmopel va xpnoipomoindel amoteAesOTIKA Yo
oLYKPLoN HETAED dVO KOWOVIKOV SIKTO®V e dlapopeTikd péyedog. o tétotov gidovg
ovykpioelg petald Vo M TEPIOCOTEP®Y KOWMOVIKMY OIKTV®OV TOL JPEPOVY GE

uéyeboc, e€etdleton o degree.

Onog éxel avapepbel otic evotmreg 3.3.3 ko 3.3.4, degree eivat o aplBudc tov akudv
evog koppou kar degree distribution P(K) o apiBpog tov kouPwv pe degree k. To oynua
5.1 deiyvel To degree distribution tov online kowwvikov diktvov. To péco degree eivan
48.5. Tlocootd 15% tov kOuPwv £xovv peyaivtepo degree amd to péco (pe udovo to
4% vo &yl meplocoTEPO amd 10 dTAdolo Tov average). ‘Exet mapotnpnbel Aowmdv, o1t
T0 HEYOAVTEPO T0G0GTO TV KOUPwV ( 80% ) €xer younho degree kou Aiyot kopfot
éyovv apketd vynAd degree. Emiong to kowwvikd diktvo @aivetar vo mopovclalet
power law distribution oot o degree distribution axolovbel pia exbetikny eBivovoa

ovpd.

10745} T T T T 1711 T L N T T T T 17171 T T T T T T 1T

10043

1073}

Count
T T TTT \I‘
I I‘

107423

1071}

‘ | CCOF ——
Loy | I I I | | I N I | 1 1 I |

1070} 10713 107z} 107{33 107{d}
Degree
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Yyfqna 5.1 - Degree Distribution Tov dikTvov
Me Baon v oyxetikn PipAoypapia, apketd €idn diktdmv mapovstdalovv power law
distribution omote e&nyesiton 10 Yyeyovdg OTL Kol TO KOWVIKO diktvo g Néog

Ophedvng akoArovOei power law distribution.

5.2.2 Clustering Coefficient

To Clustering coefficient petpd to “cliquiness” tov diktvov. To KowwViKO dikTvO TNG
Néag Ophiedvng mopovoialel average clustering coefficient 0.221. Xto oynua 5.2
napatnpeitar 0t ot kKOpPor pe yaunid degree mapovcidlovv ueyolvtepo clustering
coefficient amd tovg kOuPove pe vynAd degree. Avtd onuaivel 6Tl VEAPYEL LYNAD
“cliquiness” (clustering) peta&d kopPov pe younid degree (Avtd onupaivel 6Tl Ot

Koupot pe yaunio degree sivat otevd

1070} T T T 17171 T T T T T 111 T T T 17171 T T T 111

10°{-1}

Average clustering coefficient
T

10m{-Z}

107 {-ar I I I I | | | L 1 1111 | | L 1 1111 | | I I I |
10™{0 1071} 02 1073 10" (a4
Node degree
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Yyfqna 5.2 - Clustering Coefficient Tov dwktvov

ouvvdedepévol peta&d tovg). Ia va yivouv tepatrtépm moapatnpfoels, Oo yivel cdykpion
TOV KOW®OVIKOD d1KTOOoV pe To avtiotoryo Knonecker tvyaio ypdeo tov, mov TEPE)EL
oxed6v tov 1010 apBpd kOpPov ko akudv. Iapammpeitor Aowmdv 6Tl T0 KOWOVIKO
diktvo g Néag Opledavng éxet clustering coefficient 24 @opéc mo peydlo omd tOv
VY00 YPApo Kot avtd onpoaivel otl veapyer vynid clustering oto network. Avtd
ovpPaiver 10Tt o1 AvBpwmotl £xovv TV TAon va yvopilovv dAlovg avBpdmove pécw
KooV ¢iAwv (to omoio av&dvel v mbavotnta 6TL SV Pidol evOg ypnoTn va givor

emiong eiAot).

1o {-1% T T T T 17 T T T T T 171 T O B I T T T T 17T

10°{-2}

fverage clustering coefficient

1073 1 I | | 1 1 1 I | 1 1 I | 1 1 I I |
10°{0¥ 1071} 107{2% 107{3} 10°{4}
Node degree

Yyiqna 5.3 - Clustering Coefficient Tov Toyaiov ypa@ov
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5.2.3 Diameter

Y& avty ™ evotnta mapovoldlovtol Kot avaAdovtal ot petpnoelg tov diameter, to
omoio &lvarl to peyoAvTEpo KovTvO povomdrtt petald 6Awv Tov (gvydv KOpPov oTo
KOWoVIKO diktvo, pe Baon tov aplfud tov (evydv KOUPmv Kabmg Kot TV evvaiayn
TOL TNV TEPOd0 TOL ¥POVOL. XT0 ZyMua 5.4 mapatnpeitor 61, &vag péyotog aptBudg
8 Pnudtov givor avaykoiog vy vo Tpoceyylotel évag omoloconmote KOUPog oe Kdabe
Ao xopPo kar Yo to 50% tov Cevyav ypedletor évag aplOuog petald 2 kor 3
Bnudrov. To effective diameter givar 6.2 kot Tapatnpeitanr OTL €ivol GYETIKA LKPO GE

obvykplon e to effective diameter tov Web mov eivan 8.1 (diameter: 25) [10].

1074103

1079

1078

1077

Munber of pairs of nodes

1076}

1075

107443
[}

Mumber of hops

Xympa 5.4 — AvGpeTpog Tov SikTHOV

2 ovvéyeln e€etdletor 1 oAdayn ¢ Stup€Tpov otV TAPodo Tov Ypodvov. Bdon g

nuepounviag dnpovpyiog Hog KOWOVIKNAG oyéong, v kKabe 30 pépeg dnuovpyeiton
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éva otrypidtono tov dataset, pe anotéheoua vo Egovpe cHvoro 29 oTIyOTVITOV. XTO
Yynua 5.5 mapatnpeitor éva apyd peydio diameter oAld 660 mEPVA 0 YPOVOS Kot
mPooTifevtal 610 KOwmVikd OikTvo Kowvovpylor kOpPot, mopatnpeitol peimon Kot
otafepomoinon tov diameter. To yaunio diameter kou to vynAo clustering coefficient

yapoaxtmmpilel to v e&étoomn kowwvikd diktvo (Facebook g Néag Opledvng) og
small-world dixtvo.

NNNNN

NNNNN

XyMuo 5.5 ALGRETPOS TOV KOIVAOVIKOV OLKTVOV 6TV TAP0d0 TOV YPOVOV

5.2.4 Network Community Profile Plot

Oa mpémel va onuewwbei 6Tt to ypaoenua (plot) tov network community profile (NCP)
vroAoyilel TV mowdTNTA TNG KOAVTEPNG OLVOTNG KOWOTNTOS MG GLVAPTNGT TOL

peyébovg g KowoOtNTOC. XTO0 XyNua 5.6 @aivetar 0t péypt tovg 100 koOUPOLG

napatnpeitor g eOivovoa KAIGT TOL VIOONAMVEL KOAT TOWOTNTO KOWOTHT®V GTOVG
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100 x6épPovg. Amd tovg 100 képPovg kot petd avdvetar to NCP mov onuaivel 6Tt ot
KOWOTNTEG EVMVOVIOL TEPIGGOTEPO UE TO LOAOwo dikTvo, ONAAdN vVEApPyOoLY

TEPIOCOTEPES OKLES TOV GLVOEOVV TNV KOWVOTNTA LE TO SIKTVO.

