ge

nvppopos

EeNIKo METz0BIO ITOAYTEXNEIO

2~ XOAH HAEKTPOAOTQN MHXANIKQN KAI MHXANIKON YTIOAOTISTON

POMHOEV S

L

TOMEAx ETIIKOINQGNIQN, HAEKTPONIKHE KAI ZYSTHMATQN [IAHPO®OPIKHZ

S
o
NG -
P

WA
3

%

EVTOniopog $EAIKTIKOV HOVIEAWV

O€ MPAYHATIKA Kal ouvOeTikra Siktua

AITIAGMATIKH EPTrAsIA
mg

PAIAPAZ ANAZTAZIAY I. ANOGOIIOYAOY

ErmBAenov: Zuusov [ManaBaoiieiou
Kabnynug E.M.II

AB1nva, OxthBplog 2025







EeNIKo MET=0BIO IIOAYTEXNEIO

2X0AH HAEKTPOAOTQN MHXANIKON KAI MHXANIKQN YIIOAOTIETQN

ToMEA: ETIKOINQNIGN, HAEKTPONIKHE KAI XYETHMATQN [TAHPO®OPIKHZ

EVTIONMIONOG £{EAIKTIKAOV HOVIEAWV O MPAYRATIKA

Rat ouvletika Sixtua

AITIAQMATIKH EPTrAzIA

mg

PAIAPAY ANAZTAZXIAY I. ANOGOIIOYAOY

ErmBAénov: Suueov [TanaBaoiieiou
Kabnyng E.M.II

Eykpifnke anod v tpipedn) eetactiky) erutport) tnyv 2a OktwBpiou 2025.

(Yroypagn) (Yroypagn) (Yroypagm)
Yupenv [MarntaBaoiAeiou EAévn Ztan BaoiAeiog Kapuong
Kabnynmg E.M.II Enikoupn Kabnyntpta E.M.II Kabnyntng I.IT

AB1nva, OxkthBplog 2025






EeNIKo MET=0BIO IIOAYTEXNEIO

2X0AH HAEKTPOAOTQN MHXANIKON KAI MHXANIKQN YIIOAOTIETQN

ToMEA: ETIKOINQNIGN, HAEKTPONIKHE KAI XYETHMATQN [TAHPO®OPIKHZ

Copyright (C) - All rights reserved. Me mv ermguAagn naviog SIkAOPATo.

@®aibpa Avaoctacia AvBortouAou, 2025.

Arnayopeutetal 1 aviypadr], arnobrnkeuon Kat diavoyir) g rapouoag epyaciag, € 0AokArjpou
1] TUPATOG AUTAG, Yia EUMOPIKO oKoro. Emrpénetal n avatunoor), anobnkeuorn kat Siavo-
HI] V1 OKOIO 11 KEPSOOKOIKO, EKMIAISEUTIKNAG 1] EPEUVITIKIG QUONG, UO TV Ipolnobeon

va avagépetat 1 mnyr) mpogAeuong Kat va diatnpeitatl 1o mapdv prvupd.

O1 amnoyeig KAt 1a CUPTEPACHIATA TTOU TIEPIEXOVIAL OE AUTO TO £yypado ekPppalouv 1oV Guy-
ypadéa kat dev mpEmnel va epUnveUdel 0TL AVTIIIPOO®IIEVOUV TiG £rtionpeg Y€oeig tou EBvikou

MetooBiou IToAuteyveiou.

AHAQXH MH AOI'OKAOITHY KAI ANAAHWHY ITPOZQIIIKHY EYOYNHZ

Me mAnpr) emiyveor TV OUVETIEI®V TOU VOPOU TEPi MVEUPATIKOV S1IKAIOPAT®OV, dNAdve evu-
MOYPAP®S OTL £1j1a1 ATIOKAEI0TIKOG ouyypadEag tng rnapovoag Ituxiakng Epyaoiag, yia v
0AOKAfp®OT NG oroiag Kabe PorBsia eival MANPOSG AVAYVOPIOHEVE KAl AvAPEPETAL AETTTO-
pepag oty gpyacia autt). 'Exe avagépel mMAnpeg Kat pe oagpeig avapopeg, O0Aeg 11§ TNYES
xpnong debopévav, anoyewv, 9€0emv KAl MPOTACEDV, 100V KAl AEKTIKOV avapoprv, eite
Katd kuptodedia eite BACEL EMMOTNPOVIKAG TIapddppacng. AvaAapBave v IPOCKINKI Kt
ATOHIKY €UBUVH OTL OE TEPIMI®OT] ATIOTUYXIAG 0TV UAOTIONN 0N TOV AVROTEP® SNA®OEVIOV oTot-
Xelwv, eipat undAoyog évavilt AOYoKAOING, YEYovog rmou onpaivetl anotuyia oty ITtuyiakn
pou Epyaoia kat katd ouvérnela arnotuyia anoktnong tou TitAou Zrnoudav, mépav tov Aomov
OUVETIEIQOV TOU VOPOU TIEPT MVEUPATIKOV SiIKA®Pdtov. Andove, ouvenwg, otl auty n Iltu-
xwakr) Epyaocia nipoetoipdaotnke kat 0AOKANPpOONKe amnod £péva MPOOKITIKA KAl ATTOKAEIOTIKA
Kat 011, avadapBave mANp®g OAEG TIS CUVETIEIEG TOU VOHIOU OTNV TEPIMTI®OT KATd TV oroia
anodexOel, draxpovikd, ot n gpyacia autr 1 TPNPaA g 6ev pou avriketl H10tt eivat poidv

AoyokAori)g AAANg mveuPaTikLg 610K oiag.

(Yroypa@rj)

daidpa Avaoctacia AvBortovAou

Amdopatouyog HAektpoAoyog Mnyavikog kat Mnyavikog Yrodoyiotov E.M.II.

2 OxktwBpiou 2025






IlepiAnyn

Tig teAeutaieg 6Uo Hekaetieg, 1 CULTNON TG EMNOTNIOVIKNAG KOWOTNTag riepi tou egeAt-
KTUKOU HOVIEAOU 010 ortoio tagivopouvial diagopa €idn npaypaukov Siktvev £xel urapset
€viovr), ouvodsuopevr anod MAnNBmPA AVIIKPOUOHPEV®V EPEUVAV AV oto dépa autd. Ert-
mA¢ov, mpoodata £10nx0n n ewpnon ot PeyAAo MOCO0To TOV MPAYHATIKGOV S1KTU®V arto-
TedoUvial ard OUVIOTWOES TOU Yapaktnpidovial ano 51adopetika e§edkukd poviéda. Ta
YEYOVOTA aUTA EVETIVEUOAV TNV €ITIAOYTY TOU AVIIKEIPEVOU 11§ ITapouoag epyaciag, n oroia
AOOKOITEl OtV H1epeUvnon) TG CUXVOTNTAG EPPAVIONS KAOe eEEAIKTIKOU P1OVIEAOU otd IpAy-
patka 6iktua, Kat v 10XV g npoavapepbeioag Sempnong. I'a tnv npaypatomnoinon tou
otoX0U autou, adlodoyrOnkav apXikd 20 Perplkég SIKTUOV OXETIKA P TV KATAAANAoTtd
T0UG y1a XpHion &g €ioodot evog tadivountr). ‘Encewta, dnpioupynbnke éva ouvoro 600 ouv-
JeUKAOV H1IKTUGOV, KAl UMTOAOYIoTNKAV Ol TIHEG TRV EMAEYHEVOV HEIPIKGOV Yia autd. Yotepa
ol TIpEG autég xpnowporo)fnkav og ta dedopéva exknaidbeuong kat eAéyxou piag oelpdg
tadvountev, ot ornoiot a§lodoynOnkav pe oKoro v ermdoyr) tou BéAtiotou. O BéAtiotog ta-
Swvountrg xpnotporofnke yua tmyv taivopnon 17 npaypatkev Siktvev, ta oroia votepa
TUNRATOrno|ONKav Pe XPron ermAEYHEVOU aAyopiOpou THNIATOIIo oG, KAl Ol OUVIOTOOES
rou rpogkuyav tasivoprifnkav kat avtég. H avdAuon tov anoteAeopdtov £6e18e mag o ou-
xva gppavidovrat ta Aiktua Mikpou Koopou (Small-World) kat ta Mn-KAtpakoupeva Aiktua
(Scale-Free). Akoprn, n rapouocia tou poviédou Small-World sivat 1diaitepa extetapévn ota
diktua petapopwv, eve 1o Scale-Free spdavidetal og el 1o mAeiotov ©g 1 peyaduteprn ouvi-
otwoa og Kowevika diktua. To poviedo Waxman ertiong epgavidetal ouxvd og ouviotood otd
KOWwoViKA §iKtua, eve yla ta urodourta povieda dev mapatnpndnke karmoio potiBo. TéAog,
oupnepaivouile g 1 Yedpnorn oXeUKA Pe v Urapdn ouvioteonv pe S1apopetika PovieAa

ota §iktua eival owotr.

Aggerg KAe1ba

YuvBeta Aiktua, ESsdiktuikda Moviéda, Mnxavikry Mabnorn, Tunpatornoinon Aiktuev, Ta-

Swvopnon Aktuev

AwmAwpuatxy Epyaoia






Euxapiloticg

Ba 1nbeda va suxaplotmoen v Kadnynt) k. X. [ManaBacldeiou yia v ePImotoouvn
rou pou £6eige avabétovidg pou v rnapovoa SuAepaAtiki epyacia, kKabog Kat yua v
kaBodrjynon kat tig rmoAvutipeg oupBouldég tou. ErmmAéov, Sa n6ela va suxapiotjom tov Ap.

K. TotrtoekAn) yia tg urodeigeig tou kat tnv Por)Beid tou oe 6An v 81dpKela tng EKMOVIONG

mg.

AB1jva, OxktoBplog 2025

Daidpa Avaotaoia Avdomouou

AwinAouatkny Epyaoia B






Ileprexopeva

HNepidnyn 1
Euxapiotieg 3
1 Ewsayoyn 13
1.1 AVOKEIHEVO . . . . v vttt ettt e e e e e e e e e e e e e e 13
1.2 TIPOOEYYION .« « v v v v v e e i e e e e e e e e e e e e e e e e e 14
1.3 AOPL . . . o e e e e e e e e e e e e e e 14

I Ocewpntuiko Mépog 15
2 OewpnTiko UnoBabpo 17
2.1 Baowkt) @eopla Tpddov . . . . . . . o e e e e e e e e e 17
2.1.1 Opopog Tpddou . . . . . . o o e e e e e e e 17

2.1.2 I60teg Tpddev . . . . . L e e e 18

2.1.3 Avamapdaoctaon I'padev . . . . . . . oL 20

2.2 TUVOETA ATKTUA . . . . v v vttt e e e e e e e e e e e e e e e e e e 21
2.2.1 Oplopog ZUVOETOU ATKTUOU &+« v v v v v v v e e e e e e e e e e e e o 21

2.2.2 Efedikukd Moviéda ZUVOETOV AIKTUGOV . .« o v v v v v e e e 22

2.2.3 MetpikEG ZUVOETOV AIKTUGDV . .+« v v v v v e e e e e i e e e e e 23

2.2.4 MeBodotl Alapéplong ZUVOETOV AIKTU®V . . .« o v v v v v v e e e e . 26

2.3 Mnxaviky) MAOnon . . . . . . .. L e e e e e e e e e e e e 28
2.3.1 Oplopog Mnxavikg Mdbnong . . . . v v v v v v v v e e e e e . 28

2.3.2 ErmmBAernopevn kat Mn ErmBAerniopevn Mnxavikny Mabnon . . . . . . . . 28

2.83.3 TASWOHNTES .+« « v v v e e e e e e e e e e e e e e e e e e e e 29

3 ZIxsuky BiBAwoypagia 35
3.1 Tevikég avadopeg oty tadivopnon SIKTU®Y 08 POVIEAA . . . .« « o . o v o . . 35
3.1.1 Ta&wounorn ypddpov PEo® Ie@pnUKOV PEIPIKOV « « o« o v v o o o o o . 35

3.1.2 Ta&wounorn ypdgpwv péoe NEUPOVIKOV AIKTUGV . . . .« v v v v v o o 36

3.1.3 Eviormouodg eSeAKUKOV HOVIEA®V O mpaypatka Sikwa . . . . . . . . 37

3.2 H ouyvownta epgaviong tou poviedou Scale-Free oe mpaypatka diktua . . . 39
3.2.1 Ta Scale-free Aiktua Etvat Znavia . . . . . . . . o oo o000 oL 39

3.2.2 Eivat ta Scale-Free diktua npaypatt ontavia; ‘Eva apgileyopevo {npa 42

AwinAouatxny Epyaoia E



TNEPIEXOMENA

II TIIpaxtiko Méipog

4 MeOobdoloyia

4.1 Emokonnon

4.2 Emdoyn Efedikuxkov Moviédmv
4.3 Ermdoyr Metpikov Aiktumv
4.4 Anpioupyla XZuvodou Asbopévav
4.5 Emdoyn Tadwvopnts
4.6 Ta&wounon [paypatkeov AKtueov
4.7 Ermdoyr MeBodou Tpnpatornoinong Atktumv

4.7.1 Evtoruopog Kowotrteov
4.8 Tpnpatonoinon Ipaypatkev Aiktuev

5 AmnotsAéopata

5.1 Emdoyrn Mepikov AUV
5.1.1 Katavour Babuov KopBav
5.1.2 Méoo Mrjkog Movoratiou

5.1.3 Awapetrpog

5.1.4 Axtiva

5.1.5 Zuvteleotr)g Zuotadoroinong
5.1.6 Evdiapeowkn Kevipkonta
5.1.7 Kevrpwkdinta g Eyyuintag
5.1.8 Kevrpwkdinta g [TAnpogopiag
5.1.9 Kevrpwotnta tmg ApopoAdynong
5.1.10Kevrpwotnta g Fepupwong
5.1.11®aopatkn Kevipikonta
5.1.12Kevipikotnta tev I6i06tavuoudtev
5.1.13Kevipwotnta Katz
5.1.14 Aarmhaotavr) Kevripikotnta
5.1.15Kevipikotnta tov ApPoVIK®OV
5.1.16Kevipikotnta g AuOnong
5.1.17Kevrpikdtnta tou doptiou
5.1.18Xuvtedeotr|g ITAouoiou ZudAoyou
5.1.19Zeouxotnta g Eyyuttag
5.1.20Zuvagela
5.1.21ZuvoAikr) ZUYKpP10n
5.2 Ermdoyr Tadwvount)
5.3 Ta&vounon Mpaypatkov AKtumv
5.4 Emloyr Mebobou Tunuatomnoinong Aktumv
5.4.1 Barabasi-Albert xat Random Geometric
5.4.2 Barabasi-Albert kat Watts-Strogatz
5.4.3 Watts-Strogatz xkat Erdos-Renyi

5.4.4 Waxman kat Random Geometric

45

47

...................... 47
......................... 48
........................... 48
......................... 49
............................... 50
........................ 50
.................. 53
.......................... 53
..................... 54

AwinAouatxny Epyaoia



IMEPIEXOMENA

5.4.5 Gilbert katWaxman . . . . . . . . . ... o0 71

5.4.6 TeAIKL ATIOPAOT] .« + « v v v v v v e e e e e e e e e e e e e e e e 72

5.5 Tupnpatoroinon IpaypatikOv AIKTUDV . . . . o v v v v v v i i e e e e e e 73
III EmniAoyog 75
6 KataxAeida 77
6.1 ZUvoyn KAt ZUPTEPAOHATA  « « v v v v v v o e e e e e e e e e e e e e e e e 77
6.2 MeAdovikEG ETERTAOEIS . . . . . . . v v v v v e e e e e e e e e e 79
6.3 AaBeopotnTa MPOYPAPHATIOTIKOU TIEPIEXOHEVOU « « v v v v v v v v v v v v . . 80
BiBAloypagia 86
Zuvtopoypagicg - ApKTiKOAeda - ARpVURLA 87
Amnobdoon §evoyAwoowv opwv 89

AwmAwuatxy Epyaoia






Katdaloyog Zxnpatwv

2.1
2.2
2.3
2.4
2.5

2.6

2.7

2.8
2.9

3.1

4.1

[Mapddetypa ypdpou pe 6 KOPUPEG KAL 7 AKPES . v v v v v v v v v v o v o 17
Avo ypagot: Aptotepd évag pn-kateubuvopevog, Asdld évag kateubuvopevog 18
Avo ypagot: Aptotepd évag pe Bapn, Asgla évag xopig Bapn .. .. ... L 18
'Evag pn-ouvektikog ypdgpog e SU0 OUVEKTIKEG OUVIOT®WOES . . . . . . . . . . 19

[Tapadetypata ypdoev Xepis Bdpn Kal TV aviiotolX®v IMVAK®V yetviaong:

