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CHAPTER 1. | NTRODUCTI ON

People are born to be social. From the first
parents, then to relatives such as grandparen
hold a variety afd esiofcg iagsnpdoes ietis came agahel ,

col |l emgaypegr, aeveme dchike@ampdhgse soci al puotsoi t i ons

each lont htemese connections form what we call ed
years, people utilized their soci al net wor ks
The most i mport angofa sspoecctalo fr dttgwem nskoshec &8sl atrh a t

resources that are embeddeTheise tslhoe i sad cir ®ls onue tc
transferred via connections in the naeltswoor ks.

fl ows through the nénttweorrnkastma Winfh ¢t bel daddbengeon

without cost. I n addition, soci al net wor ks gr
many popul ar s,cuichl asefTwotkesi|t€&Eicker, Faceb
Thanks froarnitfhest ati on of soci al net wor ks by

informati scnedef fbeen mare feasi ble than ever.

information has enormous i mplotasiehsetbrvehe
mar keting (Trusov et al., 2009) onalpobs$itical
assi sStnandeeisnbgaedal | h u mere r dsfooaima,lc snet wor ks cou

effective meudadhyawf omf ws nsat iao T o svpheiaddimpso s e

hadff hsee rucsaciealofnet wor ks.



The pattern and extent of information diff
topol Dlgsgt raurct ure of the networks (Brown & Rein
travelasndf amndavehhect ed s oct laidd cnaertcweolryk sc otnhnaenc t e
Nevertdhediesls,net wor ks are far morenpdwenlpll i @t ec
scarcelyo.connected

't i s commonly agr eed nnhuanti tsyo coira | mondeutl wed rgkrso
structures (Newman & Park, 2003) becasisne peop
terms of geogr apohot hemtaes @dddssciiidaeloll modgtgywor ks o f
consist of many whibtectnmumm u el oetsy e ¢ tmuocnhs tnaora ee
bet weeemmuoonrwyecti ons ( Newman, 2006) . Il nfor mat.
communi fisiteso Qi a €es interpersonal ties that wus
and i ntimacynaydofhigdmriremoumd yoag tbatot her
communi fiwieeako(tiiieees. , i nterpersonal ties that us:!
and intimacy and frequency of communicati on)

I ntereseoangtngruitti ve faatei moshhfpratwvhaekohess
contribute to the speed and extent of infor ma
Mor e awearn,s miisnsfioom€maadfi on cancéde spnéadi oukeaadyvi
be 4 miatnt e dn otdhetsth@gnm et wor ks . The contagion of
than the xeptdgmoao bécause many af aucstseorvs | Wo mlig d
adopt and transmit the informandemt Nasyg asemi
modaend | inear mohllredadhbedn( pTpposed inséhe past
modbdlaveenxt eddeidng the past decadedertstbeatndi bhgt

generalization of infoomad. on contagion in so



Because of the heterogeneous natwure of 1ind
of a community stwaauarabtreea,p adb |sei nopfl ee xnpddaelni ng o

exactly a message would sphewmd hiinn saoncdi able tnweetewn

communities. More iIimportantly, recent works r
via seotcwoarlKkhiteepediralel yhe online soci al net wor
2012; Pei et al . 2Xadp.l eYs erasn irretweiettt era,d of potr
spread it) tweets e@wvecnameddtihey ude@ermsotwhfooli Ino w i

—+

we.etTshi s i s because usercegi teompi dssbgrabki hgr t he
engi ne .Afl t Bewinlawa tvtedry coul d provide users, bas:

histories, the tiweerody bhatoprescueranedyto th

Given that information diffusion ieme ®@fnl i ne
soci al networks anaoft lae cooamimige xtnime sehesaniinslsiye a r c |
on how efficiently information can flow throu

positions of seedimoded woolhksemd ¢ pu d d stphei|msn sPp ar |
t herseissear ch @sluscoh eixsasmuiense i n networ ks with mult
with the consideration of the difference betw
di ffusion procfeclsl adwetshe o040 @il svlhaeysses abewe ar ok s)
inveshogatbe early adopters function in these
guest itomerseistelastchhe usster e nbgatshe do fmoadgeelnitng ( ABM) ap
ivery power f ul i n modeli ngemempee xf mamr ®i mplc e ,

anidndi vi dual behaviors that could be aggregat e



11 Research Purpose

Nowadays, social networks services such as Facebook, TWwiegrametc.seem tchave
becomepopularplatforms for either celebrities, news media, organizationte general public
to express their ideas and opiniohkey havecreateda great opportunity for researchers to
explore how information spredldroughonline social networke/hen they allow anyon® post
their words(thoughts)andeven toexaminethe posts of alfany)usersOb s er vat i ons of
communication in sucanenvironment turn out to be easier tliaase inother traditional
experimeral setting. Just imagine how fascinating that thousands of peligdassa video
gameon online social services and within several minat@ot of their tracks of
communication could be draw®bservinghe wayinformation diffugsand how it relateto
thestructures osocial networkss important becauseas they saidknowing someone seems to
be more important than knowing something.

Investigating information diffusion in online social netwoda never be easy. It
requireshe knowledge ofiuman dynamics that explores human behavior overtime. The factors
that contribute to thdiffusion ofinformation are complicate@urrently, it is believed that there
are four critical components the studies of information diffusian online social nsvorks:
actors, contentheunderlying network structur@nddiffusion process. (Weng, 2014)/ith
regards to the facteof a diffusion process, there are many challerfgesinderstanding them,
including finding influential spreaders (Guille et al. 3Dand maximizing the influence of
information(Kempe et al. 2003)This thesisresearctstudies the efficiency of information
diffusion, which incorporateboth finding influential spreaders and maximizingithefluence
of informationtransmissioninstead of findinga subset of nodes in the network that maximize

the influencethis thesis attempts to find waysdboose the least number of nodes fegteds up



the information diffusion thenost.In addition, ths thesis also comparekfferenttypes of
networks in terms of the performance of propagating informagimning to find thekind of
networkthattriggers large cascadsof information adoption

Il n a nhidg sthreddi,s tai ms at contributing to st
i nf or maftu®oomomit he peefrfsipcei ¢efmtiec & lo ebhagseendt model i ng
Si muls®uit comes sftuam tshiossl d provide hints to th

informati osnodi df uséeébobwoi ks.

12 Research Questions

Overall, Babkedpesstecypardesvuded into three parts

T OnNet wor k :slobwuatmeessamreeads vi adepeinals meat w
the structur Wabf s}k hRrddiftimoalklsy,( t hvenresear
dif erreenttwor k structures:
(1)To what extent the structutrheei 6f eaesndci al

classic networktberpcooees, ofachnfotmbei

Il n online soci alhaeaneftfwosri koinn gn est eivomoi kckessa,n dt
are not the same because information does
net workwsmps over disconnected nodes (i .e.,
(and occurred i nThiesals istowad tail o m ehyavwbpnekrosh | el vneer
soci al net works with the advancesapoé wkbo2.
tightly connected with trsatditlobal amedmpor
channel of i nfTh ana tabsekieendgd i fmp o sq vaenrPt squubesset i o r

would be to explore:



2)To what esbemntl woelkt dvor bps oa @snsfuortfmaftoiront h
di ffessnomd or mati on does not al waysesprea
ot her avenues beingsudlEvagadi 6l neaspapa
broadcasting
Il n Twuttmeg,ttde event or inci degnt, peopl
retweeting theRéeweeesi hgesmhéehpeecess o
i nf or mat i,onh odwefefsursniootdn r el g unidrt etle® n$ voi a l
usersinThbaoe, call llreacthveecent so,f t here may exi s
thevhose informatiantsobr oMhgait s oscitahle Ipion

of the retweets that are due to ePDci al

thesel snkibbhsed retweets are small, doe
i mportance i n moder Mhaeopuwdasatli onnest wwirlkli nbge
explored and discussed in the thesis.