Lo™{ox T T 11717 T T T T T 1717 T T T T T 1717 T T T T T 17T T T T T 11717

10"{-1

{¢Symbol F} (conductance)

| | | DRIGINFL MIN (63392, 5165862 ———
1074~} I N I | I | I | 11 11 pIl 1 L1 11 ril

104073 101 {2 103 10" {4 10™4{5}
k (number of nodes in the cluster)

Xympa 5.6 Network Community Profile Plot Tov duktvov

Yvumepaivetar Aowmov 0Tt to péyebog g KaAvTEPNG dLVOTNG KOwdTNTOS Efval GTOVG
100 x6ppove. Emiong oto Zynua 5.7 napovcidletar to network profile plot tov tuyaiov
Ypapov kot oto Xynuo 5.8 to network profile plot tov LiveJournal [22]. TTapatnpeitat
011 otovg 30 kOpuPovg mapovotdleTor N KaAOTEPN duvath TOWOTNTO YL TOV TLYAIO0

Ypapo, oAré 1 mowdtnta (conductance) dev givorl 1060 kKol 660 g Néag Opredvnc.
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Metwork Profile Plot: Random Graph

Flagiy T T 11T T T T T T 1717 T T T T T 1717 T T T T T 17T T T T T 11717

£#3ymbiol Fr (conductance)

| | | | conductance ———
107413 I I | | I | | I | | I I | | I I |

10*4007F 1013 1023 103 10" {4} 10™{5}
k Chumber of nodes in the cluster)

Yyqua 5.7 Network Community Profile Plot Tvyaiov ypagov

Y10 Xynuo 5.8 mopotnpeiton 60t 10 diktvo LiveJournal mapovoidlel apketég
opotdtnteg pe ekeivo g Néag OpAedvng, o€ 0Tt agopd otn dopdpemon Tov hetwork
community profile plot 6co av&avetor o apOpog kopPov oto cluster. H kaidvtepn

duvatn motdtnta Yo o LiveJournal mopatnpeitar otovg 200 kdéppovuc.

Yvumepaivetor Aomdv 6Tt 0 Kowwwvikd diktvo g Néag Opledvng €xel kaAdTepn
moTTo 0d TO AvTIoTOrXO TVYXio YPGYo kot emiong mwg To nhetwork community
profile plot éyet apxetéc opoldTTEG GTOL PEYGAN KOWMVIKG SIKTLO [E TIG KAADTEPEG

KOWOTNTESG VO £X0VV apKETE Lkpo péyebog KOUPwV.
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Zympa 5.8 Network Community Profile Plot Tov LifeJournal

5.2.5 Modularity

Ta amotedéopoto tng £pevvog mopovotdlovv apketd kard modularity Q vy to
Kowwvikd diktvo, pe tiun 0.52. Me Bdon tov aiyopiBuo tov Newman, Bpébnkav 769
KOowoTnteg, Ommg gaiveral oto Zynuo 5.9. Toparnpovvrar emiong tpeig (3) tepdotieg
KOWwOTNTeG Kot TOAAEG piKpég KAt tov 200 koéppov. o mopdderypo, 0nwg otnv
nepintwon Tov TANBLGLOY oS Y®pog, OToL cuvnBiletat va Tapovstalovtar EAAYIGTES
HEeYGAEG TOAELG KO TOAAG pKPEL xop1d, £Tot Kot 3™ gvtomiletar o popen power law
oL To amoteAécpata Tapovctdlovy 3-4 Leydheg KOWVOTNTES Kot TAPO TOAAES LKPES
kowotntes. To mpdfAnua mov mapovsidletor, OUM®S, €lval OTL TO OMOTEAEGUO OEV
Aoppéver vwoOYN TV TEPITTOOT MOV £vag XPNOTNG OVIKEL GE TEPIGCOTEPEG AMO LU
kowotnta. [a mapdaderypa, évag eortng mov mapakolovdel podnpoto TANPOPoPIKNg
Kot €MioNG aviKeL 6€ £vo 0OANTIKO GOAAOYO KaAABOCPUIPAS, Etval ELPAVES OTL OVIKEL

o€ OLO KOWOTNTEC, EKEIVI] TOV GLUEOITNTAOV TOV TAPUKOAOVOOHV TO 1010 Pdbnua Kot
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ekelvn TV ocvumoytdv g Korabdcpapac. Avtd eival to Aeyduevo overlapping
KOWOTNTOV Kot SuoTuydS dev kabioTator SuvaTd Vo TOPOVCIUGTEL Pe TOV aAyOplOlo
tov Newman mov ywpilel 10 OiKTLO G€ KOUUATIOL YOPIS Vo AauPdaver voyn To

overlapping.

Communities based on Modularity

25000 r r ‘ T r r r T ‘ r r T

20000

15000

Size

10000 —

9000

11|

10 15
Community #ho

Yo 5.9 Kowotnteg paciopéveg oto modularity

5.2.6 Betweenness Centrality

To betweenness centrality sivat Poaciopévo ota cbvtopa povomdti. Me Pdaon ta
amotehécpoTo amd to mepdpata, £xet fpedel pécog 6pog 0.0001, pe v peyardtepn
Tun betweenness va givor 0.0331. 1o Tynua 5.10 mapovsidlovior Ko oTaTIGTIKA
OYETIKA UE TO OMOTEAECUATO TOV TEWPAPdToV, evd oto Zynuo 5.11 n ypapum

TopAoTacT TG Kotavoung cvyvotntag tov betweenness centrality (koxkwvn ypoppn:
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ouyxvoTNTa, TPACIYY Ypouun: afpototikn ovyvotnta). I[opatnpeitor Ot1 VEAPYEL
e€opetikd  pikpoc apuds kouPov (ukpdtepo amd 1%) pe ynAd betweenness
(>0.005), pe 10 peyolvtepo 1ocootd kKOpuPmv (80%) va etvon petagd 0.0 ko 002 kot To
19% tov kouPov vo éxet 0 betweenness. E&dyetor Aowdv 10 cvumépooua OTL 1
mieloynoeio tov kOpPov dev ackel SOvoun otTic oaAANAemOpdoel; HETOED TV

VTOAOIT®V KOUP®V Kol Elval amoKeVTPOUEVE Ao TO SIKTVO.