(a) Mn-kateuBuvopevog ypadog, () Kateubuvopevog ypagpog . . . . . . . . . 20

[Tapadetypata ypdpov Kat 1oV aviiototxev ouvoedepévav Aoty yettviaong:
(a) Mn-kateuBuvopevog ypadog, () Kateubuvopevog ypagpog . . . . . . . . . 21
Aagopetikeg katnyopieg diktuwv: ([Idve aplotepd) Avanapdotaocn evog 1-
AekTpoviKoU KUuKAGpatog, ([Tave 6e81d) Avarntapdotaon tov aAAnAermdpdosnv
plag opddag epeuvniov naverotnpiov g West Virginia, (Katew Apiotepd)
Avanapdotaor) TV MPEIEIVIKOV aAANAeTISpAoe®V evog otedéxoug tou 10U 'Ep-
i, (Kdte Asgid) Avarapdotaon pag OUVEKTIKIG OUVIOT®OAG TOU PETaBOAKOU
diktuou tou EAwkoBaktnpiou tou [MUuAwpoU péon kateubuvopevou diktoou . . 21
[Tivakag 1ou aroteAel OITIKOIIOINOT TOU 0PIOPOU TV AVOTEP® OP®V . . . . . 30
A 'Evag tadwvopng k-yettovev pe k = 4 oe npoBAnpa tagivopnong orou ta
debopéva éxouv 2 xapaxktplotkd, B: ‘Eva ypappiko SVC os ripoBAnua tadt-
vounong orou ta dedopéva €xouv 2 xapakinplotikd, C: ‘Eva Aévipo Artopaong
oe poBAnpa tadivopnong orou ta dedopéva éxouv 2 xapaxinpiotkd, D: 'E-
va Neupaviko Aiktuo pe éva emninedo €10060u, dUo kpudd emineda, kat Eva
ertinedo €§660ou (Hev eetaotnKe OV ITAPOVUOA EVOTNTA) . . + + « v & v o o . . 33
Mia yevikeupévn nieptypadr) g dopng Kat tou tporou Asttoupyiag tov Ta-
Swvountov Zuvodou: O Tadwvounuig Zuvodou arotedeital arnd rmoAAovg et
Bépoug tadivopuntég, ot ornoiot ekratdevoviatl ota dedopéva tou mpoBArpatog.
‘Otav nipoxettat va tagvopnBei pia véa eicodog, 1 Aettoupyia i ta aroteAéopa-
Ta TV ermpépoug tagivopntov ouvbudlovial kataAAnia, wote o Ta§ivount)g

ZUVOAOU va KAtdAriel O Pia OUVOAIKT] ATIOPACT]. .+ « &« v v v v v v v v v . . 33

[TooooTd TV HIKTUGV avd KATnyopia otnVv oroid avijKouv OXETIKA He TV 181-
otnta Scale-Free. Ot optdovtieg ypappég xowpidouv tny katmyopia Super-Weak

ano tg eppoAsupéveg, kat aro v Not Scale Free . . . . . . . . . .. ... 41

Aldypappa oXETIKA PE TV EMMAOYT TOU 0®OTOU aAyopiBpou pnxavikyg pdadn-

ong avaloya pe 1o £160g Tou mpoBANaATog Kat Ti§ IApapéIpoug 1o . . . . . 51

AwinAouatkny Epyaoia E



KATAAOT'OZ ZXHMATQN

5.1

5.2

5.3

IMave: Ilivakag rou repldapBdvel v dlaomopd tng UGS g 1) tng Béong
TIPS, TOV OUVOAIKO XPOVO €KTEAEONG, TOV OUVIEAEOT] H1A0TIOPAS TNG TIUNG
mg 1 S PEONG TIPS, KAl ToV AOYO TOU OUVIEAEOTH] H1a0TIOPAG MG IIPOG TOV
OUVOAIKO XpOvo ektédeong kabe petpikn. Kdato: pagikr rapdotact tou

Aoyou tou ouviedeotr| §1a0TI0PAG WG TIPOG TOV CUVOAIKO XPOVO EKTEAEONG KAOE

HEIPIKNAG, O AOYAPIOPIKY] KATHAKA. .+« v v v v v v e e v e e e e e e 62
[Tivakag ouyyxuong tou tadivount) Random Forest. Ot etikéteg avilotot ouv
OTA APXIKA TOV FPOVIEADV. + + v v v v v e vt e e e e e e e e e e e e e e e 64
MeAé agaipeong v petpikov Katavopr) Babpov Kopbov, to Méoo Mrjkog
Movoratiou, Awapetpog, Kevipikotnta g Eyyuintag, Kevipwowmta g ITAn-
pogpopiag, Kevipikotnta teov Appovikev, kat Zuvagela, pe v Borbeia tou
tawount Random Forest . . . . . . . . . .. ... ... ... ... 64
AwmAwpatxy Epyaoia



KatalAoyog IItvakwv

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12
5.13
5.14
5.15
5.16
5.17
5.18
5.19

5.20

5.21

5.22

5.23

5.24

5.25

5.26

AnoteAéopata yua v Katavopr) Babpov KopBev . . . . o o o o oo o oL L 55
Arnotedéopata yia o Méoo Mnikog Movoratiol . . . . . . . . . . o ... .. 56
ATOTEAEOPATA V1A TV AIAHETPO + v v v v v v v e e e e e e e e e e e e e 56
Amotedéopata yia TV AKTIVA . . . L L L L L e e e e e e e e e 56
Anotedéopata yiad Tov ZUVIEAEOT) ZUOTASOTIONONG  « « « « v v v o o v o v . . 57
Anotedéopata yua v Eviuapeowkr) Kevipwoma . . . . o o o oo 0oL L 57
AnoteAéopata yua v Kevipikomta ing Eyyvmtag . . . . . oo 0oL 57
Arnotedéopata ya v Kevipikowmta ing [TAnpogopiag . . . . . . . . . . . .. 58
Anotedéopata yua v Kevipikomnta ng ApopoAoynong . . .« .o . ... oo . 58
Arnotedéopata yua v Kevipwkomta ing 'epupoong . . . . . . . . . . . ... 58
Anotedéopata yua v Kevipikomta twov I60davuopdtov . . . o o oL L L L 59
Anotedéopata yua v Kevipwwomma Katz . . . . o o o 000000000 oL 59
Anotedéopata ya v Kevipikomnta twv AppHovIKOV . . . . . .. ... . . 60
Anotedéopata yua v Kevipwkomta ing Ajnong .« . . . . . o oo o oL L 60
Anotedéopata yua v Kevipikomnta tou doptiou . . . ... L. oL L L 60
Anotedéopata yia tov Zuviedeotr) [TAovoiou Zuddoyou . . . . . . . . . ... 61
ATOTEAEOPATA V1A TNV ZUVAPEIA . v v v v o e v e e e e e e e e e e e e e 61
[Tivakag erudO0e®V TOV TASIWVOUITOV  « « v v v v v v v e e e e e e e e e e e s 63

Arnotedéopata tou Girvan Newman yla tov ouvduaopo Barabasi-Albert kat
Random Geometric . . . . . . . . . .. L 66
ArnoteAdéopata twv Walktrap kat Infomap yia tov ouvduaopo Barabasi-Albert

kat Random Geometric . . . . . . . ... L. 66
Arnotedéopata v Leiden kat Spectral Clustering yia tov ouvdéuaop6 Barabasi-
Albert xat Random Geometric . . . . . . . . ... o000 0oL 66

Anotedéopata tou Girvan Newman yia tov cuvbuaopo Barabasi-Albert kat

Watts-Strogatz . . . . . . . . L e 67
Anotedéopata tov Walktrap kat Infomap yia tov ouvéuaopo Barabasi-Albert

rat Watts-Strogatz . . . . . . . ..o L e 67
Arnotedéopata tov Leiden kat Spectral Clustering yia tov ouvduaop6 Barabasi-
Albert kat Watts-Strogatz . . . . . . . . .. ..o 68
Anotedéopata tou Girvan Newman yia tov cuvbuaopd Watts-Strogatz kat
Erdos-Renyi . . . . . . . . . . L s 68

Anotedéopata tov Walktrap kat Infomap yia tov cuvbuaopo Watts-Strogatz

katErdos-Renyi . . . . . . . . .. oo 69

AwinAouatxny Epyaoia m



KATAAOTOZ ITINAKQN

5.27

5.28

5.29

5.30

5.31
5.32

5.33

Arnotedéopata v Leiden kat Spectral Clustering yia tov ouvéuaopo Watts-

Strogatz katErdos-Renyi . . . . . . . ... o000 69
Arnotedéopata tou Girvan Newman yia tov ouvduaopo Waxman kat Random
Geometric . . . . . ... L e e e e e 69
Anotedéopata tov Walktrap kat Infomap yia tov ouvduaopo Waxman kat
Random Geometric . . . . . . . . . . . Lo 70
Arnotedéopata v Leiden kat Spectral Clustering yia tov ouvéuaopé Wax-
man kat Random Geometric . . . . . . . . ... .00 oo L. 70
Arnotedéopata tou Girvan Newman yta tov ouvduaopo Gilbert kat Waxman 71
Arnotedéopata v Walktrap kat Infomap yia tov ouvéuaopo Gilbert kat Wax-
INAIL . & v v v v e e e e e e e e e e e e e e e e e e e e e e e e 71
Arnotedéopata v Leiden kat Spectral Clustering yia tov ouvéuaopo Gilbert
KaAtWaxman . . . . . . ..o o e e e e e e e e e e 71
AwmAwpatxy Epyaoia



KegpalAaio E

Ewcaywyr)

To repadalo autd arotedel pia €0aywyr] oty napovoa Siumdeopatiky. IlepilapBavet
Pl CUVOITTIKI] [TAPOUCiacot) ToU AVIIKEIIEVOU TG, TV MEPypadr) TNS IIPOCEYYoNg Iou d-

KoAouBnoape ota miaiola g €rmiAuong ToU IPOBANPATOG IMOU AUTY IPAYHATEUETdl, Kat

MANPOPOpPieg OXETIKA PE TV SOPr) G

1.1 Avtikeipevo

H niapouoia tov SIKTUeV eival e§aipetikd eKTETAPEVT] OV CUVIPUTUKY MAsoPndia tov
TUXWV g {WHG evog avlpaIou. Amo TI§ KOWRAVIKEG oUVAVACTPOdES Plag, TIS oUuvaldayeg
pag, TS PETAKIVNOElS Pag, €S Kat ta i6ia 1a kuttapd pag, ta §iktua anaviovial rnaviou.
Ia tov Adyo autd, n pedétn Toug Pe OKOIO TV KAAUTEPr KAtavonorn tng dopng Kat ng
OUNTEPIPOPAG TOUG £XEL ATIACXOANOEL TIOAU TV EITIOTNIOVIKY] KOWVOTHTA.

'Eva onpavuko gpyaleio g Emotpng Aiktuov yia v ermtéAeon autou 1ou €pyou eivat
1a povieda tev S1IKtUumv, ta oroia (0reg urodnAovel KAl T0 OVOIA TOUG) POVIEAOTTOI0UV Td
Siktua kat v oupnepipopd toug [1]. Zuykekpipéva, ta eEeAIKTUIKA POVIEAQ, Ta oroia aro-
1edoUv 10 avukeipevo g napovoag epyaciag, adpopouv v e§€An evog diktuou oe Babog
Xpovou, 6nAadr tov Tpomo pe Tov o1oio oxnpatidovial véeg OUVOEDELG KAl KAT EMEKTAOT TV
u@lotauevr popdr) tou Siktuou Bdaoet tou rtapeAboviog. H ta§ivopnon, Aowudv, evog Siktuou
010 0ROOTO €EEMKTUKO POVIEAO BACEL TG TAPOUOAS HOPPIG TOU, UITOPEL va pag rpoopépet pia
mANO®pa TANPOPOPI®V OXETIKA HE TV PEAAOVIIKT] cupriepipopd kat doun tou [2]. Ta na-
pPAdeiypna, n yvoon tou e§eAIKTIKOU POVIEAOU (KAl EMMOPEVEG TNG TOMTOAOYIAG) EVOG NAEKTPIKOU
S1KTUOU J1ag EMMTPETIEL TNV TIPOCOH0IMOT] TOU PEC® VOGS OUVOETIKOU SIKTUOU TOU €£XE1 KATA-
okevaotel BAacel autoy tou poviédou, Kat H1eukoAuvel v dieaywyn avdaluong supwotiag
nave oe auvto. [3]

Yriapyouv 1odAég drapopetikeg npooeyyioelg yia v Sie§aynyr] tng tadivopnong auvtrg.
Ty BBAoypagia evrortiovial pébodot tagivopnong Paocet dewpnukwv PETpK®V, adAd Kat
péow g xpnong epyaleiov Texvning Nonpoouvng onwg ta Moviéda Mnyavikng Mdabnong
kat ta Neupwvikd Aiktua. ErumAéov, spgavidetatl n Sedpnon nog apketd diktua neptypado-
viat kaAutepa aro §Uo 1) EPIooOTEPA POVIEAA TTOU AVIIOTOLXOUV OE S10POPETIKEG CUVIOTDOES

auTeV, avil arod £éva Povadiko Iou avilotolXel oe 0AOKANPO 1o HikTuo.
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1.2 IIpooétyyion

Me €vauopa 1a maparndve, arnodacioaps Kat ePelg va epeuviooupe 1o 9€Pa ToU EVIOTTL-
OH0U £EeAIKTIKGOV POVIEA®V O TPAYHRATIKA KAl ouvBetikd §iktua, ota miaiola g rapovoag
dumlewpatkng. H 81kr] pag npoogyyion nepdapBavetl v ermAoyr] VoG CUVOAOU HETPIKGOV
d1ktUGV, KATOIV a§l0AGYNONS TOUS @G P0G TV KATAAANASGTTA TOUG yia 10 mpoBAnud pag.
Ot petpikég autég Uotepa urodoyidoviat yia 1o §iktuo mou ermbupolpe va ta§lvourooue,
KAt Ol TIHEG TOUG XPNOlUorolouvial g £icodot oe évav tadivopntr] rou éxet arodeiydei o
o artotedeopatkog. H €§odog tou ta§vopntr) pag Sivel v andvinon oto epdtnpuad oo
eCEAIKTIKO POoVIEdo meptypadet kadutepa 1o diktuo. ErurAéov, egetdloupe kat tv nemnoibn)-
on ot ta Siktua eviote AOTeEAOUVIAL AId OUVIOTHOEG TTIOU XapaKtnpifovial arod d1adpopetikda
£CEAIKTIKA PoviEda, dlaom@viag ta og urodiktua pe tny Xpnon KatdAAning pebodou tunpa-
tortoinong (n oroia €xet ertiong ermAeyel Ao epAg PEO® AEYXGV eMMidoong), Katl Tavoumviag
yotepa ta urodiktua autd akoAouboviag v Siadikaocia mou nmeptypdpnke yia ta avtouoid

6iktua.

1.3 Aopf
H napouoa dimdepatiky) opyavevetatl oty ouvéxela ota eghg Kepdaia:

o Kegpdaldawo 2 (@ewpntird YnoBaOpo): Ilapéxel 0tov avayvootn TOUG Oplojious Kat
OP1OPEVEG 1810THTEG TOV EVVOL®V TTOU XP1 OO0 ONKaAV, 1€ OKOIO TNV OPAAn £10AYRYT)

TOU OTO QVIIKEIPEVO NG SUMA@PATIKNG

o Kegpalaio 3 (Sxetiki BiBAwoypagia): [Tapouoiadet replAnnuikd éva mAr0og epeuvev
TOU oXeTidovial P& T0 aviKEIPEVO TG Tapouoas SIMA®PATIKEG, OKlAypaApavIag €101 T0

EIMOTHOVIKO TTAQiC10 010 ortoio autr) H1e€hxOn

e Kepalawo 4 (MeBoboldoyia): ArnapiBpei 1ig peBddoug kat g teXvoAoyieg mou xprn-
oonoOnKayv yia mv SieKnepainon oV otoX®V g SIMAEOPIATIKEG, OMKOS Kat Td KPt-

)pla Iou 0drynoav otnv ermAoyr) T0Ug

o Kegpaldawo 5 (AnoteAéopata): [lepiéxel ta anmoteAéopata T0U MEPAPATIKOU PEPOUG
¢ SUMA®PATIKEG, OPLOPEVEG TTAPATNPLOEIG TTAVR OE AUTd, KAO®G Kal TG artopacelg

mou A ¢pOnkav ur’ oYiv Toug

o KegpdAawo 6 (KatarAeida): INepiéxel pia ouvown tng pebodoloyiag katl tov arote-
Asopdtev, ta cuprnepdopata ota oroia KataAngape PACEL TV AMOTEAEOUATOV AUT®VY,

KaOOG KAl OPIOPEVEG 18€€G V1A EAAOVTIKEG EMEKTAOCELS
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ZT0 Iapov KePAAA10 TIAPEXOVIAL TTANPOPOPIEG OXETIKA HE TIS PACIKEG £VVOlEG TTOU XP1Ol-
Pormolouvial otV £pyacia auty], ONOG Kat He Ti§ TeEXVOAOoyieg TToU XPElaoTnKayv yid v UAo-
oinorn) ToU MEPAPATIKOU PEPOUG TNG. LUYKeKPpEva, Sa avaAubouv évvoleg Kat adyopiOpot

ou oxetidovial pe toug I'pagdoug, ta ZuvBeta Aiktua, kat v Mnyavikr) Mabnon.