T OmDi ff edsifomlinenocryder t ¢ pma&ixin fimdf rzda ft fhaeis @ lo n
Il i miti ééddget
3. How many early adopters (seed nodes) wol

tr ansmiismfiornmatficenmn t ain socital emstuwer kvi d

enough a@aowe wdgeiea direestt Mmeotctae i memtswor k i f
suclhhvettbthbe i denti fication? methods of ea
Because of the | imited resources and th

i mpossible to make ewvbkhegaaney tsa abgeerse aorfl yi
di ffusion, that is, to adopt the infor me

of early adopter s irsescoruirtciecsaflf nvcaayetnmbarte i



The rest of the thesClarpaswssedVid o € pwiosr kasn @das f o
related to i nformationCthiapt estih@n piae 1€ @atnida Imen en
utilized by the thesis. Analyses andiwvesul ts

t he concddussicounsfsaithddne. r esear ch



CHAPTERIl. CONCEPTS AND RELATED WOR

This chaptedi frfeevri eennts I Wtu armpdl, & hoebda rtyaoccpoiéarsis.®c i @ $

net wor ks, i nformation diff umainmitafa toiuagthl useoncci ea
i nformation diffusion in social networks. Thoi
to informati dmudipfifcwes imark,e tulpegdseére most fl esh a
21 Graph

211 Cent r alnidé u e A4 tgtotran

Cent rmrelfierys itnodi cat or ca@fx shhaw icne(matnrgalh pak vcearste, a
net worlki)s usually wused in graphdidédeniegians net
appr otaltdnte scanf be avdeblpd feigneodsl eummsual | y bméoe s qui c
ex hadgthiavme cl as siHe ume tstbd & £ mea hpprlaagytpirmaalc h, or &
short cut, iIinteaarchnofjea a0k ontoutd ngouma rbauntt etehde t
optimal .oHopseWwfaectons found by appflyiogeheutros
i mmedi alt @ eggon@elass.ur e how suitabl eamarloyl ead sp tter
as eed,amno daemp | e a mo u nbte @onf o pmoest entdohdes. T hi at se rraet sueraer ¢ h
investigates the performance of sipx eaantorfal it

influence.



212 Bet we eQenretsrsal 1 t vy

Bet wedmnesnse of the earliest centrality measur
Litron Fr eemarmr iesa sy etdreawddaldyot! thtirdo utt i s met hod 1 n
node's benweenwsewshwlk dcal cul atitmmlgat hrode altce i oo
shortest (at hesedibleatweparss t (hwo,b aagngoedieh)en nodeer
worgsyen mogadairfgeat bcnaoddgébaet €aonnyn epcab dienso t h e

net wsouckh t hasth drhteelsdd rpsad rh sp @ b ntghdr onudgdhe rgjoduitee |

the moretaemdedt@ U &l hTfehe bet weennesisi scegntvieanl ibtyy

foll owing expression:

whereés the total number dadanmdhde tagenstd epnaotthess b et

the number of thwsiemahhoatt epsas sp atthhrso tbgeh node

213 Cl oseCeeng gy al i ty

Closerens g al anpt her centrality nbeeatswereennienssgr ap
cent, aéniedssesnt vl l tyes shortest patclemtasalwdlyl
emphasi zes the pathpgdarmaebhatthlreabhdrseanhce or ge
metric bet we d%a hpiad uss 6dfo r v@admoedeé s wodedef i ned
as the sum alfornghtd da esstta ncédetisles MModmseéehi@bhei s

defined as the reciprocal of the farness:



p =
B. Q OH

whe@e@h i s the geodesivanidi Sthasce t thet wimere cen
i,$he | ower 1i1ts total neoaeasli.d¢ Niletsitcaen cteh aftr osno nae
may not be reatthwd | reodidealn nngo dtéo o mp p @oefa tas
network with no connecti onsl tbeftodeletnwsg Ihesen esep
be only computedowed hnet wowkl that each node c.

through their connections.

214 Ei gen\enttaral i ty

Eigenceaoat padi ft fyedreggnrte ef rcemd draé $s $¢s arhoede mport a

neighbors. It acknowledges that an influenti a

wi mbre neighbors. thBhe amemhardf | afentcomhecti ons

counts for somethi-ngfl| bemcderamemagy fewtepe mfigrmhm t

have moemd |lluemce nei gBborarslT&Hh7t hewman em2006)
To obtain eigenvectoamdjeatemtytmamaibheimat u:

in the neitgwmd&ke ot del ibcayn obfe ndoedfei ned as:

wheries a cbohnthed retmeandtj aiacn@ann ¢ 1 k@t pwhen there i s a

bet we e nf@o doet hter wi8 s e

10



215 Lshel |
Ushelbicodecomp¢ Sei doman, 1983; Batiasgeadnot&h eZraver
centrality measanrcé wiolm&t fda@mompuesese to inside
mo st c opnonretcitoends o.f hWhe nédewadmrsk amp,psecgrhersnsode i
given anindeege®lISOsei,remai ning degree dfoter t he
i nditcheetier centrality. More specificablty, given
cuttiadng onfofdesOpwi t h degr ee

After removingQal Isotmee noadkesomiytetd.d i Inkf t  wi
Contpnuei ng otfhea hgriapelr @tnt Mehliywnmahnehere i s no
wi Oh. The removed mrod®s r reaslpomgi wigthinks that v
Oshel liche®t IOp. Wastihmi | ar pattern, weO-shellati vel
M O, and continukeshemoy i msptrireli géelero vreodd.e Ul t i ma
node i s ass &dinateexd wvaintdh tohree net wook w@-fimabksvi e
The resulting classi fi caftrioommwhodf atat hn@ ddeews aenk. b e

| n gevisehrealll, decomposition is usefulafor wunc
hi erarchiamdi is)t rcdcutsutreer s of ti ghMil ogr&kaomadinect ed
Pell egriAnit hua@®@®e0) index is derived from the d
more information than just the raw degkee in
Il n aduoshebh,decomposition serves as a good to

net work streati u@éds mdnethal -Ham200&; Al mdr ez 200

11



216 GreeAlgori t hm

Greedy dalCGAgs iwihdnel vy usagdiinng, madabsiime sise i nt el | i

intelli,gecdecmp P théyr aanmpirnogdd celmut i oAnmak godi t hm i :
set of robust processes, sometimes defined ma
if the proéooéd dseveElednwinell prare Aouesiteni ef Yacuesat i nf

di ffuAliommks Gf or t he sbleat maxnickmmidaecuse, hroeedeé umber
of furtheriatlbpeaededodbmisndgetmrhe nproomadss oint prop
has been proved that fiimdian g et -hWaPr thoAsctachi bfel uen
used to find the optimal solution for influen
guarantees. ,(ROOB&EMEaetpiali cal exdierat meGnt al so
out peof tdeemgsroe e c edtars&Idi thyema x ismii zzisnfgl owtehnes el ect e d
nodes on i nfor.maHaodwi&Auepre,d plaigmait th@ad eade mtert dloidtsy a n
has been magy wyma@aofishedruref fi ci enhacenbeahi ty me
i ntr odlhuerraf. ore, a more comprehensive study t hz
heuristics becomes necessary.

The gener al idea of i mplementiseaga&Afobohl blwve
a socialD niOtwiotshks t he set Obéi mgrtheesYw®endf edg
the subset of vertices selected a®O0O®ed nodes
denbhe process noufl aptrioopna gtahtaito nd espiends on t he ty
information diffusi on.whlentthhearf onfnrat mahi modehnd.
from one to anothhaevre. dhOiffffeerreenntt nmeocdhealnsi|slmsh aivne d
di f feeirfefnusi on results. The mechanismwioltfé di ff er

explained moreDatpaca i dcchdad tlyeord $0 ft htehi s t hesi s.

12



OQA s a subset of 'Yeotri tbe skhéVeétbheedebyftlhaer
Y Based on GA, we Kelkpt addli wmgomedats antiome, s
simul a0iQe®e , ot he number of the sO@QOMD cvwerti ce

be maxi mi zed.