Dimension: 63731
The lowest value: 0.0000
The highest walues: 0.0331
Highest wvalues:
Rank Vertex Valus Id
1 554 0.0331
2 471 0.0z239
3 Z33E 0.0z259
4 23 o.0172
5 451 0.0158
[ 280 0.0141
7 1463 0.0125
3 an7v 0.0121
9 84 0.0115
10 19594 0.o097
Sum (all wvalues): 3.2867
Arithmetic mean: 0.0001
Hedian: 0.0000
Standard deviation: 0.0003
2.5% Quantile: 0.0000
5.0% Quantile: 0.0000
95.0% Quantile: 0.0002
97.5% Quantile: 0.0003
Vector Values Fregquency Fregs CunFreq CumFreds
[ 0.000] 12355 19.3862 12355 19.3862
[ o.0o00 ... 0.00z] S51zo4 G0.4595 83639 95,8556
[ o.o002 ... 0.003] 49 0.0769 63653 99.9325
[ 0.003 ... 0.005] 20 0.0314 63703 99.9639
[ 0.005 ... 0.007] =] 0.0141 83717 99,9730
[ 0.007 ... 0.009] 3 0.0047 83TZ0 95,9827
[ o.0098 ... 0.010] 2 0.0031 63722 99,9359
[ o.0i0 ... 0.01z2] 2 0.0031 63724 99,9590
[ 0o.01z2 ... 0.014] 1 0.0016 63725 99,9908
[ 0.014 ... 0.018] 1 0.0016 B3ITZE6 95,9922
[ o.016 ... 0.017] 2 0.0031 63728 99.9953
[ 0.017 ... 0.019] [u] o.ooo0 63728 99,9953
[ 0.019 ... 0.0z21] [u] 0.0oo0 63728 95,9953
[ 0.021 ... 0.023] o o.ooo0 63728 95,9953
[ o.023 ... 0.0z24] u] 0.0000 63728 99.9953
[ o.0z24 ... 0.0z28] [u] 0.0oo0 63728 99,9953
[ 0.028 ... 0.028] [u] 0.0oo0 G3TZE 95,9953
[ o.028 ... 0.030] 2 0.0031 63730 99.9954
[ 0.030 ... 0.031] u] 0.0000 63730 99.9954
[ 0.031 ... 0.033] 1 0.0016 63731 100.0000
Total 63731 100.0000

Yypo 5.10 Xratiotikd Yo betweenness centrality
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Yyfqna 5.11 Betweenness Frequency Distribution koppmv tov d1kTv0v

H avéivon e€etaler emiong av 1o betweenness centrality cvoyetiCeton pe to degree.
Y10 Zynua 5.12, kabe onpeio avtmpoownedel o betweenness centrality kat to degree
evog kopPov. Eivar ppavég 6t 1o betweenness centrality £yet cuoyétion pe to degree
70V KOpUPov. Oco mo peydro eivar to degree evog kOpPfov 1060 peydro givor kot To

betweenness centrality tov koppov.
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Zyfqpna 5.12 Xvoyétion Betweenness ko Degree

5.2.7 Closeness centrality

To Closeness centrality petpd v amdctacn tov koppov amd GA0VG TOVG VITOAOUTOVG.
Kartaypdoetar évag pécog 6pog 0.233 pe v mo peydin tun va etvon 0.335. Xto
Zyuo 5.13 mapovcidlovior KAmOW CTOTICTIKO GYETIKE LE TO OMOTEAEGULOTO TOV
TEWPOPATOV eV 610 Xynua 5.14 moapovcidletar 1 ypagikn mapdotoorn (plot) tng
Katavoung cvyvotntas. Me Bdon ta amoteAéopota, mapoatmpeitor 0t 0 96% TV
KopPov €yovv closeness petag&d 0.15 kou 0.3 pe v mieoyneio (~75%) va givon
peta&d 0.2 kon 0.25, mov givor ToAd kovtd otov péco 6po 0.233. Zvunepaiveror Aomdv

OTL apKeETE PeYOAo T0G0GTO KOUPV Exouv TV id1a amdcTacn amd dALovg KOUBOLG.
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blmenslun: 63731
The lowest wvalue: 0.oooo
The highest wvalue: 0.3550

Highest walues:

Rank Vertex Value Id

1 233z 0.3550

2 471 0.3533

3 23 0.3442

k3 554 0.3433

5 1463 0.3411

& z07 0.3409

7 z80 0.3408

g 451 0.3406

=) 1996 0.3374

10 2805 0.3357

Sum (21l wvaluess): 14863 .9847

Arithmetic mean: 0.2332

Median: 0.2380

dtandard deviation: 0.034%9

2.5% Cuantile: 0.1660

5.0% Cmantile: 0.179z

95.0% Quantile: 0.2303

97.5% Quantile: 0.2364
Vector Values Frequency Fregd CumFreqg CumFregh
{ e 0.000] o 0.0000 a 0.0000
{ 0.000 ... 0.019] 339 0.5312 339 0.5319
{ 0.018 - 0.037] o 0. 0000 339 0.5319
{ 0.037 ... 0.058] x) 0.0000 339 0.5313
{ 0.056 ... 0.075] x) 0.0000 339 0.5319
{ 0.075 ... 0.093] a [npulululu} 339 0.5319
{ 0.095 ... 0.11z2] & 0.0094 345 0.5413
{ o.11z ... 0.131] 49 0.0789 3594 0.6182
{ 0.131 ... 0.149] 28z 0.4425 L) 1.0607
{ 0.149 ... 0.168] 1124 1.7637 1500 2.89244
{ 0.168 ... 0.187] 2973 4.6649 4773 7.4893
{ 0.187 ... 0.z08] 64396 10.13z8 11z69 17.6621
{ 0.z06 ... 0.z2z24] 11479 15.0116 22748 35.6938
{ 0.zz4 - 0.243] 14563 2z.8507 37311 5&.5445
{ 0.243 - 0.z262] 13574 21.2989 50535 79.3434
{ 0.zez ... 0.zs0] 9515 15.08658 60500 94,9303
{ 0.280 ... 0.z299] 2897 4.5457 63397 99,4759
{ 0.z99 ... 0.318] 289 0.4535 63686 99.9294
{ 0.318 ... 0.338] 36 0.0565 63722 99.9859
{ 0.336 ... 0.355] =) 0.0141 £3731 100.0000

Toral 637351 100.0000

Yympa 5.13 Xretietika ywo Closeness Centrality

Closeness Frequency Distribution
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Yyqpe 5.14 Closeness Frequency distribution koppmv Tov diktdov



Y10 Eynua 5.15 e€etaleton m ovoyétion peta&y closeness kot betweenness. KaOe

onueio avtrpoownevel to betweenness kot to closeness evog koppov. Iapatnpeiton

Aomov Ot amd o, T tov closeness mepinov 0.25 660 peyoldvel to closeness evog

KopuPov, peyolmvel otadiokd kot to betweenness tov 6mov omd 1o 0.3 peyokdvel ToAd

amotopo. H cvoyétion dnhadn peta&d closeness kot betweenness eivor Oetic.

0.035

0.03

0.023

0.02

Betuweenness

0.013

001

0.000

Betweenness ws Closeness

L
0.03 0.1 .13 0.2 0.25 0.3 0.33
Clozeness

Yympa 5.15 Xvoyétion Closeness pe Betweenness
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Kepalaro 6

YVOuUTEPAGNATO

6.1 I'evikd Xvumepdopota 41
6.2 Tleproyéc yuu épevva 42
6.3 Epappoyég 42

6.1 I'evika Xoprepdopata

> epyaocia €xel yivel ueAétn kot avaivon tov online Kowvwvikod d1kTvov TG NEog
Opledvne.  Tlpodto €yovv LIOAOYIOTEL TOL YOPUKINPIOTIKA TOL OIKTVOL Kol E£)EL
napatnpnOetl 011 To degree distribution akolovBel power law popen kot eriong 611 o1
kopPor pe younAd degree teivouv vo givor oteEVE ouvOEdEUEVOL PETOED TOLG.
Awmotdbnke eniong vynAd clustering coefficient kot younAn owdpetpog ta omoio
etvar yapokmnpotikd evog small-world dwcrdov. Iopatmpndnke emiong 6tL pe v

TéPod0 TOL YPOVOL 1 SIUUETPOG LKPOLVEL.