2.1 Baowkn Ocwpia 'padpev

2.1.1 Opiopog I'pagovu

'Evag ypadog ivat n pabnpatikn avanapaotact) VoG OUVOAOU OTOIXEI®V, KAl TV OXECE-
@V petagu autov. Ta otoikeia autd arotedouv 11§ RopupEg V 1ou ypddou, eve 01 OXEOEIS
petadu toug anoturniwvoviatl ot arkpég E tou. 'Etot évag ypdgog propet va avanapaoctadet

pabnpatka ano o datetaypévo {euyog ouvodwv {V, E}. [4] [5]

O1 ypagot ouxvd avagépovial Kal ©§ diktua, apou arotedovv va CHUAVIIKOTATO £p-
yaAeio otnv PeEALTN KAl TV AvATIAPAoTaoTt] MPAYHATIKOV KAl TEXVNTIOV S1KTU®V, 0 onpeio
KATIO1EG POPES O1 £vvoleg va tautidovrat. a mapddeypa, pia opdda cuppottni®y aroteAet
£€va KoweVviko iktuo mmou prnopet va avarnapaoctadel péow evog ypddou Tou o1toiou ot Koot

QVTIOTO1X0UV OTOUG (POITNTEG KAl 01 aKpPEG ot @idieg petady toug. [6] [5]

Zxnna 2.1: Iapabdeyua yoagpou pue 6 KOpupeg Katr 7 aKieg
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2.1.2 I8wotnteg I'pagpov
KateuOuvuikotnta

'Evag ypagog ovopadetal prn-rateu@uvopevog av kabe axun (v;, vj) etvat woodvvapn pe
v akun (v, vy), OOV vy, Uj 01 KOPBO1 OTOUG OT0i0UG TMPOOCTTITel N akpr. Ze évav TETo10
ypado, n kabe axur) vrodniwvel pia apgidpoun oxéon. 'Eva nmapadetypa diktvou nou a-
vanaplotdtal pe pn-Kateubuvopevo ypdgo eival €éva €00 KOvaViKLg S1KTU®Oong OTIou oX1n-

patidovial CUPHETPIKEG OXE0ELS @Ailag Petadyu tov pedav (r.x. Facebook). [5]

Avubétmg, €vag ypagpog ovopdadetal Kateu@uvopevog eav ot akpég (v, vj) kat (v, vy)
elvat Srapopetikég petadu toug. e autiv v mnepimwon n Kabe axkpn Sewpeitatr o £xet
Hla oUyKeKplpévn Kateubuvor), 1 oroia Katadsikvuetal and v oelpd mou avaypdagoviat
ol KopBot npdorttwong oto {euyog. H oyxéon mou urnodndever kabe akpry, Aowumodv, eivat
povodpoprn. AvToToiX®g, €va mapddelypa S1KTtUou mou avarnaplotdtdl Pe Kateubuvopevo
ypado eivatl £va PECO KOWMVIKAS S1KTU®ONG Orou oxnpati{ovial Jin CUPHEIPIKEG OXEOELS

axo6doubou kat akodouBoupevou petady twv pedwv (ry. X). [5]

Undirected Graph Directed Graph

S

Zxnpa 2.2: Avo ypagor: Apiotepd gvag un-kareuduvousvog, Asla évag KateudUvOUEVOG
[7]

Weighted Graph Unweighted Graph

Zxnna 2.3: Avo ypagor: Apiotepa gvag ue Bapn, AsCla evag xapic Sapn
[7]
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2.1.2 Idwowteg Mpdopov

Bapn

'Evag ypadog Aépe ot €xel Bdpn otav oe kKAOe axkpr) avuotoridetatl pa apOpntky s,
n ortoia artotedei 10 PAPOG NG AKUKG, Kal Ot Sev éxel Bapn otnv avtibetn mepimtwon.
To PBApog P1ag AKWIG AVIUTPOOMITEVEL TNV T £VOG XAPAKINPEIOTIKOU TG oUVOEOoNg otnv
ortoia avtiotoixel, 61aPopPOrIoIHOVIAG £T01 TI§ CUVOEOEIS KAl EMITPEITOVIAG TNV FLOVIEAOTTIOINOT)
(PALVOPEVEV OIS TO KOOTOG, 1] AIOOTAOI], I X®PNTIKOINTA, KAl dAAa. Xe& ypdgpoug Xopig

Bdapn 6Aeg o1 akuég, Kat apa ot ouvbéoelg, Sewpouvial 1008Uvapeg petady toug. [5]

T'sirtviaon xat Atadpopég

Avo ropBot v;, v ovopddoviat yeitoeveg epdoov undpxet pia akpn (v, vj) 1 (vj, v;) MOV
toug ouvbéet. To mANBog TV YEItovey evog KOPBou arotedel tov BaOpo tou k6pBou autoy
epooov o ypapog eival xopig Bapn. Eav eivatl pe Bapn, 10te g Babpiog evog kopBou opidetat
10 dBpoiopa 1wV Bapiv OA®V TOV AKP®V TTIOU ToV oUVvOEOUV PE Toug Yeitoveg tou. [8] Xtoug
KateuBuvopevoug ypagoug opilovial o e10epXOHEVOG Kat 0 e§epxopevog Babpog kopbou, mou
oouvial pe 1o MAN00g T®V aKP®V P Kateubuvor mpog 1) arnod tov KopBo aviiototxa.

Edv untdapyet pia akoAoubia akpov (Kat aviiotolyev KopupaVv) IToU PIT0POUHE VA AKOAOU-
9rjcoupe yia va gracoupe ano tov Kop6o v; otov K6uBo vj, ToTe autn anoteAei pia Sradpopn
petadu tev kopbav v; kat vj. Edv pdAtota dev enavadlapBaveral kapia akpn oty Stadpopr)
10t autr] OvOPAdeTal POVOIATL, eve av ermrAéov Sev enmavailapBavetal Kavévag KopBog tote

ovopddetatl anAdé povonatt. [9]

ZUVERTIKOTNTA KAl ZUVIOTWOOES

'Evag ypadog ovopdletal OUVERTIKOG av UItdpXel tTouddayiotov pia Siabpopur| petadu o-
nowevonmote §U0 KOPB®V ToU (ayvowviag Tig TUX0UOeG Kateubuvoelg 1oV aKP®V), KAl |un
OUVEKTIKOG otV aviibetn nepimtoorn. EGv o ypdgog ivat kateubuvopevog Kat GUVEKTIKOG,
101e av AapBavoviag Urt oYy Kat 11§ KAteUBUVOoeElS TV AKPOV ITAPAPEVEL OUVEKTIKOG AUTOG
ovopddetal 1I0XUPa OUVERTIKOG aAA1wg ovopddetal ac0evedg ouveRTIKOG. [10]

Mia GUVEKTIKE OUVIOTOOA £vOG YPAPOU arotedeital and £va Uroouvolo KOpupav Kat
aKpoV U ypagou (dnAadr) évav umoypago), rou sivat ouvektko. Kabe ypagog artoteleitat
TOUAGX10TOV Hid OUVEKTIKY OUVIOT®OA. AQAlpeviag akpég amod évav ypdpo Prmopoupe va
1oV 8100TIAC0UE O TIEPIOOOTEPES OUVEKTIKEG OUVIOT®MOESG, TEXVIKI] TIOU XPIO1I0ITolEital o

moAAoUg aldyopifpoug yia ypadoug (rmapadeiypatog XAptv autoug MOU ATTOOKOIIOUV OtV

Zxnpa 2.4: 'Evag un-ouveKTiKog yoapog Ue U0 OUVEKTIKEG OUVIOTWOES
[10]

aviyveuon kowottev). [10]
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2.1.3 Avanapaotaon I'padpaev

Ot ypagot ouvrfeg avartapiotaviat eite péowe £vog mivaka yeltviaong eite péow pag

ouvdedepévng Aiotag yettviaong.

ITivarag I'sitviaong

O mivakag yetviaong evog ypagpou Xepig Papn eivatl évag mivaxag peyéboug N X N, ortou
N 10 mAn6og 1@V Kopupwv 10U ypapou. Edv o ypagog eival pn-kateubBuvopevog, tote ot
9¢éoeig pe ouvietaypéveg (i, j) xkat (j, {) 1ou mivaka rmeptEXouv tov aptfpo 1 edv undpyel akyr)
mou ouvdiet Toug KOpBoug v; Kat vj kat to 0 aAdiwg. Edav o ypagog sival kateubuvonevog,
101e 11 9€01 e ouvietaypévegs (i, j) mepiéxet 1o 1 povo edv untdpxet akpr (vg, vj) (6nAadn arno
tov KopBo i pog Tov KopBo j) kat 1o 0 adAwwg. [11]

Ta évav ypdgo pe Bapn woxvouv ta i61a, eKtdg aro 10 yeyovog Ot 1 UTaps) Piag akpig
otov mivaka yettviaong dsv avurnpooernevetal anod tov apldpo 1, addd amo 1o Bdapog ng.
[12]

1 1 1 1 1 1

‘\? /' 2 1 1 \\ ?/I 2 1

Undirected Graph Adjacency Matrix Directed Graph Adjacency Matrix

Graph Representation of Undirected graph to Adjacency Matrix Graph Representation of Directed graph to Adjacency Matrix
(a) ®)

Zxnua 2.5: Iapadeiypata yodpav xwpic Saon Kat 1ov avtiotoy oy mudkev yeiviaong: (a’)
Mn-ratevdvvousvog ypagog, (8') Katevdvvousvog ypagpog
[11]

Zuvdebepévn Aiota yettviaong

H ouvbedepévn Alota yetrviaong evog ypagdou Xwopig Bapn anotedeitatl and évav mivaka
peyéboug N X 1, oe kabe 9¢on i tou omoiou Bpioketal pa ouvdepévn Alota mou mepiéxet
0Aoug toug yeitoveg tou v;. Eav o ypadog eival kateuBuvopevog tote oty Alota yettovev evog
xroupBou v; mepldapbavovial povo ot Yeitovég Tou vj ou ouvdEovial padi Tou B akur Kateu-
Suvong amno tov v; mpog tov v; (6ndadn axun (v;, vy). Edav eivar pn-kateubuvopevog, tote
0MAot o1 yeitoveg evog kKOpBou cupneptAapBavovial otnv aviiotoln Alota, Kabdg o1 ox€oelg
etvat appidpopeg. [11]

Ma évav ypdgo pe Bdpn toxvouv 6Aa ta mapdndve, UV T0 YEYOVOG OTL padl pe kabe
yeitova vj evog Kopbou v;, Tou Kataypdgetatl otnv cuvbebepévn Aiota yeltovev ToU v;, Ka-
taypdgetat kat 10 Bapog mg akpng (v, vj). 'Etol kdOe otoixeio tng ouvdedepévng Alotag
YEUOVOV £VOG KOPBOU TepiExel SU0 TIHEG: TO AVAYVOPLOTIKO £VOG YEITOVIKOU KOPBoU, Kat To

Bapog tng axkpng rmou toug ouvdeet. [12]
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o ° Array Linked List ° e Array Linked List

Undirected Graph

Directed Graph Adjacency List

(@) (®)

xnpa 2.6: Iapadeiyuata yod@pov Kat 1oV avtiotoy®v ovvdedeusvov iotov yertviaong: (a’)
Mn-katevduvousvog yoagog, (8') Kateuduvousvog yoa@pog
[11]

2.2 ZuvOeta Aiktua

2.2.1 Oplopog ZuvOeTOoU ALKTUOU

‘Eva §iktuo eivatl pia avarapdotaon evog cUcTAHATOS, PEO® TOV KOPB®V TOU TMOoU ava-
TIAP1OTOUV TI§ OVIOTHTEG TOU CUCTIHATOS Kdl TV AKP®V TOU ITOU AVAIIAPlOTOUV TG OXEOELS
1] aAAnAerudpdoelg petady v oviotHiov avtwv. 'Eva odvOeto Siktuo cival éva diktuo
Tou ortoiou 1 doprn eival MOAUTIAOKY, avapoplkd e TOV OYKO MAnpogopiag rmou avarapt-
ota kat epnepiexet. Mapadelypata ouvBetmv S1kTueV anotedouv ta odika diktua, ta diktua
aAAnAenibpaong petadu npwteivewv, o Ilaykoopiog lotodg, ta epropikd Siktua, ta diktua

ouvepyaolwv, ta diktua napanopnov, Kt dida. [13]

Zxnpa 2.7: Awagopetikeg kammyopieg diktvwv: ([Iave apiotepa) Avarnapaoctaon €vog nile-
KipovikoU kKukjwuarog, (Ilave 6eéia) Avarapdotaon tov adinfdsmidpaocswv piag ouadag &-
peuvniev navemotuiov g West Virginia, (Kate Apiotepd) Avanapdotaon 1oV TpoTel vikov
adiniembpaocewv evdg oteflgxoug tou 10U 'Epmn, (Kdatw Asla) Avanapdotaon piag CUVEKTIKNG
ovvoteoag tou pstabofkov duktvou tou EAtkoBartnpiov tou ITUA®POU UEOG KATEUO UVOUEVOU
ouktuou

[13]
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2.2.2 EfeAiktuirda MovtéAda ZUvOeTV ARTUGV

Ze autrv Vv unoevotnta da rmapouotactouy ta e§eAMIKTIKA POVIEAA TA OIoid ArtooKorEl

1 apouvoa epyaocia va eviorioest og ouvOeta Siktua.

Tuyxaiol I'pa¢dot (Random Graphs)

"Evag Tuyaiog I'pdgog eivat évag ypdgpog Orou ) mbavotnta va UItdpXel fid Ak Petagy
U0 kKopuPKV elvat aveEaptnn aro TG 1610TTEG TV KOPUP®V AUTOV KAl £§aptdtal Povo arnd
KATI010 PETPo mbavotntag. XInv OUVIPLITTIKI MAsloyndia tov mepurtoosmyv, £vag Tuyaiog
F'pagpog avanapiotatal p€ow evog €K TV enOpevev U0 poviéA®v: tou poviédou Erdos-Renyi
(G(n, m)) 1} tou poviédou Gilbert (G(n, p)). [14]

e Erdos-Renyi (G(n, m)): Me to poviédo auto emidéyetatl £vag and 6Aoug Toug Suvatoug

YpAgpoug pe n oto ANB0g KOpupEG Katl m akpEg, 1oomibava pe toug urtodoroug. [14]

e Gilbert (G(n, p)): Me 10 1OVTIEAO AUTO 0 YPAPOG ATTOTEAEITAL ATIO N 0TO TTAT00G KOPUPEG,

eve KABe duvatr akpr oxnuatietat aveaptnta and tg aAdeg pe rubavotnra p. [14]

Mepikd napadetypata Katnyopiev H1KTUeV Orou autd ta povieda Ppiokouv epappoyn

etval ta kowwvika diktua, ta Blodoyika Siktua, kat o [Taykoopiog Iotog. [14]

Xopkra Airtua (Spatial Networks)

"Eva Xop1ko Aiktuo eivatl éva 6iktuo (1] ypagog) otov oroio 1 rmbavotnta uraping piag
axkprg kabopiletal ano KAMoO0 PETPO Arodotacng Hetady tov KOPB®V oToug oroioug rpo-
ormtirttet. [15] Zto mAaioo autng g epyaociag, and 0Aa ta povieda avarnapaotacng Xopikov
Aktiev ermdéxBnkav o Tuxaiog 'ewperpikog pagog 1) Random Geometric Graph (G(n, 1))

Kat to povtedo Waxman (G(n, g, s)).

e Random Geometric Graph (G(n, r)): Me 10 poviédo auto smAéyovial n onpeia oe
tuxaieg 9¢oeig evog ermuedou, rmou Ja anoteAécouv Toug KOPBoUg Tou Ypadou, Kat 6oot

KOPBo1 £€Xouv anootact) HKPOTepn 1) ion He r petady toug evavovial pe pia akpn. [16]

e Waxman (G(n, q, s)): Me 1o poviédo auto srmAéyovial n onpeia oe tuxaieg S€oeig evog
ermriédou (ouvrBwg tou povadiaiou terpaywvou), ou da aroteAéoouv ToUg KOpBoug
10U Ypadou, Kat kabe Suvatr) akpr) petadu 6uo kopBaev i, j oxnuatietat pe rmbavotnta

p(dy) = qe5%, érou d; n andotaon petadu toug. [17]

Autd ta poviéda Bpilokouv edappoyr) oe Katnyopieg S1IKTUGV OIOU 1] YE@YPAPIKY ATtOoTa-
on eival onpavtiki, oneg ta diktua kKivhnmg tAspoviag, ta odika Sikrua, Kat ta diktua
aAAnAerubpdcewv petady KAnowv (Oov. [16] [17]

TéAog, Sa mpéret va onpelndel nog e10aystal TUXaA1otnIa Kat ota dUo autd povieda, ermo-
Héveg priopouv va Sempnbouv uriokatnyopia twv Tuxaiov Fpdeov. Eivat 6nAadr) cuyxpoveg

kat Tuyaiot kat Xepwkoi ypagot. [16] [17]
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Mn-KAwypaxkoupeva Aiktua (Scale-Free Networks)

'Eva Scale-Free diktuo eivat éva diktuo, 11 ypdgog, oto ortoio n rmbavointa évag tuxaia
ermAeyEvog KOPBog va £xel arkp1Bog k yeitoveg petwvetal eKOeTika ouvaptroet tou k, dnAadr
axroAoubel v katavopr] Nopou Avvapng P(k) ~ k™Y (Power Law), orou y mapdpetpog yia
Vv omoia ouvhOwg oxvel 2 < y < 3. [18] [19] To 6vopa «Mn-kKAprakoUpevo AlKTuo» IIpo-
£€pXeTal anod 10 yeyovog Ot 1] eKOETIKT auty) KAtavopr) tov Babpov kopbev sivat aveiaptn)
10U peyeboug (KATpakag) tou diktuou.