217 Degrescbunt
Degree hWewvsrciosnitcs dlsg cat im@kmt c aEgheorse i nfl uentii
informpteé@€@€bens at.Chen, atGthBhfgsbkhewsdi scount heu
only in milGMDdEdramd si nwrhhitdwenrek wi t h temsde$ t ho
Il n the meanti me, t hes sedleculedineggdr fddeu an tsicalu ngd p rh
achdewen ibreftltieentcleb g puredasitg cent r albiatsieeds and de
heuristics

The general idea of degr e adi Deewnntseill ecded
earl y and€dhgmnerconsi de,y i agneigd et rianagf eawr elaa d gd adro
its degreég,hotuHed endbge be couhhedr ¢ asvam ds® i tdi de
degree bydoisnealirs atdh=ndsaadl descd iealdides n e i @ihndtdores o f
seed settosk@lelnfdewneadver yomnkeatghiboralofeady in th

nodadle, we adme tdh e Wk uchd g roeme .

l gorithihhi s®O&€pmtmeet al . 2009)
initiWani ze

f oerach wdkat ex

Compute Qts degree

X Q

initdomdiQe

end for

fo fQ pt &d o

selde CAGCHOMN DN w, Y

O~NOUTRAWNR|>
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9: Y Y 6

10 forach neofyshraro "Yd o
11 o o0 p

12 X Q ¢o Q 0 01

13 end for

14 enfdor

15 Out prut

|l hhe al Yybendthees saedt betddsndthesasndmber af neig
vertltelxat are already ®febpagadi as epaobwphadopterd

wi XXbbentghe di scofintbodegr ee

22 SocNatl wor k

Soci al net works are complex networks that hav
researchers in many fields such as coMmputer s
compl ex as they are, socilygl neewobksrasebsofn

and often display thepromwneptrs hafu dsad eipals treet

are the small worklSd rph@f @nenamdi d Wadpredsweortkys of
bei ng s(camgcewldan®aer (adt8sal ., 2000) .
Smawdr |l d phenomenon is the mani fsé xt alteigomr e f

of separmwdniaicdhhnor dgsobliyb&di gyes Karlitnthhayd ibreeln9 29
experimentally tested by Stanley Milgram (196
each other imy eatmermo aitheeisx cofimeect nen wor kSc alr e
whose degree di poweé g wtiigopnn gf otlhlacotwso ntlhye a f ew no
tot al degree (i .e., number ofy coofn ntetcet ni noonidsie) 8 t oef

littl e.

14



Ma nayl gorhiatvhemsbeen introducedi hosgmunkeatéee th
net worTkhse fi famo@mdiathddtert model . -firteagemetrwmdrek
with two simple mechani sms: cont(dmoowphdtdy addi
connecting wi tdprctflewfre notaerdree c twii ritdo t threkeergeivegen o d e ¢
(weclolnnect (epdr)e foenreesn t i0dB a raadtriedciPMrhéreBE xtt, e n1s9i9dn)s. o f
Bar aAg§beer temmeordgeeld i n subsequent year swo One of
LevHdt wor k(Dmodeal ch®@W4) secaam daard smrae fad 1t taec thinteen t
net worlkte r acdfi venresdse i s not only determined b
degrees of its neighbors.

Recleywta consensusanmoansg breeesne arrecahothtesd ish rwufcit s r
ofnat wor kc tchaen marf diceefscsredsa foiffosi on i n many ways (
Watts, 2002; Dodds & Watts, 2004). For exam
net wor k sbterhuaavtivofreushon by studyi ng. tiTse sstpurdeya d
d e mo nesdt Ir aatt ¢!l autstt iea eevdnmaed we r ékfsh aci ear r esponding
net works for behavioral diffusion.

't should be noted that soci al -Inaetttwocreks ar
net works or rByswdodyineg woh&sstructures of onl i |
all2007) found t hatedt hleasreg en esttwoa rkgsl yedoengtmaeenct e d
nodes, surrounded bydemgngesmadeéscl| us tcatdudrieb,f oh
aat her ismprourcttaunrte i ntd@aci slocneatl wamrknmoibnk s gdr e
( Newman, 2006; Girvan & Newman, 20é&t2;2a0AIBN .et
Soci al net woracs mmaitnu rt a/ltIdyc mhnaibead €ddad mxl e x

net works (RosvallTh& Beéer gatnuimdashe?2 ®@2n. demonstr

15



have efifndotramadn on diofufluds isopre eidn utphfeaotr matmpedef t t
or the spr adnofv editred aglZW37/g| ar abowi0d2; eWealb.
et al ., 2013, P04 romByuyncoysisdemnuichgr eiitn iisnf o
Il i kelwe twhoatl d db es aaaldite htea priocfecsstmfff oai on mor e

comprehensively.

23 I nformation Diffusi on

formation diffusion i s theeprbicmeghtdbatt ainh

5

termediaries among 1| hdfion datail sn odi faf soicomml i I

=}

now a hot I sastuemeambunttobytstcawxrhé&mrsg on soc
behavibmsorder to understand the functionali t)
notabl e ,shahl asgesetecting interesting/trendin:
i dentiindfylimgnti al sp2e@eaBlee spr(dcGuli é mse dedidarteel 4. shii rsg t
could belong to i dewmotfi fiynifnogr iri@awfelvouwe nt ifaln ds pmrge a
spreaders really depends on tahgesaalde compt e«
net woeawkisd have a | arge gwhupeofsmahil|l wenti alp| £
few Thtswe want to | ocabeesl i nofa asnedengpd loiym e ih wenn
tetart an information cascadé uem&cmeritnfme i Pwmr pos
di ffusion, wombde®thereswvwested. Therefore, an e
| arge information cascade shoulcdshe tihret ri ond waear
propagatsoni al net works can be maxi mi zed.
There are many i mplications for studying e

can be the firdthasppml ii optoorpaagt altfd nesoucg gaels s t hat

16



spreadwadiryd tohnfeWmdMdttect i n the marketpl ace. WoM
encourages peopl e tapraodapctt t(hHee rirnf Krafmsatdneesn arn
enter the modern dgaoedlad s pvoc il ahl,d wWwond riglefnteccet o f
medi a.

Peopte heterogeneous. Some people may | i ke
some may not . I n addition, osmomei pemwgii ¢ relmarys ha
ot her s .balrheelsyawhdpoe b pv e ma e ad naircetf Hepdshe o n llemader
the process of information diffusion, the exi
final outcome of adopPPRetoer a®.d .sahoedtcdogf$ t2Z0diiTeuss
maxi mi afogmation diffusion did not condider t
t halhlo g eanret woertkdhe s agenaclf hmelde same probability

anmgr opragaitnf or mati on s)9. tThhee sdei frfeusse aornc hperrosc ef o c

connedtwitwciptaysi dering the potentially significa
knowl edge among influential adopters.

Il n orndeearn itnagifmiilmlfyor chet f osai on in online soci
of opinion | eaders should not be ignored. Tho

cenpamifsthe networks, they addrndietdle & irefnf iecaird nyt

of diffusdomter £aadeg those who first adopt 1 ni
spread it tdhttbsleq ua mateniidtg Yyl vacraa .itohne most | mport al
when we are interested in efficient diffusion

A different perasepfefcitciiveento fi nsftduwamwaitintgo m adsi fbfeuw
donepide mF oitnofgoyr mati on di ffusion, the goal i s

information.i Hotwwkee e@n atewno ok ©gi sts are trying t

17



di seasTeaisat dheithg €a@aimmon goal is to |l ocate thes

networks so that the speed of diffusion can b

24 Efficient Diffusion on Soci al Net wor ks

Soci al megemowe&ksas an efficient tool dor inforr
express their behpaowi omesme si dena st,hei nsnoocvi aatli onnest wo
convey t hemSooneéethweorpkusblaxhi bi.Thaompbepl ekrir tugtrt

di ffi cuMhto tco uflidn do ewheoa rctoyuingdhenmt emak i mi ze t he s

information flows in soci al net works? An earl
though mostly the people who are opinion | ead
their special pomsiaddointsi am, tohpei miedarnwolrekader s ar

capabl e of spreadand it heormetasonbewhaki orand b
(Rogeryg,. 2003

Il n some early works, opinion | eadeed were
tdn i nf or mat i on&[DOraavsicsa d(el. 9 9Va)l esmiteewed t hat wusing
di sseminate inforamulidnbevia hp rmo comretspamidair sa dyn i
thgwuest using random nddesxrg enr itrhen tdemssseagd | enet wo
derived from a s mallll |p hnyosmscgi haivmh bceohmdmufnfietrye nitn f r
soci al networks. To that end, a | arge number
met hods for choosing addermosh thél bubanggentcopi
& PumpuarKg mu2ad@. @ 7 ; Les,RO00é6éF. eMoakover, the m
met hods for identifying opinion | eaders in so

net wor k entviiteiwess,. nTeheed |i ensicse nt sou nsianyg awed ee X @ ames i

18



Nowadays, i n online soci al net wor ks, It i s si
anal.yti cs

Nevelrashe, i n the challenge of finding infl.
| eadansbe diddrelry nddadhpiteenrtsh.esi s, opinion | eade
people who have most coBaetyi entbawveiverg h eierf ecdom
peopl @adwpbed the infompatiom tkradears| aeagdt ear |
may ovechapcebgudddecat hatde with few connections
in the network and thus being an early adopte