INa gdpeon kowottV Kot a&loAdyNoN TS TodTNTA TOVG, TPEEALE TOVG OAYOPIOLOVG
modularity kot network community profile plot. AtometdOnke vynid modularity ko
TowTNTA KAAOTEPNG duvarng Kowdtntag otovg 100 koépPovg. Emiong mapatnpnOnke
peydrog apuog kowotntv pe pkpd péyebog, ektog amd 4 KowoOTNTEG MOV

TapovGiocay TEPACTIO aplOpd KOUPwv.
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Ynoloyiotnke to betweenness kot closeness centrality tov koppwv. Iapatnpronke 01t
N mAeloymoeio v KOpPov Erovv younid betweenness kot closeness moAd KOVId 61O
péco 6po kaBdg kot Betiky ocvoyétion petoEh betweenness Kot closeness.
Yvumepaivetar 6Tt ot kOpPot dev givar Kevrpikol oto dikTvo, dev emnpedlovy OTIg
aAnAemidpdoelc netald dAA®mV KOUPmV Kot £xovv oxeddv v 1010 andotacn HETAED

TOVG

6.2 Ileproyés Yo £peuva

Yav HEALOVTIKOV OTOYOVG Yo OVTH TNV €pyacia, yiveTow €0MyNoT Yoo HEAETN Ko
GVYKPION SPOP®V €MV OIKTOMOV Y10 VO EVIOTIGTOVV Kol KATOYPAPOVV OUOOTNTES
kot drapopéc. Emiong yiveron etonynon yia pedétn aviyvevong overlapping xowvotitmv
ue Paon tic puebddovg Clique Percolation Method kou k-cores. O okyopBuog
modularity vro6étel 611 0 KGbe KOUPOC aviKeL 6e P LOVo Kowotnta, avtd Opmg dev
elval mvta cootd. Eivor duvatdv évag kOpPoc va aviKel o€ meEPIGOOTEPES GO Lo

KOWOTNTO.

Eriong yivetar eionynomn yia pelétn aAinienidopoaong kOupov Paon punvopdtov kot
onuooclevcemy Kol va dnpiovpyndel o avtiotoyog ypheog aAAnAemidopacns vy va
Yivouv cvykpioelg pe tov ypdeo TG Soune Tov OKTLoV. Bewpeitor oNUAVIIKO Vo
peremOet méGo cvyvd aAAnAemdpovv 1 Oyt dvo KOpPotl petald Tovg Kol KoTo TOGO
a&lomoobvtor o1 UETOED TOVG OYECEWS. XNUOVTIKY HeAétn Oswpeitor kot 1
oNUOVTIKOTNTA TV KOUPOV 610 Ypdoo arinAenidpacng (centrality, hubs & authorities
KTA).

6.3 Epappoyég
Epoppoyéc e avdivong tov Kowmvikoy SKTtOov  HTOpPOvV Vo VTAPYOLV GE
TANPOPOPLOKE cvoTNHOTE 1 Kol akOun oto 0 to kowwvikd diktva. Emiong

EPAPUOYEG VTLAPYOLY OYL HOVO GTOV KAGOO NG TANPOQOPIKNG OAAG Kot TOAAOVG

GALOVG OTMOG GTO LOPKETIVYK KO GTIV TOALTIKT).
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2T1C TAOTEOPUEG TOV KOWVOVIKAOV SIKTO®V, Lol TETOW apuoyn givot va dnpovpyndet
po Agttovpyio 1 omoia va TPOTEIVEL GTOVG XPNOTES KOvovpYlovug @ilovg Pdon pe Tig
KOWOVIKEG oxéoelg tov ypnotn. o mopddsrypa €dv dvo ypnoteg dev gival @iiot
HETOED TOVG OAAL €xouv apkeTOVS KOVOLG (iAovg (o1 omoiotl ivon kol HETOED TOLG
eilotl) 10TE LIAPYEL pEYAAN mBovotnTo vo yvopilovtol ot dvo ¥pNoTEC Kot £TGL M
TAATEOPLO. TOV KOWVOVIKOD S1IKTOOL Ba umopohoe va mpoteivel TNy @hio HETAED TOVG.
Me avt6 0V TpdTO0, TOAL01 CLUUAONTES, GLIEOITNTEG 1) TOOIKOT PTAOL TOL EYOVV YAGEL
EMOPT OTOV TPAYUATIKO KOGHO, UTOPOVV VO TNV OTOKTNCOLV HEGE® TOL KOWVMOVIKOV

OKTVOV.

Eniong vy xdmoteg mhat@dpues Kowvovik®dv Oktdmv Bo pmopodcav va mpoteivouy
OLOTAGCELS Yl VEEG QIAleG Oyl LOvo Pdaom pe Kowvovg eilovg aAAd Kot Bdon Kowvmv
YOPOKTNPIOTIKAOV, KOl EVOLLPEPOVTOV. XPNOTEG OV OVNKOLV GTNV Ol KOWOTNTA

TEtVOLV VOl £X0VV KOVA EVOLOLPEPOVTAL.

210 TANPOPOPLOKA GUGTILLATO, U0 GYECT LETAED dVO ¥PNOTOV LTOONAMVEL L0, LOPOT|
gEUMGTOOVVNG, 0mOTe Bar pmopovoe va vAomomBel éva cvoTua emkovoviag (OTmG
email) peta&d atopwv pe Pdon to Kowvwvikd diktvo. Mnvoduata Tov E16EPYOVTOL 0T
@iAovg, umopotv va BempnBovv a&omiota Kabmg Kot axivovva Yo Tov 1010 ToV ¥pNoT
(spam, links that forward to harmful websites ktA). MnvOuato mov Tpoépyoviol amod
E&voug dev Ba Bempovvion TOc0 afldmoTa 060 Bewpovvtol o UvoHaTe amd @ilovg,
omoTe 10 cVoTNUA Bo pmopet va emeEepyaotel pe Wdlaitepn TPocoy To UNVOLOTE AVTA

v Toy OV spam 1 Prafepd meplexOUEVO.

M e€icov kaAn epappoyn etvor ot pnyaveg avalTnong yo. KaALTEPO PIATPAPIGLLL
amotelecpatmv. Onmg elyope avoeEpel, ol XPNOTEG MOV OVINKOLV GE KOWOTNTEG
Telvouv va £(0VV KOWE evOlpEPOVTA, EVOGYOANCELS KTA. Avayvopilovtog Aowmdv, ta
KOW@ YOPUKTNPIOTIKA TOV GLUVOEOLV T GTOUO LOG KOWOTNTAS, €0KOAo Bo pmopovoe
va @oprooTel oTig unyaveg avaltnong £tol ®ote va yivel avalnmnon mpata GTIg
Kowotnteg  (epdcov avtd yw 10 omoio yivetor ovalntnon €xel oxéom pe NV

Kowotnta).
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Ext6g amd 11 TAATQOPLES TOV KOWVMVIK®Y SIKTV®MV KOl TO TATPOPOPIOKAE GUGTILOTOL,
VIAPYOVV  €QOPUOYEG OTO  UAPKETIVYK Kot oty moMtikr. Ilo ovykekpyéva,
avayvopilovtog oG ¥pnotg eivol mo Kevipikdg HEGO GTO KOW®VIKO OikTvo, M
dudoomn mAnpoopiag (0mwg o dwenuon) Ba ivor Toydtepn Kot Bo £xel MG YEVIKO
amodéktn meplocdtepa dropa amd To va dwdobel M mAnpoopia amd Evav

OTOKEVIPMUEVO YPNOTN.