To povtédo mou xpnowpornoteital yia avta ta diktua ovopaletar Barabasi-Albert G(n,
m) 610U N 10 MANB0G TV KOPB®V Kat m 10 MAN00g T®V AKP®V IoU IpootiBevial kabe @opd
TIOU £10€PXETAL £vag VEOG KOPBOG MOTE va Tov oUveECcOUV He Toug mpourapyovieg. [5] [20]

Tétowa 6iktua, O1ToU Vvéor ol KOopBot eivatl mbavotepo va ouvbeBouv pe toug 1dén undp-
Xovieg KopBoug pe peyadutepo Pabuo (preferential attachment) [5], eivatl mapa moAu kowa
otV @uorn (e81kd otav mpokettal yia Kowvevika diktua). To poviédo autd yua napadery-
pa, pmopet va xpnotpornownBel yia v avanapdotaon §1adpopmv TUNeOV KUV 0NIOg O
Maykoopiog Iotdg, diktua avBpodrveov oe€oUualikov enapov, KAt XNHIKA §iKtua KUTtdpov.
[18]

Airtua MikpoU-Koopou (Small-World Networks)

Ta &iktua Mikpou-Kdéopou arotedouv éva evdiapeoo poviedo petaiy v Kavovikov
Fpagwv (Yypagot otov oroio 6Aot o1 k6pBot £€xouv tov 1610 Babud), kat v Tuxaiov Fpadpev.
AUt emtuyxavetal p£oe tou poviedou Watts-Strogatz G(n, k, p) wg 8§ Eekivoviag aro
évav Kavoviko I'pddo - Aaxtulidt pe n KkopupEg 01ou 1) KABe pia eivatl ouvdebepévn e ToUg
k xovtvotepoug tng yeitoveg, n kabe axpn (v;, vj) €xet mbavoéta p va petacxnpatiotet
oy (v, V) OTIOU Vy, €vag S1aPopeTikog TUXAia erAeyEVOG KOPBOG ToU YpAadou, epooov Sev
unapyet {16n n akyn (vg, vy). [21]

Ta 6iktua autd naipvouv 10 OVOHA TOUG ATIO TO «ATIVOHEVO TOU PIKPOU KOGHOU» 1] AAA10g
«6 Babpoi Srayxwpiopovr (small-world phenomenon / 6 degrees of separation), agou n péon
arootaor petagy §uo kKopBev oe €vav €010 ypagdo eivat repinou 6 axkpég. Kdanowa ano ta
napadeiypata H1Ktuev rmou avanapiotevial e auto T0 POVIEAO £ival TO VEUP®VIKO §1KTUo Tou
okwAnka Caenorhabditis elegans, 10 nAekipiko diktuo twv HITA, kat diktua cuvepyaoiov

petadu nboroev. [21]
2.2.3 MeTpiréG ZUVOETOV ARTUGV
Ze autv v unoevotnta 9a mapouciactouV Ol PEIPIKEG OUVOET®V H1IKTUGV IOU XP1|O1H0-
o1ONKaAv yid T0UG OKOTIOUG NG IapouUohg Epyaciag.
Katavopn Badpov Kopbwv

H ratavopn Badpov tev kOpbwv deixvel 10 Af100g KOPBmV roU £€X0UV €vav OUYKe-
Kppévo Babpo kopBou, yia kaBe untapkto oto Siktuo Pabpo kopBou. Eival moAu yprjown
HETPIKT] KaO®G apKeTA ard ta Povieda Imou egetdoape £X0UV XAPAKTINPIOTIKY HOPQIr] KATA-

vourg Babumv kopBou (apadetypatog xaptv, n katavoun Badpov kopBwv evog Scale-Free

AinAouatxny Epyaoia m
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diktvou mapouoialel popdr) katavouris Power Law). O péocog Badpdg ropBou aroteAei
TOV PECO 0pO0 OAGV TV Pabuev TV KOPIB®V ToU H1KTUOU, Kal AamoteAel K1 AUutdg XPHon

mAnpodopia yia to dikruo. [22]

Méoo Mnjkog Movonatiou

To ouvtopdtepo povonatt petaiy 6uo KOPBwV £ival To POVOITATL 1€ TO PIKPOTEPO UIKOG
(6nAabdn pe 1o PIKPOTEPO MANB0G AKPI®V) TTOU Toug evivel. O 0pog PECO PKOG POVOITATIOU
avagEpetal otov PECO OPO TOU PHKOUG TRV CUVIOHOTEP®VY HOVOITATIOV HETAEU OIO10VOnIIoTe
U0 kO6pBwv otov ypdogo. [23] Mropel va datunebet pabnpanxkd og l = mz#j d(v;, v)),
orou d(v;, vj) N anootaorn (ouvtopdtepo povordty petady v KOpBwv v; Kat vj, Kat N 1o
mAn0og tev KOpBmv Tou ypdgou. [5]

Armotedel pia Xprjotan PEIPIKY IOU PIopel va d®Oel eVOEIKTIKEG TTANPOdOPIEg Yia Evav
ypago. 'Eva mapddetypia autou tou yeyovotog arotedel n idiotnta v 6 Babpov daxept-
OpoU, TTOU agopd T0 PECO PNKOG HOVOITATIOU KAl €ival XapaKInplotiky yla toug [pagpoug

Mikpou-Koopou. [23] [5]

Awapetpog

H &uapetpog evidg ypagou eival n péylotn arootaor petady oroiwvdrnote 6Uo kKop-
Bwv tou ypagou. Mropet va Siatunebel pabnpauxd og diam = maxy, yev(d(v;, vy)), orou
d(v;, vj) n anéotaocn petagu v KOpBwv v; Kat vj, kat V 1o oUvolo v KouBav Tou ypdpou.

H &udpetpog mapéxel onpaviikeég mAnpopopieg yia éva §1Ktuo, og 10 avaitato 0plo TV
anootacemv péoa oe auto. Ia mapddsiypa, Otav mPOoKeltdl yid £va §1KTUO EMMKOVOVIQV,
n d1aperpog vrodekviet Tov Xpovo petddoong Kat v e§acbEvnon Tou ONpatog Katd TtV

ATTOOTOAT] £VOG PNVUPATOS OTNV XEPOTEPT) TEpimion. [24]

Kevipikotnteg

O1 KEVIPIKOTTEG £ival PETPIKEG TTOU ATIOOKOTIOUV OTOV EVIOIIIOHO TGV TT10 ONHAVIIKQV (1)
He Vv peyadutepn emippon) Kopbwv, cupdpova pe diadopa kpumpld. [5] Ot ReEVIpKOTNTEG

IOV XP1NO1Horo)fnkav otnv rnapouoda epyacia eivat ot €€1g:

¢ Kevipirotnta tng Eyyutntag (Closeness Centrality): Agopd v syyutnta eviag
KOpBou pe 6Aoug Toug AAAOUG TOU YPA(POU OTOV OIoi0 AVHKEL, Kl €MOPEVRG £ivat a-
VIIOTPOP®G avdadoyrn tou abpoiopatog ToV Arootdoemv arod O0AoUg TOUG UTTOAOUTOUG

KOpBoug. Alatuniovetatr padbnuatukd og Ce(vy) = Eekivoviag pe apempia

-1
2 d(vi,yy)
€vav KopBo pe PeydAn KeVIPIKOTNTA £YYUTNTAG PITIOPOUHE va (PTACOUE IO Ypryopa
oe dAAa pépn tou Siktvou. Armotedel pia aro TG SNUOPAECTEPES HETPIKES Yid TNV

etétaon evog Siktuou. [5]

o Kevrprotnta tng IIAnpogopiag (Information Centrality): Agopa v por g
mAnpogdopiag péoa oe eva Siktuo, apou AapBavel urt oyiv 6Aa ta duvatd povoratia
petady 6vo kopbwv kat aglodoyel tnv moodtnta g mMAnpogopiag rmou diepyetal amno

avtd (n omoia givat avilotpdp®g avaAoyn) ToU PHKoug Tou povortatiov). H kevipwkotta
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g MAnpogopiag evog KOPBoU amnotedel TOV APPOVIKO HEGO 0pO NG MANPOPOPiag IToU
MePEXOUV OAA TA POVOITATIA TTOU SEKIVOUV ard autdv tov KopBo, kat Siatunaverat
pabnpatka og Ci(i) = ﬁ ornou n 1o MAnBog twv KOpbev tou ypddou Kat I n
noootntd g rt)\r]poq)opiofg (;yto povordtt petagu tov v; Kat v (mivaxkag av undpxouv
napandve aro €va Povordtia). XXETidetal Kal PE TV KEVIPIKOTIA g £YYUTNTag,
adou tautidetal pe v KEVIPIKOUTA TG £YYyUTNTAg g Tpéxouoag porg (current flow
closeness centrality). [25] [26]

¢ Kevrpirotnta tov Appovirov (Harmonic Centrality): Ztoxevet ouv Avorn tou
npoBArpatog rou e1odyet 1) mbavr) arnouvoia povoratiov anod évav KopBo oe évav dAdo
OTOV UTTOAOYIOPO NG KEVIPIKOINTAG NG £yyUtntag. AUTO 10 ermtuyXdavel aviikadi-
OTOVIAG TNV PEOCT) AmOoTact) PE TOV dPHOVIKO €00 T®V ArmootdcenVv, dnAadr) n Kevipt-
KOTNTA TOV ApPOVIK®V evog KOpBou Satunevetat pabnuatkd og Cp(i) = X i m Av
Kat n dtapopd lomg gaivetal pikpr pe v KEVIPIKOTNTA TG £YYUTNTAG, OtV IPayRatt-
KOTNTa AUty 1 aAAayr) em@EPEL ONUAVIIKY S1apopd ota anoteAéopata Kat S1eUK0AUVEL

MV avaAuor aoBevig CUVEKTIKOV SiKTuwv. [27]

e EvSuapcoiki) Kevipikotnta (Betweenness Centrality): H svdiapeoikr) Revipikotn-
ta £vog KOpBou v 100UTAl P T0 MAND0G TWV OUVIOHOTEP®V HOVOITATIOV HETAly dA-
Awv KOpBmv rmou Sigpyxovial and autdv, Kal aroteAdel PEIPO TG EMPPONS EVOG KOU-

Bou otnv por) g rMAnpodopiag petady dddeov kopBev. Alatunioveral pabnpatka og

CnB(V) = Dervst Ui;(lu), OIIOU Ot TO OUVOAKO TTANB0G TV CUVIOPOTEP®V LOVOTTATIOV
S|

arod tov KOPBo s @G Tov KOPBO t, KAl Os (V) 10 TIANO0G TV CUVIOPOTEP®Y POVOIIATIOV

anod tov s ®g tov t Tou Sigpyovral ano tov v. [28] AkpiBrg avtiotorya opidetal Kat 1

evBlapeOIKT) KEVIPIKOUTA Pag akpng e, Cep(e) = X oy O‘“’ot—s(te) [29] [30]

Zuvagera (Assortativity)

H ouvageta arnoteldel PEIPO NG TA0NS TV KOPBmV evog ypddou va ocuvdéoviat pe adAloug
apopoloug KopBoug. Yrdpyxouv diadopa Kpirjpla yid Tty OpolotId 10V KOPBwmv, He 10
ouvnBéotepo amod avtd va eival o Pabpog toug. Le autrnv mepirntworn, n ouvagela fabpou
KOpBwv amotedel pia ovoyénion Pearson, kat pnopet va datunebel pabnpatukd og r =
olg[(zjk Jkej i) — ug], orou ejk 1 amo Kowvou karavour] mbavotntag 8Uo yerdvav va £xouv
Babuo j kat k avtiotoka, eve ag Kat mug 1] TUTTIKI] ATTOKA10T] Katl 1] p€on T g rmbavotikng
Katavoprg Babpou kopbwv tou Siktuou. [31]

H ouvagewa maipver tipég oto Sidotpa [—1, 1], pe to r = 1 va onpaiver 6t éAot ot
KOpBot €xouv yeitoveg povo pe tov 1610 Badbpod pe tov diko toug, 1o r = —1 va onpaivet
ot kavévag kopBog Sev €xel yeitova pe tov 1610 Pabpod pe tov 81ko toug, kat r = 0 ot o
ortoloo6nrote KopBog propet va ouvdebel tuxaia pe orolovdrnote dddo. Tevikd, Setikeég
TIHEG NG ouvagelag urtodnAmvouv 0Tt o1 KopBot teivouv va ouvdéoviatl pe 6010Ug TOUG, £V
Ol apvnTIKEG TIHEG To avtiBeto. H tdon autr karolou diktvou egaptdtatl anod v guor) tou:
rapadeiypatog xapwv éva 6iktuo @dtev petadu avbporev paddov da éxet Seukr) cuvagela
£V £va S1KTUO TOU aVIIIIPOoRIIEVEL Pid TPodP1kr) aAuciba pdAAdov Sa £xel apvn Tkt ouvadeld.

'Eto1, 1 ouvagela propel va arnotedéoel 1oxupn £voelln yua tv dopr), Kat apa 1o e§eMKUKO
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povtédo ou akodoubel éva diktuo. [31]

2.2.4 M:£Oo601 Alapépiong ZUVOETOV AKTU®V

Ze autv v unoevotnta 9a oudninbouv KAIO10l TPOI0L € TOUG Omoioug éva Hiktuo

propet va dapepiotei oe unodikrua (1] uroypadoug).

Evtontiopog Kowvotfjtov (Community Detection)

Mia xowvotnta propei va opiotei og pia opada k6pbwv rmou aAAnAermbpouyv 1mo ocuxva
Kat eivat o 1oxupd ouvbedepévol petagu toug oe OUYKP10n HE TOUG AAAOUG KOPBOUG TOU
diktvou. Ot k6pBotl autol propet eriong va eivat o kovuwvol petay toug, eite und v
évvola g anootaong £ite umo v évvola g opototntag. [32] [33]

O £VTIOMIOPOG KOWVOTHTIMV £ival 1 81ad1kaoia rmou arooKorei otV UPeoT) TOV KOWO-
IOV PEoa o€ éva SIKTUOo, KAl PIopet va udoroin el pe moAAoug diadopetikoug adyopibpoug.
[33]. H petpikr) 1ou Xprotponoleital @g £rti 1wV MASIoTOV yid v a§loAdynon g rowdtntag
g dapépilong evog Siktuou oe Kowodtnteg ovopddetat apOpotnta (modularity), n oroia
HETPA TNV MTUKVOTNTA TOV AKHOV OT0 E0MOTEPIKO TOV KOVOTITOV O OUYKP1O0T] HE TNV TTUKVOTTA
1OV KRGOV TRV OTI0l®V Ta dKpd aviiKouv oc Siapopetikeg Kowvotnteg. H apbpodtnta naipvet
Tipég oto Saotpa [—1, 1] kat datunevetat pabnpatka og Q = ﬁ (A — %)6(% G,
OItou m 10 MANH0g TV AKP®V ToU Ypddou, Ay 1 tipn oty Son (i, ) tou mivaka yerrviaong
10U Ypagou, k; kat kj ot fadpoi tov Kopbwv v; Kat vj avriotolya, ¢; Kaigj 01 KOWOTNTEG OTIg
OTOiEg AvVrKOUV v; Katl vj aviiotoixa, Kat 6 n ouvaptnon 6(u, v) mov wovtatpe o l avu = v

Kat pe 1o 0 adAwwg. [34] [8]

AxolAoubel 1 ep1ypadr] 1wV aAyopibumy mou Xpnotpono)dnkayv ota miaiola mg rnapou-

ong epyaoiag:

e Girvan-Newmann: AAyopiOpog rou Paociletat otnv evOlapeTIKY] KEVIPIKOTNTA. XU-
YKERPIPEVA, 0 aAyoplOpog autdg apalpel TI§ aKPEG HE TV PEYAAUTEPT EVOIAPEDIKT)
KEVIPIKOTNTA, KAVOVTIAG TNV UMOOE0n MG Ol AKPEG AUTEG ArtoteAouv yEpupeg petasu
Slapopetk®V KooV, Kat Siapepioviag €10t 10V ypado ot EEXOPI0TEG KOWVOTIIES.
H agaipeon tov akpov otapatdet ite otav o ypapog £xel diapepiotel og Evav ouyke-
KPIPEVO aplBpo KOWOTHT®V ITOU 0pilel 0 eKACTOTE MTPOYPAUHATIONG, £ite dtav £Xouv
adaipedel 0Aeg o1 akpég and tov ypdgo. H mowdnta tng kabe diapépiong mou £xet
POKUYEL oty ropeia propet va aglodoynBel péow pag petpikrg (r.x. tou modular-
ity), €101 wote va Bpebet n BEAtiotn. O Girvan-Newmann €xe1 XpOVIKI] TTOAUTIAOKOTHTA
O(m?n), 6mou n 10 MARBOG TOV KRBV Kat m 1o mAn0og tov akpov. Eve apyikd o-
plotnKe yla g kateubuvopevoug ypdgpoug Xopis Bapn, £xel yevikeUtel wote va propet

va epappootel Kat og kateubuvopevoug ypadoug Kat ypdgpoug pe Bapn. [30] [33] [8]

e Walktrap: AAyopiBpog mou Paocidetal oto yeyovog Otl o1 tuxaiol mepinatol o €vav
ypago teivouv va «eykAwbBioviar oe 1oxupd ouvbedepéva tunpata t1ou ypapou, rmou
avtiotolXouv oe Kowotnteg. Ot tuxaiol nepinator eivat Siadpopég oe €vav ypago, ot
oroieg oxnuatiovtatl ekivaoviag amo évav KopBo kat ermdéyoviag KABe @opd tov &-