Therefore, algorithms for effimdedad.y Thin
probl em ilsn fklnuoewinc ea gMax b Ime meatlsi lwiscth f or muet at ed i r
abt. seminal paper (2&8W3e)s. dkesmap azbaetrdid ot ihii gsr aolupllt di ram i
NPRh arNb-d(et er mi ni sttiicmeR chlaygpmamipaloposed a heuri st

algoriohmGar solving the problem. Their exper|

di fferent i nformation i EAesnde model s: thbewk
model , and the linear threshold model
Subsequentl vy, researchers (Leskovec et al

i mprovGAsf otrhd hi s maximization problem. These
search time significantly. However, in spite

i mproved algorithms, the di fbabsancgcnu rnact dea hys fci onud

optimal set of early adop¢lkerissshines wind | me ismvce ;at
comprehensively. Along this |Iine of thought a
social networks, whethhheaxi chenedfiedl eanteg ado

spread r emaiatsedrot hbeer i nvestig

19



Ther obliemf lodence maxi mi zation i s omeaningf ul
because the budget for information di sseminat
ofdi mi ni shi ng ,mawogien ala rrl eya luandaoypst ewasr rdaanftn owti der
i nfor mat itaakr s, pr ob | stno atl hseo epfefretcatiinveness of i ni
which the ultimate goal is to find tkemepdfi ma
and/or in tefsmspodobkeemens I mportant also beca
shifting onto online social media and being e
Wi th aseebluotyi,0o nveinldi t he mechanism of informat.
opiioman | eadershehanigef fpheynd ii cad b e sogd ggcse nfnbuenti al
cyberasgpacredi ngl y

How i nf or maitsi osnt idlilf énuyssetsda rliod usdpe t ex it ence
| arge variety of i nfnoe ncaan ofnu ldliyf feuxsp loani nmotdhed sp
di ff&Esroher mor e, tahses uenxei stthiantg immofdoerlnsat i on spr e
net wor kisn mangdcastsoen real ity. Real diffusion
furtherifex pwaonrtedt o confidently wutilize soci al
of i nformation such .asTaootlh ast¢ eeamidtcehirghd e €05 s e m
t his @roEogdispuesael di f f u(ismn o Rnirote ttitemograkése t he di f f e
bet wkiefnf usi on net wor ks anMoruen diemptofritrssgnridcsyeiaa Ic hn

expltoreesevi dence of efficient diffusion on art

20



CHAPTERINl. DATA AND METHODS

31 Twitter

The dataset wa oletadi medTwirtkieearbwmien dodr .t he | ar ge
networking sites, Iis a hugeéeplanfger mstmrwhi ah
materials (e.g., ,aadtdisduabpdaemwsernr3 Vv, dz®k5,

montahcltyi veaweacsed 30 freirlelnitonf.r om ot hewckoci a

asacebook, this microblog service only all ows
pootrs t weet.s AmeortTwiitfttfer ence i s the way that us
soci al net worksfolaomdvwiat ser pbeus$ et $ almiead, whi ch
directional relation is not néueseerssartyheyy fuslelrc
yeseus that amaplmdi mecfeolvlegpweadesr f ol |l ower s
Soci al net wermlosaibidreh dTami tt treesour ces from t he
adveramdeps!| i tical activists. Maagyagof them se:

opportunitgi ft foeessppeuddtys tohfe i nf or mat i,anddi héusi on
formation of great communities. However, it h
online soci al nteh ew oer Xki ssntdebpnnchde & dafxe é@ngp o yt wo user s
connect ed et Ha®EdNMaont hser mowo®tr dof t he connections
net works of TwitOee owaemeemeialny ngbyesad, 500 Twitt
price of about $25.hiTihgterbduct Ifwelfdosvi wigldli fder e
way of detecting online social networks becom

among users.
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Twitter, | i ke most socsiaalsenetoworf kshihd@at @@V i
i mproves t Beex perciuesn memedfisd) s g mlgel Mapaors® utl da tb e
i ntentwirdarfalnl someone. The ucselhrdaé¢itee the @ siyir
view the podgti guFerdi nweareat;y darRrcd&s iObama. I n
@TheEI | en Shaonwd tiesewt heer accounit. sacfr, eTehnenEa nhee noSfh oE
DeGeneres), which means President Obama ment.

TheEI |l enShow stho ud ede Highwinsy ttiewa estd

Barack Obama

Sl Watch President Obama thank
TheEllenShow for all she's done for the
LGBT community: ofa.bo/g9kL
LovelsLove

View media

Figure 1: An example of tweet from Barack Obama

Mention symbol has been seen as the repres
Anot her i mpornth@nsgy mleals oml dyhsatan etshsaetn teivaelr yr orlee
ta tweet as@® agymWionliht H he teh@ styenhbod ,o0fwe ar e t hen
ussbfrr i enodnsbynotthei r ffoolll&soved ragi oalsihy pt,hebuact i vi t
users ment i bh@ ostymemoslt Weii mgt weet s. Twitoer pr
colteweets mbgt any user. Although thkbeemosta | |
rece2not0 3hi storical tSwedat32 00Ti tteveodhasmreeamal most
amount ef étoweeatcd i ve users aheoer agueley 10 ti mes

Wi t h t hteo acboillliercggc e2Bt® 3AMweet s of each twitte
form a soci al net work based on intrertaweetosn. oT!

soci al net wor k mhgminede byt hibd ewavshen studyi ng
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propagati osnéitrhk o.uglhn tfhaet¢ o, calt liesheof of easvebl &
rel atsiomnsahirpasonabl e tisme ilcdcsa ushee Thainthireéry ol la

runefvery 15 minutes.

311 Data Collection
Il n the thesis,wachoel Ideacttaesde to no ft otpnwiece tilsevel , 1 . e.
col |l edtwieend sc epanritnigopi awubadover the whole twit-
The reason for this iwg tthweoflalnd .t afTh,@®&f iorfs tTwii gt
deshedi pr eivit 0o uisrhpygssi bl e to obtain the compl ete
their wpibthher shoatt Tiwiiniet Tetrle pseeomnid .consi derati o
are often related t o iebhvheen trse ahla pwoernledd, itnh esroenieow
study the dynambaos easfpielicgffeancmatvieonter t ai n peri o
Theat aset use@dsi cotl he cblpecif ®f Ber nardo wi l
happened i AhWaw,) | 200l ¢e dwamapgsdoeand 0% contained u
18y using the Twoithert Beaerehtad®4d, t @l Bernardo
were CAl toeddadtdweet s were retriewedeared amest of
during the afitresg itchiricidad@@ly st weet s wed0 yYymisgq e
Twitter Bexanus ei IBdvramael dac aw f i r e meahre Suasne rksi e go
| ocated i,n aS%amotrBlie enggolditroodfiicihedseads | ocal t opi c 1 n
Twi tt emi gahldsmptlhe exi stence of [ ocal communiti e
|l order to obtain t he ortéhlsa ptihoen snedcgE2n@dndng t h
hi storical tweré¢scahtdleenicrd dfursieex d o dwdsrien @a It he

symhalhe tBeeatuse sodesetusaempgilvamacy prowamsbt on ir
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posstioblceol | ect s itThvg it t dthwas®t s n twemaeEced9Bdusasads

their hisverotbaBotedeéti se s OBOLH| dngtmskadr) Kl 261

nod(erso 795 bewam®d soOmerect ed huesod msntyhyeif € d hiec

f ormed among whhiecsha spheoemeesd | aw degree distribut

I n addition to online soci al net wor ks, onl

essemdritalof Twiltnt Brermatrwor kK sve e tod tdvhdeemdsree , ar o

ret we enmmseamt forwarding the messagelst odowsilpech &

extracted by ®JlU@ecrthnlamgeort chtewe ewmme tddsidcwetehh &t

arneot ori gi nalslaynespeors.t eTdh eb&yo rmidgeen aMi |Us earppear i

foll owed@ DbFforRTex ampl esusieds Bsile elt v edtthiee srtectantele t

n

posted by uSRa@BIA |wbvies B ¢ hikmghi s pattern, a retw

which raepdestosson setwotkredoul d be

Il n summary, wusing the tweets about Bernard

net wor k are €ReérVeec ticdogu!| do sneeet wohreksse atsw di f f er eni

net work from the iwibled fsiarnee cuosnemmusniitny t he commun

net wor ks and i fTfhuesrieofno rnee, t vaonr kisnt egr at ed net wo

net wor k and dwaefsusaibdn srheetdwarnk t he study.