Xy moMtikn, B pmopovoe PECH KOWOTHT®V VA avoyvmplotohv Tihovoi yneoeopot
€101 OOTE VO TPOCGEYYIGTOVV TO, GLYKEKPEVO GTOUO Yol TNV OTOKTNGY TG Y POL
tovc. H avayvdpion tov Kowvdv YopoKTnploTIKOV TG Opddos otdpmv umopel vo

ennpedoet oe peydro Pabuod tov Tpoémo mov Bo TpoceyyYIGTOVY aVTd TO dTO L.
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SNAP MANUAL

1. About Snap

Stanford Network Analysis Platform (SNAP) is a general purpose network
analysis and graph mining library. It is written in C++ and easily scales to
massive networks with hundreds of millions of nodes, and billions of
edges. It efficiently manipulates large graphs, calculates structural
properties, generates regular and random graphs, and supports attributes on
nodes and edges.

SNAP is based on node and edge iterators which allows for efficient
implementation of algorithms that work on networks regardless of their
type (directed, undirected, graphs, networks) and specific implementation.
SNAP was developed by Jure Leskovec and was built on top of a general
purpose STL (Standard Template Library)-like library GLib that was
developed at Jozef Stefan Institute.

2. Features offered by this release

As of release version 2011-04-17, SNAP offers the following features:
« Support of undirected, directed and directed multi-graph

e [Iterators for fast node traversal

o Graph input and output in various text file formats
e Graph manipulation

o Generate random graphs

o Structural Properties measures

o Evolution of structural properties measures

o Community detection algorithms

o Node Centrality measures

[1]



3. Installation and Requirements

You <can get the latest release at following  website
http://snap.stanford.edu/snap/download.html.

The whole installation consists of unpacking the file in a directory which
will produce 3 folders: snap, glib and examples folder. The files should be
unpacked in the same directory as your source code. In examples folder, a
sample dataset AS20GRAPH.txt is provided.

For plotting structural properties of networks (e.g., degree distribution) the
SNAP expects to find GnuPlot in the system path. Similarly for drawing
and visualizing small graphs SNAP utilizes GraphViz which has to be
installed on the system. Set system PATH variable appropriately or put the
executables in the working directory.

GnuPlot is a free, command-driven, interactive, function and data plotting
program that is used in conjunction with SNAP to plot the structural
properties. The latest version of GnuPlot program can be obtained at page
http://www.gnuplot.info/download.html

Graphviz is open source graph visualization software. Graph visualization
iIs a way of representing structural information as diagrams of abstract
graphs and networks. The latest version of Graphviz program can be
obtained at http://www.graphviz.org/Download.php

4. How to Compile Code

To compile SNAP under Windows, you can use Visual Studio (preferably
the latest since old versions of Visual studio might cause problems with
missing symbols) or Cygwin with GCC.

Under Linux and other UNIX clones, you can make use of GCC.

Makefiles are provided but depending on your platform you may need to
slightly modify the Makefile.

A Makefile example is the following:

[2]
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#
# Makefile for non-Microsoft compilers

#

## Linux (uncomment the 2 lines below for compilation on Linux)
#CXXFLAGS += -std=c++98 -Wall
#LDFLAGS += -1lrt

3]




5. Directories included in release

snap the SNAP graph library

gl | b contains the library that provides basic data structures (vectors,
strings, hash tables), infrastructure (serialization, xml and html
parsing), interface to GnuPlot and linear algebra (SVD).

exam p I @S  sample applications and examples of use. a sample dataset AS20GRAPH.txt is provided

cascades

centrality

cliques

community

concomp

forestfire

kcores

krongen

kronfit

motifs
ncpplot

netevol

netstat

[4]

Simulate a Sl (susceptible-infected) model on a
network and compute structural properties of
cascades

Node centrality measures (closeness, eigen,
degree, betweenness, page rank, hubs and
authorities)

Clique Percolation Method for detecting
overlapping communities

Network Community detection (Girvan-Newman
and Clauset-Newman-Moore)

Manipulateds weakly/strongly/bi-connected
components of a graph

Forest Fire graph generator

Computes the k-core decomposition of the
network

Kronecker graph generator

Estimates Kronecker graph parameter matrix

Counts the number of occurence of every possible
subgraph on K nodes in the network

Computers Network community profile plot of a
network

computes properties of an evolving network, like
evolution of diameter, degree distribution etc

computes statistical properties of a static
network, like degree distribution, hop plot,
clustering coefficient etc



6. Example Applications

Application: Cascades

Description

The application implements a simple Sl (susceptible--infected) model and
measures structural properties of cascades (propagation trees). The
program measure how the cascade properties (like, number of nodes, edge
and depth) change as a function of amount of missing data (number of
random nodes removed from the cascade).

For more details and motivation what this code is trying to achieve see
"Correcting for Missing Data in Information Cascades" by E. Sadikov, M.
Medina, J. Leskovec, H. Garcia-Molina. WSDM, 2011.

Depending on the platform (Windows or Linux) you need to edit the

Makefile.
Use 'make opt' to compile the optimized (fast) version of the code.

Parameters

-i:Input graph (tab separated list of edges) (default:'demo')
-0:0utput file name (default:'demo')
-b:Infection (i.e., cascade propagation) probability

Usage

./cascades -i:demo -o:demo -b:0.1

[5]




Application: Centrality

Description

Loads a directed graph and computes the following node centrality
measures. Measures defined on an undirected graph (we drop edge
directions):

a. degree centrality

b. closeness centrality

c. betweenness centrality

d. eigenvector centrality

Measures defined on (the original) directed graph
a. page rank

b. hubs and authorities

For more details on definitions of these measures see
http://en.wikipedia.org/wiki/Centrality

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input graph (tab separated list of edges)
(default: 'graph.txt')

Usage

./centrality -i:as2@graph.txt -

[6]
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Application: Cliques
Description
The example find overlapping dense groups of nodes in networks, based

on the Clique Percolation Method (CPM). For example, see
http://cfinder.org/wiki/?n=Main.ImageWords

The clique percolation method builds up the communities from k-cliques,
which correspond to complete (fully connected) sub-graphs of k nodes.
Two k-cliques are considered adjacent if they share k—1 nodes. A
community is defined as the maximal union of k-cliques that can be
reached from each other through a series of adjacent k-cliques. Such
communities can be best interpreted with the help of a k-clique template
(an object isomorphic to a complete graph of k nodes). Such a template can
be placed onto any k-clique in the graph, and rolled to an adjacent k-clique
by relocating one of its nodes and keeping its other k —1 nodes fixed.
Thus, the k-clique communities of a network are all those sub-graphs that
can be fully explored by rolling a k-clique template in them, but cannot be
left by this template. Since even small networks can contain a vast number
of k-cliques, the implementation of this approach is based on locating
the maximal cliques rather than the individual k-cliques. Thus, the
complexity of this approach in practice is equivalent to that of the NP-
complete maximal clique finding, (in spite that finding k-cliques is
polynomial). This means that although networks with few million nodes
have already been analyzed successfully with this approach, no prior
estimate can be given for the runtime of the algorithm based simply on the
system size.

The Clique Percolation Method is described in details in G. Palla, I.
Derenyi, I. Farkas, T. Vicsek, Uncovering the overlapping community
structure of complex networks in nature and society, Nature 435, 814-818
(2005).

The maximal clique enumeration procedure implements the method by E.
Tomita, A. Tanaka, H. Takahashi. The worst-case time complexity for
generating all maximal cliques and computational experiments.
Theoretical Computer Science, Volume 363, Issue 1, 2006.