TIOPEVO TUYXAld Ao ToUg YeIToveg TOU TpExovta KopBou. Av o tpéxoviag KopBog eivat o

m AwinAouatxny Epyaoia



2.2.4 MeéBobdot Alapépiong ZuvBetov Aiktumv

v;, 10te n ubavotnta petabaong otov vj woutat pe Py = %, orou Ay n tan g Yéong
(i,j) Tou mivaka yettviaong tou ypagou kat d(i) o Babpog tou v;. H akodoubia tev
KOpBmv Tou oxnuatietl tov nepinato arnotedel pa advoidba Markov, pe KATAOTACELS
T0UG KOPBoUG TOU Ypddou, Kat mbavotnta petdbaong ion pe Py oe kaOe Prpa. O al-
YOp18p0g apopd povo pn kateubuvopevoug ypagdoug, pe Bapn 1 xopis. 'Exetl xpovikn
rioAduridokotnta O(mn?) kat xepikr) roAurilokdtta O(n?) otV Xe1pOTEPT] MEPLITIROT),
£V OTNV P£0T) MePIm@on £Xel Xpoviky) ToAuridokotnta O(nlog(n)) xat O(n?) XK.
[35]

e Infomap: AAyOp19110¢G TOU XPNOTHOTIOLEL TO PEUPA TOAVOTNTAS TUXAI®MV TEPUTATOV O
évav ypago (6nAadry tig rmbavotnteg e10060u kat £§660u yla kabe k61B60), Wote va Tov
TUNPATOITO) 0l CUPP®VA HE TNV por] TAnpodopiag oe autov. Mia opada kopBwv péca
otV oroia 1 mMAnpogopia péel yprnyopa Kat eUKoAa Sewpeital 1oxupd ocuvdebepévn,
Kal anotedel pila kowodtnta. ZUYKERPIPEVA, 0 aAyoplOplog autog Xpnotpornotel pia
ouvaptnon xaptn (map function) mou naipvel ®g €icodo pia Siapépion 10U ypapou
0€ UMOYPAPOUG KAl UITOAOYidel T0 PECO HINKOG €VOG TUXAIOU MEPUTATOU O AUTHV, HE
okomo va srudeyel n Srapépilon pe 1o pikpotepo Suvatd PEco PrKog meptriatou. Tote
01 Uroypdgot tng 51aP€P1ong autrg aviloTtolXoUVv 08 KOWOTNTEG, adoU T0 YEYOVOG OTL 01
TUuxaiol epinatot €ivat CUVIOPOTEPOL O AUTOUG ONIAiVEL OTL (ava UToypApo-KovoTHTa)
o1 ouvbéoelg petady tv KOPBwV ival IUKVOTEPES Kat 1) TAnpodopia péet yprnyopotepa.
O Infomap prnopet va xpnowpornowBet ylua kaBe katyopia ypadpev (kateubuvopevav

1 pn, xat pe Bapn 1 xopig). [36]

e Leiden: AAyopiBpog mou amotedei pa Bedtiopévn €kboon evog aAdou alyopibpou
EVIOITIOPOU KOwotNt®v, Tou Louvain. O Louvain Baocietar otv peylotoroinon g
perpikrng modularity. Apyxikd kdBe kopBog opidetal g S1adopetiky KoOwotnta, Kat
yivovtat aAdentdAAnAeg S0K111€G CUVEVOONG KOWOTNT®V MOTE 1] IIPOKUITTIOUoA KOOt td
va €xel peyadutepo modularity amod g apxikég. 'Otav to modularity dev yivetat va
auénBei aAdo, aviikabiotd kaBe Koot ta pé Evav kopBo kat ertavadapBavet v 61adt-
Kaola wortou 1o modularity va peyilotonioinfei 6co duvatal. H 6iadikacia autr) eviote
EXEL MG ATIOTEAEC]IA O1 TEAIKEG KOWVOTHTEG Va PNV £ival KaAd ouvoede1€veg 1] AKOMD KAl
va pnv eivat ouvektikég. O Leiden 6ev mapouotadet 1o mpdBANpa TV JI-CUVEKTIKOV
KOWOTIT®V, KAl EMITAEOV TIPOOPEPEL KAAUTEPA ATIOTEAECPATA EVE® 1] EKTEAEOT] TOU E£i-
vat ypnyopotepn. [34] [37] O aAyopiBpog autdog apopd povo pn-kateubuvopevoug
ypagpoug, pe Papn 1 xopis. [33]

e Spectral Clustering: AAyop18p0g riou opadornotel toug KopBoug oe k Kowvotnteg Paost
NG OPO10TNTAG TOUG, 1 oroia uroAoyidetal péo® v k potev 1810d61avuopdtev tou
AarmAaociavou mivaka tou ypagou (L = D — W, onou D Slaywviog mivakag rmou mept-
€xel tov Babpo tou kabe kopBou kat W o mivakag yettviaong tou ypagou). Edeo pa
evdlapépouoa rapatpnorn eivatl neg ot 181011HEG Tou AarmAaociavou rivaka oxetidoviat
TIO10TIKA HE TOV Ypado pe diradopoug tpomnoug. 'a mapdaderypa, os évav ouvbedepévo n
ypago 1 181otipn O £xel mavia noAAarndota ion pe 1, eve n mpaotn pn-pndevikn 1610-

U1 AnoOKAAUITEL TO TTIO00 KAAd ouvledelévog eival o ypadog, e NEYAAUTEPES TIIES
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Va aviotolXouv o TePLocotepeg ouvbeoelg. AGilet ermiong va onpewwBei ot ot 16lout-
1ég Bpiokovial os auiouoa oelpd 600V adopd TG TIHES TOUG, HE TNV MPWT va 1ooutatl
navia pe to 0. O aAyopiBpog Spectral Clustering 6ev xpnotpornoieital arokAe10TiKA
Yla €UPEOT KOWOTNTI®V O YPAPOUG, aAAd yia éva peydldo eUpog npoBAnpatev. Exte-
AGVTag 1oV OPKG e 0p1oPaA TOV TTIVAKA YEILTVIAONG £VOS YPAdOU, PItopouiie va AdBoupie
pla moAu kadn Swapépion tou ypagou autou. [38] [39] Epappoddetal kuping oe pn-
KateuBuvopevoug ypagpoug, adAdd eival Suvatd va tportortoinBei dote va epappootet
Kat oe kateubuvopevoug. [40] ErumA¢ov, pmopel va epappootel gite og ypapoug pe

Bapn eite xopig. [39]

2.3 Mrnyxavikn Maénon

2.3.1 Oplopog Mnxavikiyg Maénong

H Mnxavikyy Ma@non arotelei £va miedio tng emotpng UmoAoyiot®v mou adopd aiyo-
piOpoUGg KAl TEXVIKEG Yia TNV AUTOpaAtoroinon g Auong ouvletwv npoBANpATeVv 1ou eivat
dUuokoldo va Aubouv e TV XPH o KAAOIKOV IIPOYPAPHATIOTIKOV TEXVIK®OV. [41]

ZUYKEKPIEVA, O€ aviiBeon pe v KAAOIKI] TIPOCEYY10T OTOU O MPOYPAPHATIOTHS 0pilet
€va OUYKEKPIPEVO OUVOAO £VIOA®V Yla Vv eriduor evog ripoBAnpatog, ol alyopibpot pnxa-
VKNG pabnong Avvouv 10 mpoBAnpa povol Toug, dnIoupymviag Eva oUVOA0 KAVOV®V TToU
ovopadetal POVTEAO KaAl TO OIoio ekmatdevetal amno ta Hebopéva wote va UIopel va Jro-
pel va kavel poBALwelg yia pia véa €icodo. 'Etol Sieukoduvetal n emiduon mepimAokav
nPOBANPATOV OTIOG 1] KAtnyoplornoinon debopévav (mapadeiyiatog XAaptv Katnyoplonoinon
OV email oe spam kat pn), 1 AvVAyvVOP10N KEWEVOU ATIO €1KOVA, I AVAYVAOPLON QOVHG, 1|
autopatn odrynorn, kat adda. [41]

Ot aAyopiBpotr Mnyavikhg Mabnong tetvouv va Sivouv 1o akpibr) arotedéopata, Kadmg
o1 Kavoveg Tou dnpioupyouv Bacilovial ota anoxkAelotiKka ota 6edopéva Kat €101 ivat mo
AVTIKEIPEVIKOL amd autoug 1mou opidet €vag mbaveg IMPOoKATEANPPEVOS TTPOYPAPIATIOTNG.
Ao v aAAn, 10 yeyovog rnwg dev yvopidoupe akpiBog 10 neg €édpracav ot pia anopaor
artotedel PoBANPaA, KAOWG HPEIDVEL TV EUITIOTOOUVE HAG Of AUTH, €181KA OTav MPOKETal
yla éva onpaviko mpobAnpa onwg pia tatpikn diwayveon. [41] To mpdBAnpa auto (rou
ovopddetat ITpoBAnpa tou Maupou Koutiot 1 Black Box Problem) peAetdtat kat yivetat
npoortdfela va Aubel pgom evog epsuvnuikou mediou mou ovopdletat Egnyrnowmn Texvnu)

Nonpoouvn (Explainalble Al). [42]

2.3.2 EmBAsnopevn kat Mn EmiBAenopevn Mnyaviky Maénon

Ta &edopéva ota omnoia exknaidevetal évag adyopiOpog Mxavikng Mdabnong propouv va
eival emwonpaocpéva (labeled) r) pn emonpaopéva (unlabeled), avaloya pe 10 av £xouv
eUKETa 1] O0X1, aviiotoixa. H ewkéta (label) sivai éva xapaxkmplouko 1 pia katnyopia
otnv omola avnketl éva dedopévo, kat n oroia {nreitat va npoBAedOei ya pia véa eicodo
oe €va npoBAnpa Mnyavikyig Mdabnong nou PBaocietal oe eruonpacpéva debopéva. 'Etot, 1

Mnyxavik) Mabnon katnyoptornoteital oe EmiBAendopevn (Supervised) otav mpoxettat yia
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aAyopiBpoug mou mpoopidovtat yia mpoBAnpata pe smonpacpéva dedopéva, kar os Mn
EmBAenopevy (Unsupervised) 6tav ta dedopéva eival pn ermonpaocpéva. [43]

H ErmBAsniépevny Madnon agpopd rpoBAnpata taivopnong (classification), ta oroia
avaAuvovtal otV OPEVH] UMOevOTta, Kat rpoBAnuata naAwvdpopnong (regression), 6n-
Aadr) poBAfjpata 6rou PAcel TOV TPV TOV XAPAKINPIOTIKWV Piag €10060u {nteitat va mpo-
BAepBel pia apOunukn tpn og £5060g (1 oroia Sa amoteAéost v etketa). [Hapadeiypata
€010V TPOBANPATOV eival o Siaxewplopog tev email oe spam Kat 0x1 spam (ta§ivopnon),
Katl 1 npoBAsyrn TV peAdoviikev £008@Vv pag emixeipnong PAaoest tov napeABoviov ecodmv
(maAwdpounon). [43]

H Mn EmiBAsnépevn Mabnon agpopd Kuping ripoBinpata ocuotadonoinong (cluster-
ing), 6nAadn npoBArjpata onou ta Sedopéva npénet va opadonoinBouv BAcet TG OPOOTNTAG
toug, mpoBAnpata ouoxétiong (association), 6nAadr rpoBAinpata orou rmpénet va Ppe-
Youv oxéoelg Kal ouoyetioelg Petady twv Hebopévav BAdEL TOV TIHOV TOV XAPAKTNPIOTIKOV
Toug, Kat rpoBArata peiwong tng dractatikotntag (dimensionality reduction), 6nia-
61 mpoBAnpata orou 10 MANH0G TOV XAPAKINPEIOTIKGOV TOU IPOBANIIATOS MPETEL va PE1wOel
X®PIg va emnpeaoctel n oot ta g MAnpogopiag rou mapexouv. Iapadeiypata tétoimv mpo-
BAnpatev eival i tunpatonoinon g ayopdg BAcel TV OPO0TH TV PETASY TV KATAVAADTOV
(ouotadormoinon), n vdomoinon €vog CUCTHHATOS OUCTACE®V Yld £VAV 10TOTOII0 NAEKIPOVI-
KOU gpmnopiou (ouoyétion), kat n apaipeorn SopuBou anod debopéva eikovag Pe OKOMO TV

BeAtioon g eukpivelag (peiwon g dactatikotntag). [43]

2.3.3 Tafwopntég
Opiopog Ta§ivopnty

To mpdBAnpa tng Tafivopnong arotedei v ermAoyr g KAtnyopiag rmou avhketl pia
véa eioodog, amod éva cuvodo duvatwv katnyopwwv. 'Evag ta§ivopntig sival to poviédo,
10 Ort0i0 eKmAdeveTAl ATIO £va GUVOAO EMONUACHEVEV 6e60EVOV MOTE va UIopEel va AUoel
10 PdBANua g tadvopnong. To ouvolo twv Suvat®v KATyopl®wVv OTlg Oroieg PIopei va
ratatddel évag tagivopnmg pia véa €icodo eival to oUVOAO TOV S1APOPETIKOV ETIKETOV TTOU
rapouotdlovial ota dedopéva eknaibevong. TMa v KATAOKEUT £vO§ TASIVOUNTE] IITOPOUV
va Xp1notonoin0ouv MoAAEG S1aPOPETIKEG TEXVIKEG PNXAVIKNG 1AOnong, onwg ta Neupovika

Aiktua, ta Tuxaia Adorn, ta MapkoBiava poviéda, kat aAda. [44]

Metpirég enidoong ta§ivopntov

H emtiboon tev ta§vopntov adlodoyeital wg eri tov MALioT®V Pe TG PEIPIKEG evoTo)ia
(precision), avakAnon (recall), akpiBsia (accuracy), kat F1 score. [45] Edw cival a-
vaykaio va opiotouv ot e&fg évvoleg yla eva duadiko tafivopntr (6nAadn mou ermAéyet
povo petadu 8Uo Katnyoplov), av i pia katnyopia sivatl ta 9suka (positive) xkat nj dAAn ta

apvhuka (negative):

e AANOng Ostiko (True Positive): H eicodog avrkel otnv Stk katnyopia, Kat tagi-

vopeital ®g Ytk
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¢ Weudng Ostiko (False Positive): H cicodog avrket otnv apvnuikr katyopia, adda

tadvopeital wg Stk

¢ AAnOng Apvnuiko (True Negative): H cicodog avrikel otnv apviuksn katnyopia, kat

tagivopeital ®g apvnTiky

e Wesudng Apvnuiko (False Negative): H cicodog avrikel otnv 9etikr) katyopia, kat

tagivopeital ®g apvnTiKy

[46] [47]
Actual Positive Class Actual Negative Class
Predicted Positive Class True positive (1p) False negative (fin)
Predicted Negative Class False positive (fp) True negative (in)

Zxnpa 2.8: ITivakag mou anoteflel OTTIKOTON 01 TOU OPLOUOU TV AVRTEPR OPU
[46]

"Eto1 priopotjie 1wpa va opicoupe TG Maparndve PEIPIKES g eEng:
TP

TP+FP
vopunOei wg JeTIKEQ)

Precision = (o1 aAnBmg detkég ei0odo1 Tpog dAeg TG £10060UG TTOU £X0UV TASL-

Recall = TPZPTN (o1 aAnBag Yetikég 100801 WG ITIPOG OAeg TTOU eival mpaypatikd Setikeg)

TP+TN

® Accuracy = gprr vy

(o1 owota tagvopnpéveg 100601 1POg OAEG T1G £10060UG)

_ o precision-recall . . . s
F1 Score = ZIm (appovikog pecog 0pog twv precision kat recall)

[46] [47]

'Otav mPOKettdal yla ta§vopntég mou KAatnyoploolouy Tig £10060UG O maparndve aro
duo katnyopieg (multi-class classification), to precision kat to recall urtoAoyidovtat eite pie
1V HOKPOOKOITIKI) TIPOoEYYlon (macro precision kat macro recall) eite e tv PIKPOOKOITKD
(micro precision kat micro recall). TIpotipdtal n PAKPOOKOITIKY, A(OU HE TNV PIKPOOKOTTIKI)
10 precision kataAnyetl va ooutal pe 1o recall, 6niwg kat 1o accuracy pe 1o F1 score. [47]

L1V HAKPOCKOIIKI] MPOOEYYLoN, UrtoAoyiletat to precision kat to recall yia kabe ka-
myopia, kat Uotepa vrnodoyidetal o pEoog 6pog T0UG WOote va Byel T0 OUVOAIKO arotédeopa
yia tov tagwvountr). Ot évvoleg tov aAnfwg detikwv, Yeudng Setk®OV, Kat Peudng apvnTiK®V
yevikevovial g €§1g: ta aAn@wg detira yla pa xkatnyopia k eivat ooa oviog avikouv
oe autr) Kat ta§ivopndnkav oe autr, ta Peudwg detika cival 6oa tadivourndnkav oe autr)
adAd avrkouv oe dAAn Katyopid, eve ta WPEUSMOG apvntika cival 6ca ta§ivopnbnkav oe
aAAn kamnyopia aAda avikouv oty k. (Enpeioon: O mivakag rmou meptéxel 10 ANOog tov
aAnOwg KOV, Peudng JeTKOV, Kal PeUdmg apvnTIKOV yia OAEG TI§ Katnyopieg ovopadetat
nivarag ouyxuong (confusion matrix).) Ot tirot yia tov UNoAoylopd TV OAKGV pre-
cision ka1 recall rtapapévouv ot 16101, Ve XPNOOIIOIOUVIAL Ol YEVIKEUHEVEG £VVOLEG TTOU
POAtS avapépbnkav. Opoing pe niptv, 1o F1 score urtodoyiletal @G 0 appoviKog PECOG 0p0G
TOU OAKOU precision kat tou oAikoU recall, eved 1o accuracy sakoAoubei va tooutal pe 1o

rAn6og v 0pba taivopunpévev 1068wV 1pog 1o 1ANBog dAwV eV £1008wv. [47]
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IIapadeiypata ta§ivopntodv