312 Li mitation
Di fferentt hteoomealsli mwe r sr/ e&lod tl ioameygyi @s earst at i on

soci al het met ked ODf dafi@égmboeEkrcaproandharttidtiizen

0]

(

soci awWhillienki.t has the advant aigre foffseodctiiilatl & rl ii md sc

(e.pgtir chasable followers), it might have the
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Therefbobhes data was col |l ect ederwancotle rt hdier ak s iuel

Twitter in theiWhirleec écatials@gsw2cd Gr/ d-lwa téitoevi snlgi p capt

redumsdan tal l inks, the methods in thi& thesis
social relatiohsbmpttibhghaneat hsociak Dbinks of
compensates by saving tons of time from colle

32 Agedlnased Modeling and Simulations

Since the goal of t hetgh e siemfrlautieonramsa ltaifdes i ma inin
networks with the consideration of opeaidloyn | e
adopters) of information and opinion | eaders

Seed nodes ana@repmnoti onhé essadme sbecause diffusi

seed nodes but the spread of information gene
| eaders. For this reason, choosing opinion | e
maxi mi Zattihenroinfluence in the networks.

It may be plausible to assign the most con
early information adopters so that the influe
net works the mostndef fidctsihwaill yd. bTeo ntohtaetd t hat s
anidnt raincdattehat connectivity alone sometimes co
soci al netwenmtkesr. edHHi gmilyi on | eaders may <cl ust et
strong ties but not necessarily geographical/l
peri pherraelasc ebadoregdpltyough only weak ties. tGeensequ
conventional mat hemati cal equati onsbased dentii

model , with its ability to model complex inte
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suitable for anal yses and e xapnedr idmefnftuss eosf thhorw u
net wor ks.

Agemdsed model i ng andnsiemuwblpgpttiommre h( ABMSno died
Sy s ttehm@mstceo mpr i steodn oonfo uasu but (Muatcearl a c& iNog tahg e i2t0s0 5
agent could be eitterl laerctiinvdkl windu a&li essr saicshetas
group. Each agent fopabwsamd si mtwarr ganlal st ateehsa ve
rules and contextual riehfad i woaishheorp saf gteant st,h ea nhd sp
ot hermeant al sett)ngs (Weng, 2014

Unl ceepventhieoorales and classic model-s expres
based model i's a computer program, ameBaMi ng t h
compl etely f ol leoparskatnheed srtulld sk et Itadiyoogasl edhan ar e
computer Threogroams .of ABbwi 8 gehiemgnudh eheamp entgt s
on each otTteirs multlucaws yt.he system changes dynar
the sydteecermuse the rules set f orThteh egraegaetnetsst tphe
ABM is that it allows interrelation between m

i ndependent variables camhbbowbBavechmoibhaklr asged

I n ad¢diet ues e -boafs eadgemtdel i ng approach is base
the interactions between nodes thamn lee conne
interactive, dynamic, and changing witl the p

cannot be modeled by the traditiowmalseapproach
modeling has the benefits oprdyi diapguai mgt e mal
description ddfeifalgsyish leen imamda IByovaimmn g f eedbacks

influenc@Bomgabeaauw 0rz3002). Thebadedanmadel ioffg ust a
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especially when a systenmraf toommlpexurel emantge n
each el ement and the interaction between each

al gorithm

321 NETLOGO
Ths trheesseuasrbteht Loag ot he t pl &tsft @adbiaisehd sahg@daret g o

(https:// ccl .NedrLtphgviftso-vah r e s b ecled gpirmoggrha mmi n g

pl atfor nbascead asgiemul ati on/ model i ng. NetLogo prc
interf aee) cwerssh, sclhiobsers, inputs, and other i
dr amatsii eonptl higf yconstruct i onl nofa dmdoidteil osr,s i Nreutl Lact goor
|l anguagenavhtiechd iogoa @ gr a mmi n(gP a paenrgtu,agle980) . The
bet ween the original Logo |l anguage and the cu
controllingratthea stiimpel e n the traditional Logo,
t housands of them isnkyNe 82t0o0gdb)e (.3 B snjal & gA/iwi e m
pat clhiesk®@md ermaver $s he represent aRaohsbachgé&nGsi i
201lThe NetLogo world is two di mePasicdmalt | @sd i
are t hosaa agenn tnso vieh amd u Ne o & BagtiohEEa Réotrd &d a
sqguare piece with PBaotocrtdeirsn ateeps.eskeart dxaemplaen,d o0
repr esdunrtteldd Buyyec h@es move ®atoaujmnmEstovieirke @eopl e ¢
around dveaksd amnglent s (Thratt| &€ta oslkeesc tt wavoends; eac
aTur tAlLe dkes I f durngsdeeesit FOmsadrivyernr hdeagent that

instructions to the other agents. 't is invis
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https://ccl.northwestern.edu/netlogo/

't is I mpohabméetoahohet work contthe s conn.
edges can belinkEpeedenhedNeblyogo. i @drke beaweeas itlw
turtles with a single |Iine oflLi MktsNegbogodal sd
features a variety of preéedemiinedddtulnacg ad)o.nsH aro
exampl e, there i s alLi prkeeidgel$h tnte dc & nu naca d eosns caan \ er
bei ng c oasnpeecctiefdi ct ot urtl e or individual. Most !y
di f fexteentsi ons f ori ndcaltuad immagn i npeutl vactrikosn ext ensi on
These eehabs$ eotNetdeglo with real Iworaddidtait@an i n
Net Loagloswist abl e for simulating the generation
spread of social media messages through indiyv

Nelbgo does havéEhetsagbhevpackmesekeomti on s
for model sanidneidlee¢ s ogpoc hFomo denetewonrlkdt hfat e x c e
nosdaend ealNg@ée¢ 4,0 g oo fmosduecl hc amretovtortke easily execut e
in computi ngrrdd snaurydHeéeRstwhatme nmul ati ng a huge

compl ex syst em,alNted rEnagtoi miossineadl il g gsoodc.i a | net wor ks

33 I nf or nbaitfifounsi on Model s
I nformation diffusion model hprayliosn Sedfcioalucre
t he mechanism of gener al i nformation diffusio

Scient idstfdfeirggbrmdc | sdcngl ogy, epi demjhoalvoegy, &

dedicated themselves for a | ong sbnmseo€tbal inve
net works. Though this mission was as compl ex
behaviors, some progvesshBéasebietadathomvile a:i
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anthropology, geography, phgaick Kioel os ogyevar
approaches have beemnhugbbeswtedffoomatddnesprag
to person and what factprepeagatiidomaffect such

I n the challenges of mmodelipnud adi fsfeund inand pmro
i nformatibavephdpsdhdadepeGadsecnatde( m@)deeaberg
al20,01) lamdclatries hol(dd TmodeGslr anovetter, HOsi8des A
t hose +«wowwe Iold cheelrs  mo da@hada nd ob ee xuissetd t o I nvest.i
di ff Betaonmyf t haomt waleliyateoxnensaindgs aaab dieTi e
incl Adl @g(asynchronous independent cascade) o
(Satal@aoat). AslI C and AsLT edeaalc owmitti g udiufsf u s incen
di screte ti nehartaaabyerlitCheadn da g .

Ot her related i nfor(nbat iSouns cneopdteilbsl es,uclh: asnf&e
OSIRS: Shiseeplti i nf ecathadd,t hR:i rBpcade ainddsmadel s
analsogafe virus propagation processes (Newman,
graphical net works, which means they do not ¢
and SIR are not appropriate models when consi

influenti al nodes.