[7]
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Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input undirected graph file (single directed edge per
line) (default:'../as2@graph.txt"')

-k:Minimal clique overlap size (default:3)

-0:0utput file prefix (default:'")

./cliques -i:../as20graph.txt -k:2 -

[8]




Application: community
Description

Implements two network community detection algorithms:
a. Girvan-Newman algorithm (Girvan M. and Newman M. E. J.,

Community structure in social and biological networks, Proc.
Natl. Acad. Sci. USA 99, 7821-7826 (2002))

b. Fast modularity maximization algorithm by 'Finding Large
community in networks', A. Clauset, M.E.J. Newman, C. Moore,
2004

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input graph (tab separated list of edges)
(default: 'graph.txt")

-0:0utput file name (default:'communities.txt')
-a:Algorithm: 1:Girvan-Newman, 2:Clauset-Newman-Moore

Usage
Compute communities in the AS graph

./community -i:../as20graph.txt -a:2

[9]



Application: concomp

Description

The sample finds the connected components of a given network. A
connected component of an undirected graph is a subgraph in which any
two vertices are connected to each other by paths, and which is connected
to no additional vertices
The example loads a directed (or undirected) graph and computes:

a. weakly connected components: for any pair of nodes there is an

undirected path between nodes

b. strongly connected components: (directed graph) for any pair of
nodes in the component there is a directed path between them

c. biconnected components: (undirected graph) any pair of nodes is
connected by 2 disjoint paths (removal of any single edge does not
disconnect the component

d. articulation points: (undirected graph) vertices that if removed
disconnect the graph

e. bridge edges: (undirected graph) edges that if removed disconnect
the graph

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input graphs (each file is a graph snapshot, or use "DEMO")
(default: 'graph*.txt"')
-0:0utput file name prefix (default: 'over-time')

Usage

./concomp -i:../as2@graph.txt

[10]



Application: forestfire

Description

Forest Fire graph generation model, is based on having new nodes attach
to the network by ““burning" through existing edges in epidemic fashion.
For a range of parameter values the model exhibits realistic behavior in
densification, shrinking diameter, and degree distributions.

For more information about the model see: Graph Evolution: Densification
and Shrinking Diameters Jure Leskovec, Jon Kleinberg, Christos
Faloutsos. ACM Transactions on Knowledge Discovery from Data (ACM
TKDD), 1(1), 2007. http://arxiv.org/abs/physics/0603229

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-0:0utput graph file name (default:'graph.txt')

-n:Number of nodes (size of the generated graph) (default:10000)
-f:Forward burning probability (default:0.35)

-b:Backward burning probability (default:0.32)

-s:Start graph with S isolated nodes (default:1)

-a:Probability of a new node choosing 2 ambassadors (default:@)
-op:Probability of a new node being an orphan (node with zero out-
degree) (default:0)

Usage

Generate a Forest Fire graph on 1000 nodes with forward burning probability f=0.3 and
backward burning probability b=0.25

./forestfire -o:graph.txt -n:1000 -f:0.3 -

[11]
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Application: kcores

Description

This is a K-core network decomposition example. It Plot the number of
nodes in a k-core of a graph as a function of k.

A subgraph H = (C,E|C) induced by the set C subset of V is a k-core or a
core of order k if and only if the degree of every node v in C induced in H
Is greater or equal than k, and H is the maximum subgraph with this

property.
A k-core of G can be obtained by recursively removing all the vertices of

degree less than k, until all vertices in the remaining graph have degree at
least k.

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input undirected graph file (single directed edge per
line) (default:'../as2@graph.txt")

-k:Minimal clique overlap size (default:3)

-0:0utput file prefix (default:'")

Usage

./cliques -i:../as2@graph.txt -k:2 -0:as20

[12]



Application: kronfit

Description

KronFit is an estimate Kronecker graphs initiator matrix. It is a fast and
scalable algorithm for fitting the Kronecker graph generation model to
large real networks. A naive approach to fitting would take super-
exponential time. In contrast, KronFit takes linear time. KronFit finds
accurate parameters that very well mimic the properties of target networks.
In fact, using just four parameters we can accurately model several aspects
of global network structure.

For more information about the procedure see: Kronecker Graphs: an
approach to modeling networks Jure Leskovec, Deepayan Chakrabarti,
Jon Kleinberg, Christos Faloutsos, Zoubin Ghahramani.
http://arxiv.org/abs/0812.4905

Parameters

-i:Input graph file (single directed edge per
line)(default:'../as2@graph.txt")

-0:0utput file prefix (default:'")

-n@:Innitiator matrix size (default:2)

-m:Init Gradient Descent Matrix (R=random) (default:'e@.9 ©.7; 0.5 0.2")
-p:Initial node permutation: d:Degree, r:Random, o:0Order (default:'d')
-gi:Gradient descent iterations (default:50)

-1l:Learning rate (default:1le-05)

-mns:Minimum gradient step (default:0.005)

-mxs:Maximum gradient step (default:0.05)

-w:Samples to warm up (default:10000)

-s:Samples per gradient estimation (default:100000)

-sim:Scale the initiator to match the number of edges (default:'T")
-nsp:Probability of using NodeSwap (vs. EdgeSwap) MCMC proposal
distribution (default:1)

Usage

Estimate the 2-by-2 Kronecker initiator matrix for the Autonomous
Systems network using 100 gradient descent iterations. We initialize the
fitting with the [0.9 0.6; 0.6 0.1] initiator matrix.

./kronfit -i:../as2@graph.txt -n@:2 -m:"0.9 0.6; 0.6 0.1" -

[13]
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Application: krongen

Description

This example is a Kronecker graphs graph generator. Kronecker graphs is
a generative network model which obeys all the main static network
patterns that have appeared in the literature. The model also obeys recently
discovered temporal evolution patterns like shrinking diameter and
densification power law. Kronecker graphs also lead to tractable analysis
and rigorous proofs. The model is based on a matrix operation, the
Kronecker product, and produces networks with heavy-tailed distributions
for in-degree, out-degree, eigenvalues, and eigenvectors.

Given an initiator matrix M the application generates a corresponding
Kronecker graph. If you want to estimate M for a given graph G use the
'kronfit' application.

For more information about the procedure see: Kronecker Graphs: an
approach to modeling networks Jure Leskovec, Deepayan Chakrabarti,
Jon  Kleinberg,  Christos  Faloutsos, = Zoubin  Ghahramani.
http://arxiv.org/abs/0812.4905

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-0:0utput graph file name (default:'graph.txt")

-m:Matrix (in Maltab notation) (default:'e6.9 ©.5; 0.5 0.1')
-i:Iterations of Kronecker product (default:5)

-s:Random seed (@ - time seed) (default:9)

Usage

Generate a Stochastic Kronecker graph on 1024 (2710) nodes with the
initiator matrix [0.9 0.6; 0.6 0.1]

./krongen -o:kronecker_graph.txt -m:"0.9 0.6; 0.6 0.1" -i:10

[14]
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Application: motifs
Description

Motifs is a fast and scalable algorithm for counting frequency of connected
induced subgraphs in a network. The program counts the number of
occurences of a every possible connected subgraph on K nodes in a given
graph. Frequency of such network motifs can be used to compare and
characterize networks.

The algorithm is described in Efficient Detection of Network Motifs by
Sebastian Wernicke. IEEE/ACM Transactions on Computational Biology
and Bioinformatics, 2006.