IMaparAt® rapouotadovial CUVOITIIKA 01 TASIVOUNTEG TTOU Xphotporno|fnkav ota rmiaioa

g Tapouong epyaociag:

e Taivopntig Aravuopatev Ztpiing (Support Vector Classifier 1} SVC) xat I'pap-
pkog Tafivopnthig Atavuopdtov Ztfpuing (Linear SVC): O tadvount)g autog &i-
vat pia Myyavr Atavuopatov Ztping (Support Vector Machine 1 SVM), 5ou
Kat 1o ovopd tou. Ta SVM eivat poviéda, 1oV oroiov 0o otdxog tou aAyopibpou ek-
rnaideuor|g toug ival 1 £upeon tou BéATiotou opiou (optimal hyperplane) petadu
IOV MEPIOYX®V TTOU OoXNPatiouv ta péAn kabe katnyopiag o€ £évav YEMHIEIPIKO XOPO
rou opidetatl pe T1oug ASovEG TOU va aviloTtolXoUV OTd XAPAKTNPIOTIKA TV OTOTXEI®V TOU
nipoBArpatog (6ndadn av ta otoixeia €xouv nmapadelypatog xaptv 7 XapaKiplotiKda,
9a éxoupe évav 7-61dotato Xopo pe 7 agoveg mou 0 KAaBEvag aviloTolXEl 0TI TIPEG TTOU
naipvel éva xapaxkinplotiko). Ta péAn g kaBe kKAdong nou Ppiokoviat mo Kovid oto
0p10 arotedouvv ta draviopata otnpng (support vectors) ard ta oroia naipvet 1o
ovopd tou o tadvopntig. Qg BéAtioto oplo Jewpeital 10 6p1o EKeIVO TO OO0 PEYIOTO-
Mo1el TV ardotacn Petady tou 610U Katl tev dtavuopdtev ompiing. Edav ot kAdoeig
elvat ypappikda Staxepiopeg, SnAadn to 0p1o petady toug propei va sivatl pa ubeia,
TOTE PIOPOULIE VA XPNOOIO|00UHE €va Ypappiké SVM (Linear SVC) rou avalnta
OUYKEKPIEVA Pia eubeia ®g 0p1o (Kat ox1 pia oroladnote KAPmuUAn OM®G 1) YEVIKL)
niepimtoon tou SVC). Kat otig U0 mepumimoelg, 0 XOpos X®Pietal oe mePLOXES TTOU
aviotolyouv oe KABe katyopia, kat pia véa eicodog tagivopeital Baoet g reploxng

otnv oroia TorobeTeital oUPP®VA HE TIS TIHEG TOV XAPAKINPIOTIKOV TNG. [48]

e Tafivopttg k-mAnociéotepwv yertdoveov (k-nearest neighbours classifier): O ta-
Svournu)g autdg emiong Baociletat otnv 9€on piag véag £10060U O OXEON HE AUTH TV
dedopévav exmaibeuong o €vav YEMHETIPIKO X®PO TMOU opiletal akpiBog Onwg Imept-
ypdonke yia ta SVM. Ze autfjv v nepimwor), eviorti¢oviat ot k KOVILvoTEPOL YEi-
TOVEG [1ag véag €10060u (6ndadn ta Sedopéva exkmaideuong tou mpoBArjpatog mou
€XOUV TNV PIKPOTEPT ATIOOTACT] Ao TNV véa £€i00d0), Kal anodpaciletal oe oA KAtn-
yopia avikel ) véa €10080g avadoya 1€ To mola ivat 1 Katnyopia otny oroia aviket 1
msloynodia tev k Kovivotepmv yertovev. Kdamoieg @opég, yia v Anyn g anopaong
avutg AapBavovial Ut oylv Katl ol akplBeilg armootdoelg tov YEITOVQV arto v £10060
®S PBapn, pe PIKPOTEPEG ATIOOTACELS VA AVIIOTOLXOUV ot peyaAutepa Bapn. H ermdoyn
ToU KAtaAAnAou k €xel MOAU peydAn onpacia yia v emidoorn tou ta§vountr) autou,
KAt IPETEL va yivetat pe poooxn. Yridpxouv apketég pébodot yia v ertiteudn tou
OTOXOU aUToU, HE TV arAouotepn va givat 1 enavaAnyn wmg taivopnong pe diagpope-
TIKEG TIHEG TOU K, Kat 1) eAOYT) TOU k eKEIVOU TIOU eTQEPEL Ta KAAUTEPA aroteAéopata

OUPP®VA HE TG HETPIKEG ertidoong Tou tadvountr) rmou £xouv ermdeyet. [49]

o Tafivopntég Zuvodou (Ensemble classifiers): Ot ta§ivountég ouvolou eivatl pia
Kamyopia tadvountov mou arotedouvial and Kat XProtorolovy évav ouvbuaopo
AAAGV, ArAouoTeP®V TASIVOUNTMV HE OKOITO TV EIUTEUSH KAAUTEPNS OUVOAIKNG rtibo-

ong. [48] Mepkoi ard autoug eivat ot €€1g:
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a) AdaBoost: O taSwvopuntiig autdg Bacietal oy avrotoixion Bapov oe 6Aa ta de-
dopéva exkmaideuong, ta oroia apyXika eivat oAa ioa. Metd v eknaidsuon raOe
(aduvapou) tagvount) aro tov oroio aroteAeitatl, urodoyiletal 1o opdApa yia Kabe
éva ano ta Sedopéva exknaideuong. Av untidpxel opaipa yia éva §edopiévo 1ote 10 fApog
Tou audaverat, eve av Hev urapyel oPpaipa pelwverat. Autd avaykadel toug tagivour-
€6 va ermkevipobouv ota aduvapa onueia toug, pe anotédeopa va BeAtiwbouv. 'Etot

TIPOKUITIEL TEAKA €vag OUVOAIKA 10XUpOTePog tasivountig. [50]

B) Gradient boosting: O tafvountfjg autdg arotedeitat and oAAovg e pépoug a-
mAoug tagvopntég, ot oroiot ekratbevovtatl S1adoyxikd. ‘OAo1 o1 erti PEPOUG TASIVOUNTEG
€lval OUCXETIOPEVOL HE TO APVNTIKO NG KAIONG tng ouvaptnong anwisiag (loss func-
tion) tou ouvoAikoU tadvounty, €10t OOote Petd v eknaibeuon tou KA erd pépoug
tagvountn n TP g ouvaptnong anmielag va peiovetat. 'Etot o ouvoAikog tagivo-
pntg ouvexng PeAtiovetat. H ouvaptnon anolsiag propet va eivat onoiadrote, Kat

1 ermdoyn g e§aptatat and 10 ekaotote npoBAnua. [51]

v) Bagging (Bootstrap Aggregating): O ta§ivoprntig autog arotedeitat anod rmoAloug
(ouvnBwg actabeig) tagivountég, o KABe £vag ek TV oroiwv £xel eknaideutel oe éva d1a-
popetiko detypa bootstrap tov edopévev eknaidsuong. 'Eva delypa bootstrap eivat
£éva uroouvolo tav dedonévev eknaideuong rmou £xel ermdeyel tuxaia pe opoopopedn
Katavopr] rmbavotntag, eve €va dedopévo rmou €xetl ermdeyel yia €va bootstrap dev a-
paipeitatl amno 10 cUVoAo Katl Propel va emaverdeyel yia éva addo bootstrap. 'Eto,
KAOe bootstrap mepiéxet éva pelypa povadikev kat kowvev dedopévev exknaibeuong.
H tedikr) anogaon tou ouvoAikou tadvopntt] AapBavetatl péowe ynpodopiag (voting),
6nAadn arnogaoidetal ot n €i00dog avrKel onv Katnyopia mou emAexOnke anod v
rmeoyneia v eri pépoug tagivopntov. Me autdv Tov TpOIo 0 GUVOAIKOG Ta§vopuntr|g
etval mo akpBrg aro toug eri pépoug, Kabwg pewwvoviatl ta Aabn Adye overfitting
(6nAadn urepBoAKnAg PooapRoyHS Tou tagvourntr) ota dedopéva ekmnaibeuong), Kat

OTaTIOTIKYG Siraoropdg. [52]

8) Tuxaio Adoog (Random Forest): O taSivountig autog aroteAeital ard rmoAAa
Aévrpa Anogaong (Decision Trees), ta oroia sivat ardoi ta§ivopntég mou Asttoup-
youv xwpioviag avadpopikd ta §edopéva oe UTTOOUVOAd. XUYKEKPIHEVA, KATAOKEU-
aletat éva dévipo Eexivoviag and v pida, kat avadoya pe v Tyt KAnowou and ta
XAPAKTNP1oTIKA TV dedopévav (anodaoidetatl moto Bacel KATIO10U KP1Inpiou KEpHoug)
0 KGBe kopBog arokta Hvo madid, wote va £§aviAnbouv ta XapaKINE1oTIKA KAl va
@racoupe ota @UAAa tou dévipou. Mia véa eicodog tadivopeitat akodoubwviag tnv
Sradpoun amod v pida tou dévipou mou opiouv ol TIPEG TOV XAPAKTINPLIOTIKOV TNG.
[53] To Tuxaio Adcog ekmaideuvetl ta Aévipa arnod ta oroia anoteAeital pe drapopetikda
urniooUvoAa He60Pévev eknaideuong adAd Katl XApaKInNP1oTIK®OV, Td OIoid ermAEyoviatl
arnd 10 oUvolo TV Gedopévav eKmaibeuong Kat 1OV XAPAKTINPIOTIKGOV aKPBOG OTIOG
EPLYPAPNKE KAl yia tov tasivournt) Bagging. 1o téAog 1o anotéAeopa g Katnyopio-
noinong Pyaivel maAt pe yneogopia, dndadr) emAéyetal n andédaon g mAsoPndpiag
v Aévipev. Auth] n dabikaocia mpoodEpetl mMOAU KaAUtepa Arotedéopata aro v

Xpron €vog povadikou Aévipou Arogaong. [54]
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Zxnpa 2.9: A: 'Evag tawountig k-yeudvov ue k = 4 oe mpobinua talvounong omov ta
b6eboucva gxovv 2 yapaxmpoukd, B: 'Eva ypaupuko SVC oe mpo6inua talwounong omouv ta
beboucva gyouvv 2 yaparxmpiotkd, C: 'Eva Aévtpo Anogaong o mpobinua tallvounong onov
ta bebopcva gxouvv 2 yapartpotkd, D: 'Eva Nevpwviko Aiktuo ue gva eminedo ioo6ovu, 6Uo
Kouga emineda, kat éva eninedo e§0dou (b6ev efetaotnke otV Tapovoa votnta)

Classifier1

Classifier N

[55]

| New Data I

»| Classifier2 |

Ensemble
Classifier

Composite
Prediction

Zxnpa 2.10: Mia yevikeupévn meptypagn e 6oung kat tov ponou Acurovpyiag tov Tawo-
untaov ZuvoAou: O Tawountng Zuvojou anoteflsital and ToAAoUg entl pépoug 1allvounteg, ot
omolot ekratbevovtat ota dsdousva tov mpoGinuatog. 'Otav mpdkeirat va taltvoundet pa véa
gloobog, N Asttoupyia 1 ta anotejléouata v emuépoug tatvountov ovvdvaloviat katdAin-
Aa, wote o Ta&wouning Zuvodouv va katainet oe pia ovvoAukr anogaon.
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Kegpalatro B

Zxetikn BiBAloypagia

Z10 RePAAalo autod mapouotddeTal CUVOITTIKA PEYAAO PEPOG TNG UTIAPX0UOAS £PEUVAG KAl
BiBAloypagiag oxetka pe v tadivopnon Sikuev oe e§eAIKTIKA PovViéda, 1) oroia givatl ap-
Ketd meploplopévr. EmumAéov, nmapouotddetal 1o apbpo OXETIKA PE TNV oUXVOTNTA ERPAVIONS
tou Scale-Free poviédou os paypatikda 6iKtud, T0 OT010 EVEMVEUOE TO AVIIKEIIEVO EPEUVAG
g Mapouoag SMAOPATIKLG, KaBoOg Kal Karola adda dapbpa mou oxetioviat pe auto 1o

S¢pa.

3.1 Tevikég avagopig otnv Ta§lvounon §1ktiwv o poviéda

3.1.1 Tafwopnon ypadpov HECK IEWPNTIRAOV PETPLKAOV

Ot Linhong Zhu, Wee Keong Ng, kat Shuguo Han peAétnoav tnv duvatotnta tagvoun-
ong €vog YPAPoU BACEL OPIOPEVOV XAPAKTPIOTIKOV TOU, Kal MXEipnoav va mpooblopicouv
rola eivat ta BEATIoTa XapaKkIinpilotKA yla ty mpaypatonoinon g tagivopnong avtrg. Ha
NV £ITteUsn TOU OTOX0U TOUG XPToTpornoinoav g £61g 12 Netpikég og ta XapaKTtP1oTIKA IToU
AvVUIIpoo®nevouv Kabe ypado: tov Luviedeotr) Zuotadonoinong (Clustering Coefficient), to
Méoo Mrjkog Movoratiou, v KafoAikr) Arodotikotnta (Global Efficiency), tnv Katavoyur)
Babpov Kopbwv, v [Mupnvikotnta (Coreness), v [Tukvotnta (Density), tnv Iepipépera
(Girth), v Ilepiperpo (Circumference), v Zuvektukotta, tov Aoyo Zuurnieong Kopupov
(Vertex Compression Ratio), tov Adéyo Zuprmieong Axpov (Edge Compression Ratio), kat
Vv ARurAikotta (Acyclicity). Avértugav, erurdéov, évav alyopiOpo ermAoyhg TV Mo avit-
TMIPOCRITIEUTIKOV KAl S1aX®PI01I®V Ao 1a UTIOAOLUTA XAPAKINPIOTIKWV, AVIIIEIRITi{oviag v
ermdoyn aut oG éva npoBAnpa BeAtiotoroinong. [57]

O alyop1Bpog autdg enéotpeye 8 Ao td MAPATIAVE XAPAKINEIOTIKA, Td Oroia uotepa
Xpnotponoinoav yla myv eKnpooennorn ocuvodikda 300 ypdoov (Tpaypatikov, Kal OUvOEeTt-
K®V), aviiotolKidoviag éva diavuopa Xapakinplotkov o Kabe ypado. Ze kabe évav arnd
autoug Toug YPAQPOUG AVIIOTOIXIoTNKE £IioNg pla €TIKETA €K TPV duvatwv ermAoyov (IN-
TERVAL, HOPI, kat DUAL) avdloya pe 10 mola and auvtég arnotpndnke g o PEATiotog
belking-Avon oto pdBAnpa emAoyrg deiktn npoototntag 1 reachability index (6nAabr) oto
npoBAnpa emAoyng g KatdAAnAng doprng dedopévav yia v anobrnkeuorn mAnpopopiag
OXETIKA pe 1 duvatotnta petdBaong anod kKabe kKOpBo mpog ToUg UTOAOUTOUG), PETA Ao
Vv a&loAdynon g mPoottdtIag ToU YPAPoU HECK TOU UTIOAOYICHOU TOU GUVOAIKOU XPOVOU

IPo0Baong EVOg EKATOPHUPIOU TUXAIOV EPOTNIATOV OTOV YPAO yida KAOe pia aro g mbaveg
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emdoyés. H mieoynoia tov 300 autev ypapev xprnotponofnke og ta dedopéva exknaidsu-
ong 6vo ta§vopntwv, evog tadivount k-rAnotéotepwv yertovav (K-NN) ki evog avtiotpopou
ta§vopntn k-mAnoiéotepav yettdvav (reverse k-nearest neighbours classifier r) Rk-NN), evo
01 UIOAOIOL Xprjoponofnkav g ta dedopéva Sokpung v naparndave tagvountov. [57]
TéAog ouykpiBnke 1 enidoon twv 6U0 TavoUNTOV PECK TOV PETPIKOV accuracy Kat micro
precision, kaBmg KAl 10U XPOVOU EKTEAEOTG TOUG KAl TG PVIING TTOU Katavdadwoav. Bpédnke
oG 0 K-NN £xe1 HIKPOTEPO XPOVO EKTEAEONG KAl KATAVAAGDVEL AlyOTeEPT) PvNin, aAAd o Rk-NN
arodidel kaAUtepa G IIPOG TO accuracy Kat 1o micro precision (av kat ta anoteAéopatd tou
etvat o aotadn). Ta arotedéopata €de§av nwg 1 tadivounorn ypadev Bacet KatdAAniev

XAPAKINPIOTIKGV TOUG £ival mpaypat epikty. [57]

H mponyoupevn énuooicuon dev apopouoe apeod tnyv taSivopnon ypagov oe e§eMIKTIKA
poviéda, opeg aredetde nwg n tagivopnon ypagov HEOR PETPIKOV eival duvatr], pia teXViKy
IOV XPNotpoTow)OnKe Kat otV rapouvod epyaocia. '‘Ocov apopd v eAoyr)] OV KAtdAAnAev
HETIPIKOV yla 10 81kKO pag npoBAnpa, priopoupe va oupBouleutoupe TiNyEg Orwg 1o Apbpo
1ov Reka Albert kat Albert-Laszlo Barabasi [58] 11 to BiBAio tov Sergey Dorogovtsev kat
José Fernando Mendes [59], ta oroia reptypd@ouv avalutikd apKetd aro ta e§eMKuKA
HOVTEAQ TIOU XPNOTO0II0oale Kal Ipocb10pidouV 1a Mo aVIIIPOO®ITEUTIKA XAPAKINPIOTIKA
toug. Yrdpyet, akoéun, Kat n dnuooicuon tov Gabor Szarnyas, Zsolt Kévari, Agnes Salanki,
kat Daniel Varré [60] owv omoia edetadetal pia minbwpa HETPIKGOV OXETIKA HE TO TTOCO
XOPAKINPIOTIKEG €ival yla évav ypado, Pe Kpufpla v opoloyévela toug (dndadn 1o kata
oo ta HiKTua IMoU AvrKoUV Og pia Katnyopia £€X0UV MApOopoleg THEG AUTHG NG HETPIKIG)
Kat v Stakpttotnd oug (6nAadn 1o kKatd moco ta diKtua IMou avrKoOUvV Of SEXWPLOTEG

KATNyopieg £€X0UV S1aPOPETIKEG TIHEG TNG PETPIKTG).