331 I ndepeCadcend d e |
I ndepermrndemtd € ssnaaech ad toirenat i on Gof € ese b 00O d e |
Il n this modepr,eadad oownar i tobaes csaedt &wodrekss itnh rtohueg hs o

net works have two states in ethare diirs carimdthe gti ant
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t hasheat are already awanael oopft etdh @ ti.n f29 rtnmhantaican va
inactive nodes are unaware of the i nformation
The process that diffuses information thro
nodes ksneemh cmsdrelsy & &opgpeess 2010)o.me Talca d ev en dodye
accepting the information being diffused thro
has a singl e c¢handceurfroerm aatchyoi nviveeadeti egdpTbhoen s . o f
probability of inactive node becoming active
general, that probability can be structured a
has onef cart ¥ e mgadt @ aaccht iof ihted hreei ghbaoras, swccess

activation process ends when no more attempts

332 Li ndlamres Mo d d |
Linear t hriess hdoil fdf emroedrnetl from the i ndependent ca
mechani sm (Granoweéet280e0r3,) .1 9S/pg8ejicnifancpadl h yeshol d m

r ececievnetrr iach nnhedendent cascedér medela®Blu3 ) s ender

Again, in a |linear threshold model, a set of
of t heedat ecdnnei ghbors. Each inactive node has
probability of being influegicwari Gaepr aseghbo

how i nflueAtti @adch ttiime step, thenprdelpamidlsi toyn

total waicgh&ieghbots, i1 .e., if the total weigh
threshold of the inactMiove fdodeaenalilty UWialolo meaac o i
active if

0n —
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Whebt ®@é0 denotes the sebfofhacthhvigre hadigidbioo s,
denotes the weltaghdFubéhweeheeode al weéehghts sho

consthBitnt 0y pThe t hovcefshmdde i sTHenatedvhyi on

process tneor nmonraet east tiefmpt s are possi bl e.
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CHAPTERIV. ANALYSES AND RESULTS

41 Model Description

This secti oagebnatsneodd a t e duessiNlngghedgo and the basi
that enabl matnédpemodovd!| tthe an alTyhsee sg raanpdh i ecx puesreirm
interface ( GWals)e do fmotdheemaaigemievh ie@mgziboe vi sual
representati oButotfandihiedtedrescboag o p| Mo hie & ofitslt esl and

to show data the m@)d.el i's generating (Figure

P inforDiffusion_NW_] Hetloge (C o 0 - werkiNetloge_werkNetiogo_modely I - v - v - i R TR
Fie Edt Took Zoom Tabs Help

e chuszerig-expenent

Ciffusion
seed-nodes-pieference

Figure 2: The interface of Netlogo and the integration of models of the infasmdiifusion and networ
generation using Netlogo
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The daesretd model in the thesis consists of
Evolution submodel and (2) an I nformation Dif
(1))ANet wor k €Evbmede l@wrienul ates the ewolution o
strudheretr wdthnurinee towfdsreknt r ol | ed by wa tshet of
regard to the Thpse stidmbBdghetdwbdboksmani pul a
Strucanuertemtoorfke mul ate a real social dnet wor k
the fact that we cannot change wer ec asrnt raircityur
the structures of simulated networks to em
't should be noted tihmpg o rasdno cA&MI shnaedt w ohrek
generate a visual description of thate netw
accuamdoy cal i brmodselsli muiNat wpet tem&N eotnL 0 g 0
enabl es usneertswothol i mapdoerfftd re psatrediG r @ p hVMNLA
GEXEtlcn this thweasgbs eansGrtalpen MsLt andarstd hfaor mat
Net Logol oaedahd save network information.
Fi g3issheows an example for the graphic use
extension imamMekd ogved htadMgstheo fatteh e eft woa tkis
borrowed-ExtemsNWat demk: Ext ensi ofh€serebalttD

and sl i dedgssaglelncew &af eremeet wpphpwgnof

1 https://github.com/NetLogo/NW
Extension/blob/5.x/demo/Network%20Extension%20General%20Demo.nlogo
License: http://creativecommons.org/licensesibysa/3.0/
Copyright 2012 Uri Wilerky.
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Generators

_
il nb-nodes 75 nb-cols 17 || nb-rows 17
. On  wrap

star preferential attachment OFfF
spokes-direction .

wheel - small warld lattice 20
||nward fI
clustering-exponent 0.0

random connexion-prob 0,01

Figure 3: GUI of network generator in NetLogo

There are two ways t o genteyrpad ecb fmoert kwotrdk s
creabheft gbotufdouraddase par ameltiadeso diens
which controls the numberrioghthogmseeap hot hieut
wordnmddatt) ceakR®s thetpar abe déesdsr d W mau s e
the algorithm proceeds by generating.a | att

A tofauypes ofmaryeglevmoerfkasboendt he Net wor k E\V
submoaodelsuppopder itmh®Emée sdvamygil mgenet wor k struc
generate those such as prefer ERM@&niyail naotdteal c)h,
smawolr I d (Kl einberg Moddlese dnacltabbniscd avet
corresponding buttons in the Network exten

Thfeirst né&lewwok kt lEato|l choge®Rekhdeeeint i al
Att achmefBamalgsi and Al bert, 1999nt Wiall ensk
attachment model simul atesudlihead oadaonrane ®tni r
bet ween websites or the coll aborations bet
char act éprriesfteircesn toiftad faetwbash hmeertash has an e x

huge mber of connections, while egkrgoaok al

net wotrakr t s wi th two or di narnydincoadtei sn gc otnhnaetc tte
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are socially related. At eraacrhd g@mlnes sarep, a
eiting node to connect to, buexwm®tttengome b
chance for being selhpeetveydy &ddedonoédeti sgdiw
proportional to the numbermd edoTam.rsn e st ikorosvn
ashébreferent ioBle catutsiatelwchheatnti.s m of preferent.
the parameter to generate the network is n
i's always one | ess(eMNgr t20ed ,n EEmbe rl 9®Bf) node
The seciomandoymwewmodal i s Ea diR®mnyache | of Er d Rs
&R®nyi , 1959). iInh at agmalowmi tmio dred mber of noc
node choansn et o man(bb d ti weseno fO baenidn gl )connected to
ot her Thodest he panamedredammfmadel s i ncl ude |
nodes and tphreo bcadmnte dtyi. o b fnaettdwocneld t iveod h & t
has the format of plracageangdesant nolaf 1 aé t n
nodes in the network-coané hacdoucnotl smeci aytt
The | ast mabadirehloddied whi ch 1 KI ¢ mplivelmgnt ed
(Kl einber g,&K2@®0Ih;beEas!| yolrhhoddieF her e mta & t
accontadi mn@atagi «eenomumber of rows and col umns
additional Iinks betweenrihe nerddv®s ki mst ten
pareatnec| wdt eri ngnc aditddlctommuatnsdo w0 uhlh e
hi gthlecel u s teexrpiomgetnhte more t he al gorhy hmodwed |

when addi mgnveiw ilngks.
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@I nformati eobDtFre gk isdared pri mar Wembaodgla imodtlh e
't sesaod aé gstalH aw aitref or mati on di ffusion proces
could be foundropagaki merneet h€&he i nformati
submodel adxme rsiurpenobtios eflegsrt ierdadl v adopeems of

their posiQuiaoinms ttgmed o cheei al net wor ks.

Diffusion
seed-nodes-preference |
b ey D i = nb-seed-nodes g
p-op-leader 0.3
set seed nodes set opinion leaders e
p-adoption 0.2
spread information reset diffuse

Figure 4: GUI of information diffusion modéh NetLogo

The GUI of infomamati oif)F dcgounit&diidnass eshueb

(sew@ddersef gr evthda e h &bl oWseocsisfeisc mentgh osde eodf | 0 «
nodes/ ear Wiyt redtolgaene stsh.e ri ght, wusers are abl
of s eetdh anto dwisl | i me t diesnnedaavbd&d ¢ he propagat
probability f rpom e@ogaded onhé epdepagati on pr ol

common (paoepdifdrer us e&rhso osaRhl it,chestrslieey coul d ¢
t he buddtonseddslentodemi ni bat | @esaslegs t he early
opinion | eader g hiesnemlt @ ometdw @pr koecreedbuarres iitse t h
hittingstphealbui tbbéladgttrheet iianf or mati on start to
early &doaleéspest.ctiiebhesseéhe status of adoptio
back to the blegiadhomigewheard eapi ni on | eade:t

Il nspired by the two classic models (1C
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S u

h

—

co

di

i n

bmodel i ncorporates two concepts from th
e maj or model topa&agatuil@an.e Thd oirdnad iion tph e
nsiders only tbBthesomesesagedwi ttihada preoaldabi
ffusi osi mbdebdctauert the status ofan he ta
i ti al s eTheosfe ss esdedesdnh@ dheassn g¢léeo rc haactth eviart i n g
i ghbors just |Iike I'C model. Instead of a
.e. ,t meitn vimenedD mbbas t o LT model ,acitti veonsi
i ghborrsgeotf ntohdee .t aWhen t he aggregated weig
i ghbors exceed nbédeclbmeshaktd vehe target

Having the infor mat ipd avececicfofud sdi chra vrneo d ehle

i mul ate the ear | yalasdoo pctaelrlse daHsaer e tdyh oaedeloepstheors

opthengi nformation at prbeeb8@esnpungosé¢ di f
oosing earl y amdoipnfearsmatt$i ad o i dsapsiompasdeabsl e

e meftatrbdessi ng eamrd ybatdwepderneasss centrality
osenes -scer tl r, a leai ngge,ndveegcrtecer di scount heur i :

e introducedanus ddc ea s apdryametagprishewhose v e

i mul atthaeg Bbnabsheoddsé n t hi s t.hesranrebheadtchf usi

al so required t o 1§ paencgiwihyi cthh ea rpea rpar noept aegrast
obabil ity ofc ompimmeocopnl & eraedsepresc tainvde |l vy .