For information about network motifs refer to Network motifs: Simple
building blocks of complex networks by R. Milo, S. Shen-Orr, S. ltzkovitz,
N. Kashtan, D. Chklovskii and U. Alon. Science, October 2002.

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the
code.

Parameters

-i:Input directed graph file (single directed edge per
line) (default:'../as2@graph.txt"')

-m:Motif size (has to be 3 or 4) (default:3)

-d:Draw motif shapes (requires GraphViz) (default:'T")
-0:0utput file prefix (default:'")

Nodes of the graph have to be numbered 0...N-1

Usage

./ motifs -i:../as20graph.txt -m:3 -d:T -o:as-3motifs

[15]



Application: ncplot
Description

This example creates the network community profile plot. Network
Community Profile plot measures the score of best" community as a
function of community size in a network. Formally, we define it as the
conductance value of the minimum conductance set of cardinality k in the
network, as a function of k. As defined, the NCP plot will be NP-hard to
compute exactly, so operationally we will use several natural approximation
algorithms for solving the Minimum Conductance Cut Problem in order to
compute different approximations to it.

The shape of the plot offers insights into the large scale community structure
of networks. Networks with nice and/or hierarchical community structure
have a downward sloping NPC plot. Random graphs have flat NCP plot.
Large real networks tend to have V shaped (down and up) NCP plot which
illustrates not only tight communities at very small scales, but also that at
larger and larger size scales the best possible communities gradually
““blendin" more and more with the rest of the network and thus gradually
become less and less community-like.

For more information about the procedure see: Community Structure in Large
Networks: Natural Cluster Sizes and the Absence of Large Well-Defined
Clusters Jure Leskovec, Kevin Lang, Anirban Dasgupta, Michael Mahoney.
http://arxiv.org/abs/0810.1355

Parameters

-i:Input undirected graph (one edge per line)
(default: 'as2@graph.txt"')

-0:0utput file name (default:''")

-d:Description (default:'")

-d:Draw largest D whiskers (default:-1)

-k:Take core (strip away whiskers) (default:'F'")
-w:Do bag of whiskers (default:'F'")

-r:Do rewired network (default:'F')

-s:Save info file (for each size store conductance,
modulariy, ...) (default:'F")

Usage

./ncpplot -i:as2@graph.txt -s:T

[16]
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Application: netevol
Description

This example computes how various statistical properties of a network
change over time.

The program loads a sequence of snapshots and produces plots of
densification power law, shrining diameter, fraction of nodes in largest
connected component over time and similar.

Depending on the platform (Windows or Linux) you need to edit the
Makefile. Use 'make opt' to compile the optimized (fast) version of the code.

Parameters

-i:Input graphs (each file is a graph snapshot, or use
"DEMO") (default:'graph*.txt")

-0:0utput file name prefix (default:'over-time')
-t:Description (default:'")

-s:How much statistics to calculate?

l:basic, 2:degrees, 3:no-diameter, 4:no-distributions,
5:no-svd, 6:all-statistics (default:6)

Generally -s:1 is the fastest (computes the least statistics), while -s:6 takes
longest to run but calculates all the statistics.

Usage

./netstat -i:DEMO

[17]



Application: netstat
Description

This example computes the structural properties of a network:
a. cumulative degree distribution

degree distribution

hop plot (diameter)

distribution of weakly connected components
distribution of strongly connected components
clustering coefficient

singular values

left and right singular vector

SQ@ oo o

Depending on the platform (Windows or Linux) you need to edit the
Makefile.
Use 'make opt' to compile the optimized (fast) version of the code.

Parameters

-i:Input graph (one edge per line, tab/space separated)
(default: 'graph.txt")

-d:Directed graph (default:'T")

-0:0utput file prefix (default:'graph')

-t:Title (description) (default:''")

-p:What statlstlcs to plot string:

: cummulative degree distribution

: degree distribution

: hop plot (diameter)

distribution of weakly connected components
distribution of strongly connected components
clustering coefficient

singular values

: left and right singular vector

< < ﬁmE:TQ.n

Usage

./netstat -i:../as20graph.txt -p:dC

[18]



7. Using Snap

Reference

When you write your code, it’s essential to make references first to snap
library. For an example:

#tinclude "../snap/Snap.h"

This is the main include file of the library.

Graph Constructor
You can create a graph by calling this constructor:

PNGrabh Graph = TNGrabph: :New():

Which creates an empty directed graph G.

SNAP supports three graph types:

TUNGraph: undirected graph (single edge between an unordered
pair of nodes)

TNGraph: directed graph (single directed edge between an
ordered pair of nodes)

TNEGraph: directed multi-graph (any number of directed edges
between a pair of nodes)

//// what type of graph do you want to
use?

PUNGraph PGraph; // undirected graph

PNGraph PGraph; // directed graph

PNEGraph PGraph; // directed multigraph

[19]




Random Graph Constructor

If you want to create a random undirected graph with 200 nodes and 500
edges you can use the following code:

PUNGraph Graph = TSnap: :GenRndGnm<PUNGraph> (200, 500);

Adding Nodes and Edges

Adding nodes and edges to graph is really easy and can be accomplished with
the following code:

// create a graph
PNGraph Graph = TNGraph: :New();

for (int n = ©; n < 10; n++)

{
G->AddNode(); // if no parameter is given, edge ids are 0,1,...,9

}

Graph->AddNode(15); //add a note with id 15
Graph->AddNode(32);

Graph->AddEdge(0,1);
Graph->AddEdge(15,32);

const int NId1
const int NId2

G->GetRndNId(); //get random node id
G->GetRndNId();

if (G->AddEdge(NId1, NId2) != -2) {
printf(" Edge %d -- %d added\n", NId1, NId2); }
else {

printf(" Edge %d -- %d already exists\n", NIdi, NId2); }

}

Nodes have explicit (and arbitrary) node ids. There is no restriction for
node ids to be contiguous integers starting at 0. In a multi-graph
TNEGraph edges have explicit integer ids. In TUNGraph and TNGraph
edges have no explicit ids -- edges are identified by a pair node ids.

[20]



SNAP uses smart-pointers (TPt) so there is no need to explicitly free
(delete) graph objects. They self-destruct when they are not needed
anymore. Prefix P in the class name stands for a pointer, while T means a

type.

You can also access a node using constructor TNodeI

PUNGraph: :TObj: :TNodeI NI = G->GetNI(@) //get node with id @
int e = NI.GetDeg() //get the degree of node NI

Deleting Nodes and Edges

Deleting nodes and edges is easy and can be accomplished with the following
code:

Graph: :TObj::TNodeI NI = G->GetNI(9);
printf("Del edge %d -- %d\n", NI.GetId(), NI.GetOutNId(®@)); //delete edge
G->DelEdge(NI.GetId(), NI.GetOutNId(@));

const int RndNId = G->GetRndNId();
printf("Delete node %d\n", RndNId); //delete node
G->DelNode(RndNId);

Iterators

SNAP heavily relies on the user of iterators that allow for fast traversals
over the nodes or edges. For example:
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// create a directed random graph on 100 nodes and 1k edges
PNGraph Graph = TSnap::GenRndGnm<PNGraph>(100, 1000);

// traverse the nodes
for (TNGraph::TNodeI NI = Graph->BegNI(); NI < Graph->EndNI(); NI++) {
printf("node id %d with out-degree %d and in-degree %d\n",
NI.GetId(), NI.GetOutDeg(), NI.GetInDeg());