3.1.2 Tafivopnon ypaddpov pEcem NeEUPOVIKAOV AKTIOV

"Eva akoprn onpaviko epyaleio yia v tadivounorn) ypdgov, Imave oto OItoio pdaAiota £Xel
yivel ektetapévr) €épeuva, gival ta Neupwvika Alktua, Ta oroia IpoopEPouV d1adopa mmAeove-
KTUPATa O€ MEPUTIWVOELS TTOU 1] 1E0060G eT1IAOYTG Fe@PNTIKAOV PETPIKAV Y1d TNV EKITPOOMITOT)
OV ypadev dev eival anotedeopatiky. Ma apadetypa, ot John Boaz Lee, Ryan Rossi kat
Xiangnan Kong [61] emixeipouv va AUcouv ta poBAnpata rmou eveEXetal va poKUYPouv He
Vv nponyoupevr péBodo Adym ng rapouciag JopuBou oe mpaypatika §1KTtua KATAOKEU-
alovtag éva ErmavaAapBavopevo Neupwviko Aiktuo (Recurrent Neural Network). To poviédo
auto avtAel mAnpogopia POvo Ao Ti§ YEITOVIEG OUYKEKPIHEVOV XAPAKTNPIOTIKOV KOPBmV ToU
d1KTUOU MoU emAéyovial PEOR TEPTIATOV TTOU KaBodnyouviatl aro Evav Unyaviopd mpoooxng
(attention mechanism), yeyovog 10 omoio emtpernet v ayvonor tou 90puBou Kal PEI®VeEL
1a urnodoyiotika kootr. ErurAéov, ota ouvoda debopévav rou egetactmkay, darmot®bnke
oG €Xel peyadutepn akpiBela anod aAdeg pebodoug rmou AapBavouv urt OYnv 0AOKANPO Tov
ypPAago, 1 ortoia pdAiota au§avetal akOn MePLOCOTEPO HE TNV MPOOONKI) e§WIEPIKTG PVIING.

'Eva akopn €i6og Neupovikov AKTUmV ou eivatl e§alpetikd Xproia yia my tagivopnon)
diktuwv eival ta Neupwvika Aiktua I'pagev (Graph Neural Networks 1) GNN), ta oroia givat
ed1ka oxedlaopéva yia v enegepyaoia Sedopévav oe popon ypagou. Ta GNN e&ayouv

auTOPATA KAl AMOTEAECPATIKA TA AVIUTPOOKITEUTIKA XAPAKINPIOTIKA EVOG YPADPOU, YEYOVOS
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oU €Xel audnoet v SNPoTKOTNTA TOUG KAl CUVETIWG TOV aplOpd POVIEA®VY TTOU UTIAPYOouV.
Ot Federico Errica, Marco Podda, Davide Bacciu kat Alessio Micheli [62] ¢xouv mpaypa-
TOIOW) 0Ll Jia AEITtopepr) a§loAdynorn Katl ouyKplon dtapopwv Snpodidov poviedov GNN ya
tadwvounon ypagev (pe to poviédo GIN tov Xu et al. [63] va @aivetat nwg €xel GUVOAL-
KA TV peyadutepn axkpiBela amo autda mou pedetOnkav), n oroia propet va artodeiyOet
IIOAU ¥prjown yia v ermdoyr 10U KatdAAnAou poviédou yia éva rpoBAnpa tadivounong.
Tédog, 9a mpémnet va avapepBel 0Tl eve ta povieda autd eival ya tagivopnon ypdeav o
OI01e0dIIOTE KATHYOPieg, HITOPOUV va XPpnotpononfouv Kat yia v tagivopnon ypdeov o
eCeAIKTKA POVIEAd, KAO10TOVTIAG Ta €101 OXETIKA PE TO AVUKEIPEVO €peuvag g Iapouong

epyaoiag.

3.1.3 Evtoniopog £{EAKTIKOV POVIEA®V OF MPAYPATiKaG diktua
TexvoAoylka iktua

Ot Balint Hartmann kat Viktéria Sugar, pe évauvopa mv apgideyopevrn dedpnor ot
1a 8iKTUa NAEKTIPIKLG 10X U0G UIOPOUV VA AVIUTIPOOKITEUTOUV Ao 10 poviédo Small-World
1) To poviédo Scale-Free, anmogdoioav va peletrjoouv 10 nAektpiko diktuo g Ouyyapiag
xpnowpornowwvtag dedopéva 70 e1wv Gote va mpocdlopicouv Katd noco gival paypatt du-
VATo va AVIIIPOORIIEVTEL Ao £éva arod autd ta dUo poviéda Kat av autdo alAdadel pe wmyv
rapodo tou xpovou. Ta v eriteudn TOU OKOMOU AUTOU, KATACOKEUAOAV £vav ypado yid
KAOe €106 (6nAadr) cuvodika 70 ypadoug), Pe Toug KOPBOUG va AVIIOTOLX0UV OTIS YEVVITPLEG,
TOUG PETAOXNHUATIOTEG, KAl TOUG UTIOoTadoug, Kal 11§ aKPEG OTIG YPaupeg petadopdg. 'a va
aropaviouv CXEUKA HE TO av 01 yPAgol Propouv va tagivopnfouv wg Small-World xpnotpo-
oinoav Tov ouvieAeotr) HikpoU kKoopou (small-world coefficient) o kat tnv petpikn o (0nwg
autr) nipotddnke and toug Telesford et al. [64]), eve yia v tadivopnon oe Scale-Free xpnot-
poroinoav v katavopr) Babpev kopBwv. YoAoyioav ermmAEov PepIKEG AAAEG PETPIKEG e
OKOTIO TV peAétn g e§€A1Eng Tou nAekipikou iktuou ot Babog xpovou. Ta arotedéopata
£degav peydleg aldayég ta ipota 20 xpdvia kat pia otabeporoinor v THOV TV PETPIKOV
ta eropeva 50, ta oroia ouvédeoav He 10TOPIKA Yyeyovota OM®G TNV KATAOKEUI] £vOG VEOU
otafpou nmapaywyng EVEPYELAS KAl TV IIPO0OECT VE®V YPAPH®V PETadopdas. LUPMEpAvav
KOG AUTA TA YEYOVOTA EIMTPEACAV KAl TO £EEAIKTIKO HOVIEAO TOU S1KTUoU, apou KatéAngav
iwg 1o diktuo prnopet va katnyoplononOel wg Small-World ta tedeutaia 50 xpovia ng pe-
Aéng toug, aAdd oxt ta rpota 20. H aAlayr) autr) ouvdebnke pe v rpoobnkn drapopwv
erunedwv tacewv oto diktuo. EmmAfov, oupnépavav niog to poviedo Scale-Free dev eivat
AVIUTPOOMITEUTIKO TOU H1IKTUOU aUTOU 0¢ Kaplia Xpovikn repiodo. [65]

H napanidve pedétn ev eival 1 povadikr] mou ArooKorel OTovV EVIOIIONO KAIOl0U &-
EeAMKTIKOU poviédou o nAeKtpikda Siktua, KabBog 1 yvoon auty) XPNOlIPEVUEL OtV EMMAUOT)
ONHAVIIKOV TIPOBANPATOV OIIOG 1] KATAOKEUT] OUVOETIKGOV NAEKTIPIKOV SIKTUMV € OKOTIO TV
TIPOCOH0I®OoN TIPAYHATIKGOV, KAl 1] avAAuon suprotiag. Amo v minbwpa EPEUVOV AV
oe nAektpikd diktua g Euponng, tng Apepikng, kat g Aoiag, epelg ermAéyouie va ma-
pOUClIAo0OUPE, akOun, evéekuka autr] twv Rafael Espejo, Sara Lumbreras, kat Andres
Ramos nave ot 15 Evpenaika Siktua Siavopng nAekipiknig evépyelag. H épsuva autn eivat

evdedexnig katl pedetaet oe Babog v dopr) twv 15 avtov Siktuev, eetaloviag ta erineda
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1dong kabe diktvou Sravoprig (220kV xat 400kV) wg Sexoplotd diktua adda xkat padi. Xpn-
OH0IIOIUV 6 HETPIKEG Yia TV avdAAuon) g TOIoAoyiag tov H1KTUeV, €K T®V OIOI®V AUt
MOU OXETideTal Apeca PE T0 AVIUKEIPEVO 1§ Mmapouodg SUMA®PATIKAG £lval 0 oUVieAeot|g
HIKpOU-KOOPoU 0, Kabwg xprnotporoteital yia v a§loddynorn tou eav éva §iktuo propei va
YewpnBel Small-World. Ta arotedéopata deixvouv nwg otav ta §uo erineda tdong egetdlo-
vtat padi (6nAadr) ouvdualovial oe évav ypado), tote ta diktua diavopng OAwv 10V XOPWV
propouv va Sewpnbouv Small-World. Avubétwg dtav ta emnineda taong egetdloviat Sexmpt-
ota (6nAadr) avunpoonnevovial anod §Uo S1aPpopetkoug YpApoug) pia peloyndia avtov 6ev
propet va SewpnBei Small-World, yeyovog 1o omoio opeidetal otg dradopég otnv dopr) tou
diktuou kabe xwpag. Ta arotedéopata autda gaiveral va cuvadouv 1€ Ta CUPTIEPACHATA TRV

Hartmann xkat Sugar. [3]

BloAoyika Siktua

"Eva akoprn) riedio oto oroio yivovrat ripoortdBeieg eviormopou e§eAMKUKOV OVIEARV eivatl
1a Brodoyikd Siktua, pe okomo v KaAutepr Katavonorn toug. Asdopévou ot dadopa 1on
Brodoyikev Siktuev oniwg ta petaBoAika diktua, ta diktua adAnlsnidpaong npwteivov, Kat
1a Siktua aAdnlenidpaong Kat Ekppaong yovidiov €xouv napatnpndel va cupriepipEpoviat
g Scale-Free 6iktua, ot Raya Khanin kat Ernst Wit antogdoioav va epguvrjoouv eav ovimg
1a BoAoyika diktua priopouv va Jewprnbouv Scale-Free. I'a tov okord autd, ermkevipwOn-
Kav oe Siktua rou eixav 1én tagivoundei wg Scale-Free and dAAoug epeuvitég, ol OIoiot
elyav xpnowponoinoet mv PeB0do g mpooappoyng pag eubsiag otnyv ypadiky] rmapactaor)
g katavopng Babpev kopbwv oe Aoyapdpikn) kAipaxa (log-log plot). Apxika, extipnoav
Tov eKOETN Y (tng Katavourg power law) ylia kaBe éva ano autd, Xprolponoiviag v ota-
Totky péBodo tng péyotng mbavodavelag. 'Enetta, yia kabe diktuo mpaypatoror)dnke
€AEYX0G KAANG TIPOCAPOYHS, WOTe va larmotedet edv mpdypatt auto IPOKUITIEL Ao TV Ka-
tavourn power law rou avtiototxet oto y rou unodoyiotnke. Ta arnoteAéopata tou eA&yxou
autou £6ei8av nwg ta diktua nou e§etactnkav ev Propouv teA1kd va xapaxinpilotouv Scale-
Free, kabwg n katavopr] Babumv kopBwv toug dev akoAoubel katavour power law. TéAog,
ot Khanin kat Wit emmonpaivouv 6t ta anotedéopatd toug cuvadouv pe auvtd tov Stumpf
et al. [66], kat toviouv Vv avdayKn EPLOOOTEPNS £PEUVAG MTAV® OTHV TOroAoyia tv Blodo-
VKoV Siktuev. TIpdyudartt, 10 ep@TNpa oXETKA He 10 e§eAIKTIKO PMOoVIEAO IOU akoAouBouv ta

Blodoyikd Siktua napapével avoiyto. [67]

Airtua Metagpopov

IIpoortaBeileg eVIOTIONOU €EEAIKTIKGOV HOVIEA®V IPAyHATOoloUvIal Kat yia ta Siktua
petagopwv. Ot Bin Jiang kat Christophe Claramunt, pe évauvopa tv xpnowpotnta wmg
avaAuong diktuev oto nedio v Feoypapikwv [MAnpodoplakwv Zuotnpdteov, egétacav éva
OUVOAO XAPAKINPEIOTIK®OV OPIOPEVAV SIKTU®V PETadop®V, oUunIeplAauBavopévou tou Katd
nooo auta ermdeikvuouv Small-World 1) Scale-Free cupriepipopa. Ta Siktua mou egetaotn-
Kav frav 1a odika diktua tou Gavle g Zoundiag, tou Movayou tng leppaviag, kat tou

San Francisco tov HIIA, eve og kptirjplo g napouciag Scale-Free cupriepigpopdg xpnot-

poro)Onke 1 popor) NG YPAPIKAG ITAPACTACNG TG OUVAPTNONG KATAVOUHG IBavotntag tng

m AwinAouatxny Epyaoia
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ouvdeoottag TV 086wV TV NMoAewv ot Aoyaptdpikoug dfoveg. Ta arotedéoparta £de§av
Ol Kavéva aro ta 0d1ka S1KTua autev TV IoAsmv dev xapakinpiletal ano 1o poviedo Scale-
Free. '‘Ocov apopd 1ov €éAeyyxo ntapouoiag Small-World cuprniepipopdg, autog £yive NEOKD T@V
TIHOV TOU PE€00U HNKOUG HOVOIIATIOU KAl TOU OUVIEAEDTH) ouotadoroinong tov Siktumv, ot
ortoieg £6e18av nwg rpdypatt autd Propouv va xapaxktnptlotouv og Small-World. Enopévag,
ot Jiang kat Claramunt katéAngav oto oupriépacpa neg ta 0dika diktua nodewv dev eivat
Scale-Free, aAAd Small-World. [68]

Mia axkoun €peuva 1ou agopd IOV €VIOIMIONO KAIO10U eCeAKTIKOU S1KTUOU ot Hiktuo
petagopwv eival avt v Sen et al., n omoia emKkevip@veratl otV SOPIK avaAuorn Tou
Ivbikou Zidnpodpopikou Awktuou. Zta miaiowa avtd, egetdlouv eav o Siktuo autd propet
va xapaktnpotel og Small-World 1) Scale-Free, xpnoipornowoviag kptmpla mnapopola pe
avtda v Jiang kat Claramunt. Zuykekpipéva, ®G KPrplo evioriopou tou Small-World
povtédou xprnotporniolouvial aAt 1o Méoo Mrjkog Movoratiot kat o Zuviedeotrg Zuotado-
noinong, eve yia to Scale-Free xpnowornolouvial n popen g Katavoung Babpev kopbaov
Kat o ouviedeotr)g ouotadoroinong. Bdaoet tov anotedsopdtav, ot Sen et al. oupnepaivouv
ot 1o Ivdiko Zidnpodpopko diktuo avrkel oty katyopia tov Small-World diktiev, adda
oY1 og auty) twv Scale-Free, kat ekppdaldouv v AToYn MG Ta ATOTEAECPATA AUTA PITIOPOUV

Va YEVIKEUTOUV yid 10 01861podpopniko Siktuo orotacdnrote xopag. [69]

3.2 H ouyxvotnta epgpaviong tou poviedou Scale-Free oe npay-

patika diktua

3.2.1 Ta Scale-free Aiktva Eivatl Zniavia

Ta Scale-Free §iktua artoteAouv SnpopiAég avilkeiplevo PeAETNG OTOV XMOPO TG EMOTHING
diktuev, KaBng Sempeital 0Tl CUVIOTOUV €va PEYAA0 HEPOG TRV IPAYHATIKGOV SIKTUeV. Eve
urapxel mAndopa EPEUVAV IOV UMOOTNPi{el AUTOV TOV 10XUPIOH0, UTIAPXOUV AKOHI TTOAAEG
AAAeg €peuveg TIOU TOV KATAPPITIOUV, YEYOVOG TTOU 1oV Kabiotd apgideyopevo. ErmmrAéov,
1A KPUIrjpla IOU XPNOHoIIolouvidl yld va KatnyoptoroinOet éva diktuo wg Scale-Free Sev
etval ta 16ta oe 0Aeg TG €peuveg, aAAd UMAPXOUV PePIKEG dradopetikeég napardayeg. Ta
yeyovota autd odrjynoav toug Anna D. Broido kat Aaron Clauset oto va d1e§ayouv tnv 61kr)
TOUG £PEUVA OXETIKA HE TNV OUXVOTNTA EPPAVIONG ToU poviedou Scale-Free ota mpaypatika
biktua, pe titho Ta Scale-free Aixtva Eivar Znavia (Scale-free networks are rare). [70]