Different fr ompieaeddye msdtolpd & swi t h hi gh

gree) in their | ocal networks and they a
cause of its position and popularity 1in
nnections amdibéituencchgnceéesfdoll ower s.
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successfully influencing a node by another

node in a network.

Even though opinion | eaders may not be
maxi mi 2irng nf hemence, their role as opinion
i mportant. Traditionalr oobpgfei Mmean altd andge ri sn f oa rr
di ffusion. They function iim dioftfherperdt ts cear e

mar kgt i for exampletdopiseiawmad eadeos heheeva
guickly in their communivif@ser d habe ffoayctigr.e a

Same thing happensbPoilntpeclailtil ealdecasmpupasiuahsd y

opiioan | eaders that advocate their political
opinion | eaders often have more social <con
i nformat i(kanfl8 pmeysfacilitate the diffusior

their existence Iimptowngsinhermpmpaocbhami biyt y he
There is a |l arge body of I|iterature add
l eaders Rwapea®d®O&g 20l1BRp;dendor f & Kai ser,
& Wa l2kOelr@,9 me ut-si bemnei $ekcation (Valente, 199
network centrality teot RaOltARmnhen @ ptime opmr ¢ lelaams
net wor k diefnfteradntt ymet hodo carl e ande | tod ail d empt
| easdcsdrobal opiennisounr el etahdee risnf ac mathgyon extent
communi ltioesal aongifna oinl iltedtde atdlog bnon wi t hin
communlin itelse present research, the number ¢
per cdrite gfener al apumb.yDeoyw md & s edT hoeed methddls of

|l ocating them in the network is simply deg
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situati omancesdeaerde tchat mad@gmeftdauhsnd mep @ opli &
becauhseey parees eantce itnh ey @avied & @th co.nd étmii et hi s ¢ a
these peadpeéehaerrby emdopopepirsi on | eaders, but th
di ssemimarpyeao plity i sdirfdtidcau ett ect shhehcea us d otchad s ¢

people could be amCywhsdarderiimgt heé net wortk sv.er

in real topics, simulatiing thich wotkati on

Il n summary, opinion | eaders are a group
comrcrted) i n t hei reaosnontuinailt yn)e.t wiohnreky (usual |y pl
iavast information cascade. I't i s assumed t
possess the most connections in their comm
People in the same community trust or foll

opini on ileocadseirdeemimddorn mati on di ffusmonesubmo
possible touulnfotlf ddit hfusi on mechani sm.

I n order toefarhg Bldepoetrismaihn the net wor
i hhe Netl ogo 5modledg e t(hbenrg twietnhs tdheep,ifcu ssedr 9 n
whan rt he exped b mételcet nnidfesidhod si ng early adopt
asefitnhengptrioprmagmr obabilities. Swancteo tfhien d ota
opti mal number of ewpol i ,iadetptmeadad ftoad s@medhi f
number of seed nodes inoubd héerwagk asachhae
early adopters frompriocodc2We aubgmatssectabht e
up tftolereate the file that saves the resul:t

expertiegneanrtt t he expewuigmertachhaumbhees of hear |
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1 to 20 under the propagaci eahbyobdoptet sy

introduced in Figure 4

Early Adopters Experiment

set up File experiment

Figure 5: Early adopters experiment to find optimal early adopters in the netw
under different propagation probabilite

Al t hough none of t hebasved smddmeldeils tilse iarmn a@c
forms, they <can bbeasterda nfsrlaanieenwdo rtko waint haoguetn tmu c h
di scussion abowsf ordmatiiacns hawvesebdeem carried
20Her rmanml2013). These works assumed that in
early adopters, these early adopters might or
chosemnlgy albgorithms or heuristiet f2a0f0.9ma x i mi z i
Ke mpd, 2a010.3,) . For the purpose of comparison, aj

(centrality) tweriaiemiit d mersteeedl. nodes

42 Net wdolmol ogy anfd ip reenacdy
This eeamidest opol ogy of networ ks haantd ttyrp ee so ft
net wor ks (-eaxrmrh ebdaetétdenrisli ntff atr enaf f o8 i wMi?qg W at
characteristic¢sstioeddpeit possess

To date, there atrteatmamde encelhhesped memntcshar act e
topoTalkbligke spl ays somer et o gchleazreadartnmeorreltsywD hicdss ei n
include Motduéedigtihsyiodbn of a heeamwadg& ¢ Inu Dt enoidrud ¢

coef fimeaesnur ¢ aof how compl et e ,t hdel &nheeitgehnboo(rt hecsa d
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di stance between the two)anod tawdrsa gganuvp snigielse n ¢
number of steps alongsthkeespart s)skoofuptaleafwo f b r n
|l i sted networks are aMdti worck asw lmiea dnweolo rkwsi tghe ntehre
number 6O6fn nodessycrrEkee reawanatewornvlked from t weet
Bernar dao switlreafdi urae nRia tMeecthhaopdt se r .

| n oradsestecstgo t he sspemdiower s of i nfoheati on d
net woeksi mported into infsanthateontdemfuoushonns
di ffusion simulateonscff Tihrefi esrommgascmedsUf edi by

tot al numbiemdioVh yhelpdacdlf bisoo@s s

Tablllei stspalhegitcal characteristamre rodalf oruet vaartl
studi edh ersel ssehnirschlhe ¢ h arf a dti d if iegiemd b imdEmbeerrk so f
node)st hbeu mber dfF, edgesafge degree, density, mod:!

coefficient, average path | ength and di ameter

Tablel: Lists of theopological characteristics of four artificial networks and one real network studied in
this thesis research

Network N E Avg.degree Density Modularity Avg.C.Coefficien: Avg.path length Diameter
Preferential 800 799 1.998 0.002 0.924 0 8.8857 22
Lattice 800 1543 3.858 0.005 0.802 0 19 55
Random 800 3145 7.862 0.001 0.31 0.01 3.4611 6
Small world 800 2337 5.842 0.007 0.486 0.007 4.3068 7
Real network 1,300 8,025 5.899 0.005 0.253 0.124 3.483 10
I n t he exfpef&otmafrattcwarl ks, r padob wrhnee thveosrtk i n
terms of i nfl ulesn eagna mp R e M al80Onddnem wor ks, wi t h
probabilitiy=00. 4B d8i oabout 9 W% i aff | tuheen cpeadp welv

thouphbraenbpe se@md readd)gt adbetleegi nning. While
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net wor ks, wvaad&2p¥% ifoonr rsamiadi % fwoorr |pdr,ef er,&@maisal att
1% for |l attice respectively.

't i s interesting to notilceattthaaaty niehaet eard o p't
t hahal atrfaetcvedVhletther e werd hepses erenti al attacl
greater adopti omdrvatne sa.g eH owe we re,f eedr @ahli fin fgn | atta
when more seed. nowbgs owe ety d ¢ katenrte of t hese
typensetowor ks . Pref er enftalalllpea ivleaw hanegit e @ end iwo tr ki
that most nodes i n thewineitmadd k nhuanshearvhngois to o re e
of t he ncsonnLeactttig ocre tnheet wpbtehketra ehaawnemn st ri buti on o
degy eef wiotdnesmost of the nodeantavwang réderginye e o
adopwerres sferl mmd e st o tcheanst rsailmutiyat itamwsee pr bewe d e c
i nfl uent eftthenbpdoeosli nf | uennttihael pmroedes entAxal att a
oppostedi stfloei hatti cednebwoslkegpwtrbibd edn because m
nodwosul dsihmvlear influence.