}

// traverse the edges
for (TNGraph::TEdgel EI = Graph->BegEI(); EI < Graph->EndEI(); EI++) {
printf("edge (%d, %d)\n", EI.GetSrcNId(); EI.GetDstNId());

}

// we can traverse the edges also like this
for (TNGraph::TNodeI NI = Graph->BegNI(); NI < Graph->EndNI(); NI++) {
for (int e = 0; e < NI.GetOutDeg(); e++) {
printf("edge (%d %d)\n", NI.GetId(), NI.GetOutNId(e));

}
}

All graph and network datatypes define node and edge iterators. In general
graph/network data types use the following functions to return various
iterators:

BegNI(): iterator to first node

EndNI(): iterator to one past last node

GetNI(u): iterator to node with id u

BegEI(): iterator to first edge

EndEI(): iterator to one past last edge

GetEI(u, v): iterator to edge (u, v)

GetEI(e): iterator to edge with id e (only for multigraphs)

In general node iterators provide the following functionality:

GetDat(): return data type TNodeData associated with the node
GetOutNDat(e): return data associated with node at endpoint of
e-th out-edge

GetInNDat(e): return data associated with node at endpoint of
e-th in-edge

GetOutEDat(e): return data associated with e-th out-edge
GetInEDat(e): return data associated with e-th in-edge

[22]




In addition, iterators over networks also allow for easy access to the data:

GetId(): return node id

GetOutDeg(): return out-degree of a node

GetInDeg(): return in-degree of a node

GetOutNId(e): return node id of the endpoint of e-th out-edge
GetInNId(e): return node id of the endpoint of e-th in-edge
IsOutNId(int NId): do we point to node id n

IsInNNId(n): does node id n point to us

IsNbhNId(n): is node n our neighbor

More functions can be found in files graph.h and network.h

Loading and Saving Graphs

With SNAP it is easy to save and load networks in various formats.
Internally SNAP saves networks in compact binary format but functions
for loading and saving networks in various other text and XML formats are
also available (see gio.h)

// generate a network using Forest Fire model
PNGraph G = TSnap::GenForestFire(1000, 0.35, 0.35);

// save and load binary
G->Save(TFOut("test.graph"));
PNGraph G2 = TNGraph::Load(TFIn("test.graph"));

// save and load from a text file
TSnap: :SaveEdgeList (G2, "test.txt", "Save as tab-separated list of edges");
PNGraph G3 = TSnap::LoadEdgelList("test.txt", 0, 1);
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Converting Graphs

Functions are implemented as a part of namespace TSnap. All functions
support any graph/network type.

// generate a network using Forest Fire model
PNGraph G = TSnap::GenForestFire(1000, 0.35, 0.35);

// convert to undirected graph TUNGraph
PUNGraph UG = TSnap: :ConvertGraph<PUNGraph>(G);

// get largest weakly connected component of G
PNGraph WccG = TSnap: :GetMxWcc(G);

// get a subgraph induced on nodes {0,1,2,3,4,5}
PNGraph SubG = TSnap::GetSubGraph(G, TIntV::GetV(0,1,2,3,4));

// get 3-core of G
PNGraph Core3 = TSnap::GetKCore(G, 3);

// delete nodes of degree 10
TSnap: :DelDegKNodes (G, 10);

Computing structural properties

SNAP provides rich functionality to efficiently compute structural
properties of networks. Functions are implemented as a part of namespace
TSnap. All functions support any graph/network type.

// get distribution of connected components (component size, count)

TVec<TPair<TInt, TInt> > CntV; // vector of pairs of integers (size,
count)

TSnap: :GetWccSzCnt (G, CntV);

// get degree distribution pairs (degree, count)

TSnap: :GetOutDegCnt (G, CntV);

// get first eigenvector of graph adjacency matrix

TF1tV EigV; // vector of floats

TSnap: :GetEigVec(G, EigV);

// get diameter of G

TSnap: :GetBfsFullDiam(G);

// count the number of triads in G, get the clustering coefficient of G

TSnap: :GetTriads(G);

TSnap: :GetClustCF(G);
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8.The Snap Library

The Snap library can be found in the directory SnapLib. The functionalities
of SNAP are implemented in various files, based on the type or category of
the functionality. Below we list the files and a description of the
functionalities. Further down we take a closer look at all functionalities at

each file.
‘ = Description

alg.h Simple algorithms like counting node degrees, simple
graph manipulation (adding/deleting self edges, deleting
isolated nodes) and testing whether graph is a tree or a
star

anf.h Approximate Neighborhood Function: linear time
algorithm to approximately calculate the diameter of
massive graphs

arxiv.h Functions for parsing Arxiv data and standardizing
author names

bfsdfs.h Algorithms based on Breath First Search (BFS) and
Depth First Search (DFS): shortest paths, spanning trees,
graph diameter, and similar

bignet.h Memory efficient implementation of a network with data
on nodes. Use when working with very large networks.

cmty.h Algorithsm for network community detection:
Modularity, Girvan-Newman, Clauset-Newman-Moore

centr.h Node centrality measures: closeness, betweenness,

PageRank, ...

cliques.h

Maximal clique detection and Clique Percolation
method.

cncom. h Connected components: weakly, strongly and bi
connected components, articular nodes and bridge edges

dblp.h Parser for XML dump of DBLP data

ff.h Forest Fire model for generating networks that densify
and have shrinking diameters

gbase.h Defines flags that are used to identify functionality of
graphs

ggen.h Various graph generators: random graphs, copying

model, preferential attachment, RMAT, configuration
model, Small world model
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ghash.h Hash table with directed graphs (TnGraph) as keys. Uses
efficient adaptive approximate graph isomorphism
testing to scale to large graphs. Useful when one wants to
count frequencies of various small subgraphs or
cascades.

gio.h Graph input output. Methods for loading and saving
various textual and XML based graph formats: Pajek,
ORA, DynNet, GraphML (GML), Matlab

graph.h Implements graph
types TUNGraph, TNGraph and TNEGraph

gstat.h Computes many structural properties of static and
evolving networks.

gsvd.h Eigen and singular value decomposition of graph
adjacency matrix

gviz.h Interface to GraphViz.

imdbnet.h Actors-to-movies bipartite network of IMDB.

kcore.h K-core decomposition of networks

kronecker.h

Kronecker Graph generator and KronFit algorithm for
estimating parameters of Kronecker graphs

ncp.h

Network community profile plot. Implements local
spectral graph partitioning method to efficiently find
communities in networks

network.h

Implements network
types TNodeNet, TNodeEDatNet and TNodeEdgeNet

signnet.h

Networks with signed (+1, -1) edges that can denote
trust/distrust between the nodes of the network

subgraphenum.h

Sub-graph enumeration and network motif computations

sir.h

SIR epidemic model and SIR parameter estimation

Snap.h Main include file of the library

spinn3r.h Past parser for loading blog post data from Spinn3r

statplot.h Plots of various structural network properties: clustering,
degrees, diameter, spectrum, connected components

subgraph.h Extracting subgraphs and converting between different

graph/network types

timenet.h

Temporally evolving networks

trawling.h Algorithm of extracting bipartite cliques from the
network

triad.h Functions for counting triads (triples of connected nodes
in the network) and computing clustering coefficient

util.h Utilities to manipulate PDFs, CDFs and CCDFs. Quick
and dirty string manipulation, URL and domain
manipulation routines

wgtnet.h Weighted networks

wikinet.h

Networks based on Wikipedia
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