Frolmbl,e it is obvious that thei muanbreet wdr led
wee not the etdhteoradotphatonafrfaea @t whewe € he numbe
l i mited. theatdx ampinée,t woadk pwithochd seed) setlGi ze
washowo RF&veiffusioGommbdhampefeer ent i all net wor k
Pmi® x wanak wWashowo mawael y 129 diafl fruiedsstidosmh o nmifd u e
be nootwedv,erh wkeén wéd el ok aavenabepphbatveramgaet h
clusteri ngr c deshamedt iedeinftf usi os ek miekutsdc er,e gtalt @ vee

correl ati on
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Firstconfirm the correl at+aonnd baedtow& eono na vreart aec

di ffusion i efi measba)dui dsemmeelxlpd net wor k was use
the correlation. | n soheneaoewx)nwiE mre mte,n eg aarmes dn Lrb
usi ngmawoler | d net wobuwki tglemer aéa ® r neggx ped.nueshthhieetscen d e d
gperated networb&sgsetagbapeaetdi F &pgetwmer.e Daxdawti ed
1000 times for each network so that +he diffus

Path |l ength in a graph 1t égelrcersteenstts pateh gleentdyv
nodeaneitrwor k. The aiveealacgielywaptaer agli eggtihlke pesgi hk
pairs of network ©Opdéthe gBwppHefvi bht it ddwansdeéet of
Q Uphg bei ng ttehset sciogt @ anld, bvel erewvnT h er etfhoer e,
average path | ength i s:

p — s
~ I pO Quh)

Average path | ength iss tchmed tdfe stshorcehea | r anbeu smo

along with degrededi satgr ichetfifomi @amd scl u
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Figure 6: Scatter plot of average path lengthersus influence size f; the black dashed line
the linear regression line. Experiment is based on an artificial swadld network with

T TN T@h N 18, It shows—s a good predictor for f and the correlation is signific.
(n<0.01)

Fiugbe | eahbaltsi near negative correlation betw
adoption orin ntfhHheuesnicneulsatzeed iTmfeommata®b kr d dfaft u d
average path | ength tends to trigger a bigger
correswhadx peedttcé cause a small average path | en
reachabl e bet weemremdh dod lhmghisgnadd tthoeT Aiinsf of no
explained in some washawhey rmd myt isveediyals hmd tl waarvke
order to be well informed, we tend to form ou
phenomeeamen ¢ @mawolrél. d

Using the data fr adamitlhaea saanmad yesx pse rmamse mpte,r fso

clusterindeeaaefofni cdPireordtusc.t ¢ Me fne(nRii ghumrdes sed da tti co n
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measufl enrechleat i onshi pcbeswweehnngnldewddasfcfoudesn to n
infl wénche ame number of nodes and cl ose number

coef fshe@areesmdgati ve correlation wihéd @mdo@ptcloms ser

soci al n dreavrod Kk may, i mpede the spread olft messag
an interesting phentomenloed aomv et ithhrabppotsu it tei
more clustered network, the easier informatio

Pearson correlation coefficient = -0.943
p-value < IO.Ol
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Figure 7: Scatter plot of average clustering coefficients ¢ and adoption size

As can be s,eemmb&eworFk gturaet 7has small er averas
tends to trigger a bigger inf er hattemdonwadopixipe
because it iIis common to think thatinher mat e o
pr @md e
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Mor e awealkpanasdnt o rsdodtrvhetuoz z | e .al| Fiar gotd \hoefe w
definition of | wnetcersismag ycodhfei cl@st ering coe
whi clis ofnrei ends are al soomputedsbypyfdeactdi oghehe
triangul acomndmm e@hnygotmmed enumber of possei ble cor
nei ghthlea spossi bl e c | usrtaenrgiensg fcrooenf fOi wiE®e nlt. VWahl eune
nei ghbors haveeawmh cotnmeerct(ieo.ngs. tao st ar net wor k)
Whetnei ghbher-daundegcteavce,r yioo@enméct s t a, etaltdhr ot her
clustering coefficient then is 1.

Given G as the graph wiathadgbe ceOno@ctvieohs
clusteri n@ofc caedfhfdidsei e n t

6 vy
b .

Wheteggdenotes theirnumghé atdhf@on wpowiad ms
denotes t he tsif wib etrchchatfs )otornitpal iat rgir ampdl, e means a
with 3 edges atsd afhidwerftoirc es .subrgirpmlpen with 2 ed
whi clha nids s ubd k@ mtnhca tdoe nbto t, h wehd gcehs means bot h edges
e nrdo d.e

Having defirnedy tcloe fdlicsttheet aovfermagaee cl usteri

t he gr aphhatvse raigmepsd tye r i nwa lceoaeld cf Ui |adilEderolttd: e s

")

6l

™| O

| n orddeerrihvieg haer c | u s tvearlwihegkl eeeqie lindgimbdiee n to f
vertices and edges the same, compensation has
such that tanrey ngeowenmer rtsi gt l y connected. Whil e
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the efficiency of informayi 0a @xadimpmedet ewk I tha de
i nteraction bet ween ntawoi Ibegoendreudn i bt e ceasy s eh oonfe vtelr g
Overiat Ibecomes more difficult to swhreenaed hteh e ni n
community cl ust eriinrcgwlaidslaéef ibeeivenwmeie mviatlyu ecsl ust er i
coefficient. vREhiuesmaycexmls®@i n the reason why &

clustering coeffi catenttheée laesnd redfcr matoipodm ochi S z®i

43 CentralitiesExamar iHBairti sti cs

I n thigsiééeadmtamal i t i easr ea ndde shceru rbiesdt iacnsdd ed iss cawngds
howhoosi ng eiam | ¢ a cfldoouprfscettryspes mvyg r menkkeor mat i on

di ffusi on .mMdrees ee fnfeet chtoidreseé iinngc lau dodnd tameen hed sve e n
centrality, greedy ab-gbelil hmeigéengseates aerdt d:
heur iIAddlfi csheseweeprntdambibedesstrrkusct preferenti al
attachmentmanogdmdod m,at tg cewi hat dof kerent 2number
Additional l gt reaadsreed tiwo rtkhwei tshi muhlrastdio ddnisf f er e n
propagati onarpr abdhg b it®,bti e s 18 anadn &M

.
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Table2: Characteristics of tested networks

Network E Avg.degree Density  Modularity Avg.Ccoefficient Al\é?]';?:]h Diameter
N =800
Preferential 799 1.998 0.002 0.924 0 8.8857 22
Lattice 1543 3.858 0.005 0.802 0 19 55
Random 3145 7.862 0.001 0.31 0.01 3.4611 6
Small world 2337 5.842 0.007 0.486 0.007 4.3068 7
N =400
Preferential 399 1.995 0.005 0.891 0 6.547 14
Lattice 760 3.8 0.01 0.76 0 13.333 38
Random 1608 8.04 0.02 0.306 0.019 3.102 6
Small world 1159 5.795 0.015 0.489 0.018 3.876 6
N =200
Preferential 199 1.99 0.01 0.856 0 6.041 13
Lattice 370 3.7 0.019 0.699 0 10 28
Random 508 5.08 0.026 0.405 0.019 3.435 7
Small world 563 5.63 0.028 0.44 0.233 3.427 6
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Figure 8: Information diffusion on preferential attachment artificial network with six
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Figure 9: Information diffusion on random artificial network with six centralities and heuris
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Figure 10 Information diffusion on smallorld artificial network with six centralities and heuristics.
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Figure 11: Information diffusion on lattice artificial network with six centralities and heuristics. The total
number of nodes is N=200; Propagation probabilities for opinion leaders ardaigeople are
p_op=0.2,p_n=0.1
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Figure 12: Information diffusion on preferential atttachment artificial network with six centralities and
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Figure 15: Information diffusion on lattice artificial network with six centralities and heuristics. The total
number of nodes i ¢ TT;®ropagation probabilities for opinion leaders and normal people are

N e

56



Figure 16: Information diffusion on preferential attachment artificial network with six centralities and
heuristics (Disc: degree discount; Greedy: greedy algorithm; Betw: betweeness centrality; kshell: K
shell; close: closeness centrality; eigenv: eigenvector chiyiya The total number of nodeslis ¢ ;1
Propagation probabilities for opinion leaders and normal peoplefpre @M &
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