Ot Broido kat Clauset gpyactnkav niave oe 928 diktua, ta §e6opéva 1V onoimv AviAn-
oav aro 1o Index of Complex Networks (1} ICON). To 53% autev ftav Broloyika diktua,
10 22% texvodoyka diktua, 10 16% xkowevikd diktua, 1o 7% diktua petapopmv, Kat 1o
2% biktua mAnpogopiag, ouprieptAapBavoviag €101 apKETEG KATNYOPIEG MOTE va UIOPEl va
Byet éva o kaBoAikod oupnépaocpa. Ta diktua autd frav emiong dadpoépev peyedov, pe
10 ANB0G T®V KOPB®V TOUG va KUupaivetal anod Pepikeg 8erabeg £mG KAl EKATOPIUPLA, KAl
S1épepav oG IIPOg €va eUPOG 1810THTOV OIS 1] Kateubuvukonta, ta Bapn, 1 XPOVIKI) pe-
taBAntotnta, to av eivat moAuvenineda (multiplex), to av eivat dpepr) (bipartate), kat to av
eival moAuvypa¢rnpata (multigraphs). Eneidn n nmapoucia apKetdV arod autég TG 1610tnteg

odnyel otnv Unapgn roAdwv katavopwv Padbuwv kopBev yia twov 1610 ypado (rapadsiypa-
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106 XApnV yia évav Kateubuvopevo ypado urmapxet n katavoprn in-degree kat n katavopr
out-degree), anoddoioav va daxewpicouv kabe pn ando ypado os ardoug ot oroiot Sa tov
avunpooenievouv. [a napddsiypa, €vag moluerninedog ypdpog pe n emineda «omdsr ot
n armAouotePOUg TIOU AVIIOTOLXOUV Otd £riinedd Tou, Kat Uotepd 0 KABe empépoug ypagpog
Xwpidetat oe akoun armdovotepog avaloya pe TG unddotreg 1610tTég tou, Kat oute Kabetng,
®OTIOU 0AOL Ol ermEpoug ypadot va givat armiot (6nAadr va pnv dabétouv kapia amd tg
161011Eg TIOU TipoavadEpOnKav).

To Baoikod kp1rp1o 1o 011010 XPNO1I0IToiNoav Wote va anodacicouv nota Hiktua Propouv
va 9ewpnBouv Scale-Free fjtav 1o Katd moco ) Katavour) Babuov kopubmv Toug rmpooopotadet
v katavopr] power law P(k) = Ck™%, k > knin > 1, 6rou k o Babpog kopbou, C n otabepa
KAVOVIKOITOiNong, a 1 MapapeTpog g KATAVOUG, Kat Ky 0 eAdxiotog fadpog kopbou yia
tov oroiov {nteitat o1 Babpoi kopBwv va akoAoubouv v katavopr power law. To yeyovog
ot egetddetal Povo 1 Ave oupd NG KATtavourg, arod 10 kn, Kal votepa, Kabotd v erm-
Aoyr) 10U kpyn TIOAU onpavtiky. Autn €yive p€ow tng KAaowkng pebodou edayiotonoinong
Kolmogorov-Smirnov (standard KS-minimization), eve n e§icou onpavukn ermioyr) g na-
PAMETPOU a £y1ve PEO® TOU B1aKPITOU eKTUNt péyilotng rmbavogpdaveiag. H adlodoynorn tou
KATd OO0 1] KATAVOLT] power law 1ou mpoKUITiel aro ta Komin KAl & 10U UTIOAOY10TNKAV ITPO-
OOOLAdEL TNV MTPAYHATIKY] KATAVOL] KOPBOV TOU S1IKTUOU £Y1IVE PEOW EVOG KAAOIKOU EAEYXOU
KAAIG TIPOCAPHOYTG, O OIT010G EMECTPEPE P1a TIUN P O PETPO TNS OPOI0TTAG TOV KATAVOI®V
autev petagyu toug. Emrmfov, n katavour] power law rou aviiotoiyei oto eUyog rapaperpov
(Fmin. @) OUYKPIONKe pe TéooEpelg AAAeg katavopés (exkBetikr), log-normal, power law pe ex-
Yeukn) anokor), kat Weibull) oto tunpa k > kpn PE0® €AEYX0U KAVOVIKOTIOUIEVOU AGYOU
rmbavoddvelag Vuong, OXETIKA 1€ TO IMOlA A0 AUTEG MPOCOPOAdEL TV MIPAYHATIKL Katd-
voun kopBwv kadutepa. Edw Sa mpénetl va onpewbel ot np epappoyr) avtov tov pebodav,
Kat apa n tadvopnor), npaypatonotifnKe otoug armAouoteUEVOUS YPAadousg Kat OXl OTtoug
apx1Kkoug.

‘Eva akopn Baociké xkoppdt tou épyou tewv Broido kat Clauset unfjpée 1 Kataokeur)
niévie Katyoplov Scale-Free diktuwv, cuvoyiloviag €101 1a H1adopetikd Kpitr)pla mou -
pavidoviat oty PiBAoypadia, Kal tTaUTtoXpoveg dSnploupymviag pia KAipaka yia mv oxu

g 1810ttag Scale-Free oe éva iktuo. Ot katnyopieg autég eivat ot e€rg:

e Ynep-ASuvapa (Super-Weak): I'a toudayiotov 50% tov armdev ypdgov, Kapia dAAn

katavopr] dev mpotipdtal avii tou power law

e ASuvapotata (Weakest): T'a touddyiotov 50% twv armov ypdgov, 1] KATAVOUD

power law &ev prnopet va anoppidpOei (p > 0.1)

e Aduvapa (Weak): Ioxuouv ot rpounobéoelg twv Weakest, Kat n meploxr] 1mou mnept-

ypagetal anod v power law katavopr) riepiexet touddaxiotov 50 kopBoug

e Auvata (Strong): Ioxuouv ot potnoBéoelg twv Weakest kat tov Weak, kat tautdyxpo-

va 2 < a < 3 yua touddyiotov 50% tev armlev ypapov

e Auvatdtata (Strongest): Ioxuouv ot rpounobéceg twv Strong yia touddyiotov 90%

1OV armev ypdoov, Kat ot rpolnobéoelg twv Super-Weak yia toudaxiotov 95% twov
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3.2.1 Ta Scale-free Aiktua Eivatl Zrniavia

AoV ypadev

H ta§wounon evég diktuou otnv rpwtn Katnyopia (Super Weak) artotedei éppeor) €voet-
&n ng apouoiag Scale-Free oprg oe autd, evo 1 tadvopnor o€ KAola arnd TG EMOHPEVES
Katyopieg arotedel dpeon €vdeln. Oa mperetl va onpelndel eriong rwg o1 TEO0EPELS TEAEU-
taieg Katnyopieg eival eppwieupéveg, dndadr) av éva 6iKTUO avhKel o€ Pia aro auteg, TOte
9a avrkel Katl o OAEG TI§ AO-TIAV® TG (EKTOG UOIKA aro v Super-Weak). Tédog, yia v

EKTIPOONTN 0T TV Un Scale-Free S iktunv opidetal pia sermummdéov katnyopia:

e Mn Scale-Free (Not Scale Free): Aiktua nou Sev eivat oute Super-Weak oute Weak-

est

Ta arnoteAéopata g Tagvounong tov S1IKTU®V ToU ouvolou Sedopévav otig apandve

Katnyopieg akoAoubaovrag v peBodo mou meptypadpnke ouvoyidovial oto oxfpa 3.1.

e _
Scale Free 456 (0.49)

o Super-Weak | 431 (0.48)
@
z
5 Weakest F 268 (0.29)
< Weak 177 (0.19)
Strong 89 (0.10)

Strongest @ 36 (0.04)
0.0 0.2 0.4 0.6 0.8 1.0

Zxnua 3.1: ITogootd tewv SIKTU®V avd Katnyopia otnv Omoia avkKouv OXETIKA Ue TN 1610TnTa
Scale-Free. Otop1{ovtieg yoaupes x@pidovv tu karnyopia Super-Wealk ano ti¢ eupocupeveg,
Kat ano v Not Scale Free

[70]

'Oneg BAtroupe, 49% tov diktumv Sev propei va YewpnBei Scale-Free, 46% avrkel otnv
katnyopia Super-Weak, 29% avriket otnv Weakest, 19% otnv Weak, 10% otnv Strong, kat
4% otnv Strongest. Ot Broido kat Clauset avéluoav ta arnoteAéopata autd Kal avd Katn-
yopia 6iktuev. Ia ta Brodoyika diktua Bprikav nwg 63% arnd autd ivat pun Scale-Free 1o
33% Super-Weak, 1o 19% Weakest, kat 1o 6% Strongest. [Tapatjprnoav nog 1o peyaiutepo
Bépog tov un Scale-Free Broloyikev Siktuemv ftav diktua puknitov. Mdlilota, 6Aa ta diktua
HUKI OV 1ou e&étacav frav pn Scale-Free, to oroio iowg rtav avapevopevo dedopévng tng
X@pKA egaptopevng dourg toug. 't autov tov Aoyo armopdocioav va e§etdaoouy rota da frav
1a mooootd KABs katnyopiag €av 1o ouvodo Sedopévwv Bev mepieixe 1a diktua PUKLTGOV.
Bprikav niog o€ autfjv v MePIMIaon £vo Td TOCO0Td TV Katnyoptewv Super-Weak, Weak-
est, kat Weak 9a napoucialav onpaviikr auinon, 1 avinon v rmocootev tov Strong kat
Strongest 9a rjtav eAdxiotn, yeyovog Imou onpaivel 0Tt teAkd 1 oUpnepiAnyn twv S1Kktuev
HUKI oV Sev ennpeddel ta molotikd oupriepdopata g épeuvag. ‘Ooov apopd 1a KOIVRVIKA

8iktua ta amotedéopata eixav apketd S1aPopetiky Popdr arnd ta oUVoAKA arnotedéoparta,
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kaBag 10 50% katnyoplororOnke wg un Scale-Free, 10 41% wg Super-Weak, 1o 48% g
Weakest, kat 1o 31% og Weak, aAAd kavéva og Strong 1) Strongest. Ta arnoteAéopata nrav
dlapopetikd amo ta CUVOAKA KAl yia ta TEXVOAOYIRA Siktua, kabng povo 8% autmv Kata-
1axOnkav ota pn Scale-Free, eve 90% katataxbnkav ota Super-Weak, 42% ota Weakest,
37% ota Weak, 28% ota Strong, kat 11oA1g 1% ota Strongest. TéAog, ta Siktua petagpopov
dev elval apketd yla pia aviiotoin rmooootiaia avaiuor, addd napatprdnke nog 0Aa toug
avnkav otg katnyopieg Not Scale Free, Super-Weak, 11 Weakest, eve) kavéva otig Strong
Kat Strongest.

ErumA¢ov, yua va diaopaldiotel ot ta anotedéopata autd dev emnpedotnkav amo v
61a v pébobo agloddynong, mpaypatorow)dnkav t€ooepelg Aeyxol eupwotiag. Ilo ou-
yKekppéva, eAéyxOnke 1o av ermpeddovial uro tg e§ng ouvlnkeg: a) 6Aa ta Siktua rou
egetadovial ival ek @uUoswg ardd (6ndadr) xwpig Papn, pun kateubuvopeva, povoerineda,
Kal X®pig moAu-akpég (multiedges) ), B) n katavour) power law pe ekBetikr) anokorr a-
@aipeitatl anod Tg eVaAAAKTIKEG KATAVOUEG, V) XAPnA®vovial ta mocootidia KatdgAld tov
KA YOPIOV €101 OOTE VA EIUTPEETAL 1] TASIVOUN 0T O AUTEG £Av €0T® Kl €vag el pépoug
arnAdg ypagog mAnpoi ta kpurpia, §) egetddetal n KAHAK®T)] CUPIEPIPOPA TG MPATNG Kat
g devtepng porrg g Katavopurg Badpov kopBev. Ta amotedéopata TV EAEYX®OV aUutoV
£6e1gav nwg npaypartt ot péBodot rou xpnotponot)PnKav Sev U pEav PEPOANITIIKEG.

TeAwkd, o1 Broido kat Clauset cupniépavav g ta Scale-Free diktua ev elvat maviayxou
rapovia, aAdAd oAU Imo oravia aro Ot Urodelkvuel 11 oxetky BiBAtoypadia, Kat neg 1
XP101 TOUG ®G TO apX1KO 0tadlo tng poviedornoinong Kat tng S0PIKAG avaAuong IpayHaATIKeOV
diktuwv eival aBaowun. Emonpavav emiong, neg n mbavotnta epgaviong Scale-Free dopng
aAdddet avddoya pe v Katnyopia tov Siktuev. T'a mapdderypa, ivat rmo mbavo va urapyet
0€ OUYKEKPLILEVOUG TUTTOUG B10AOYIKOV S1IKTUGV KAl TEXVOAOYIKOV H1IKTU®V, KAl ITOAU Atyotepo
mBbavo ota Kowvevika diktua. Ta petapopikd diktua kat ta diktua mAnpogopiag rrav moAu
Atya oote va Byet KArnoo ouprépaopa yt autd, addd Sev urr)pxe KAmola oxupr] Eveiln nog

1 dopr) Toug Srapépet TTOAU Ao TRV UTIOAOITI®V.

3.2.2 Eivat ta Scale-Free 6iktua npaypati onavia; ‘Eva apgpideyopevo {ntn-
pa

To apbpo twv Broido kat Clauset [70] mpokdaAeoe apKeTEG avidpaoelg, akOn KAl Ao 10V
1610 tov Barabasi [71], dnpioupyo tou poviédou Scale-Free, o omoiog svéotn yla v pebo-
doAoyia katl ta cupnepdopata tou npoavapepbiviog apbpou. To apbpo auto oe cuvduaocpo
e TOoV eKTETAPEVO TTPOBANUATIONO NG EMMOTIIOVIKEG KOWVOTNTAG OXETIKA HE TNV oUXvOoTnTd
epgaviong v Scale-Free Siktuwv evénveuoav toug Voitalov et al. [72] va &ie€ayouv v
O1kn Toug €peuva MAve 0€ AUto TO avilkeipevo, Hivoviag kat ot idiol évav auotnpo oplopd
yia ta Scale-Free g amavinon otV acdgela mou undapxetl omv PiBAoypadia, kat npay-
HATOTIO®VIAG OTATIOTIKY] avaAuon o€ éva oUvoAo mpaypatkev Siktuev. Ta anotedéoparta
g €peuvag autrg emBeBaimoav ot roAAd and ta diktua rou eixav PBpebet oto mapeAbov va
etvat Scale-Free sival mpaypatt Scale-Free (oniwg o ITaykoopiog Iotog, diktua aAAnAemnidpa-
ong avopwIMveV MPETEIVOV, §1KTud PEADV KOIVOVIKOV OAadnv, Kat dAAa), oxnpati{oviag pia

dladopetikn €1KOVA Yla TV oUXVOTNTA epudaviong tov Scale-Free Siktuev aro ot 1o apbpo
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3.2.2 Eival ta Scale-Free 6iktua npdypatt ontavia ; ‘Eva apgpideyopevo {ninua

1t®v Broido kat Clauset. Ta i61a yeyovota arotédecav évauopa kat yia toug Liu et al. [73]
va €PEUVIIOOUV TNV oUXVOTNta eudaviong tou poviedou Scale-Free, autfjv v @opad oe &-
propikda diktua. Ta 81kd toug arotedéopata £8eav Meg 1 dopn TWV ERIOPIKOV SIKTUGV
apouotddel PeyaAn mokiAopopdia Aoye tng S1aPopeTIKNAG PUONG TOV EPITOPIKMV ITPOIOVIOV
ou adopd 10 KAOe €va, addd n epgavion Scale-Free Soung dev eivat omavia. Ot 6ot
ermonpavay, ermmiéov, g 1 Aabog Slaxeipion 1OV PApeVv 1OV AKPIEOV 0TAV AUTA AVIIITPOO®-
MEVOUV XOPNTIKOTNTEG PIrtopel va odnyroet otnv niapdaBiseyn g mbaveg Scale-Free doprg
evog d1ktuou.

Mia axképn a§loonueiotn £peuva OXETIKA HE TV oUXVOTNTa £U(PAVIONG TOU HOVIEAOU
Scale-Free oe mpaypatika diktua eival autn twv Artico et al. [74], o1 omoiol 1oxupiotrav
niwg ot Broido kat Clauset [70] kat ot Khanin kat Wit [67] €éBecav unepBoAikda auotnpd
KPLIpla OXETIKA T Hopdr| TG Katavoprg Badbpov Kopbmv evog S1KTUoU ®ote autd va PIopet
va 9ewpnBei Scale-Free, kal epmveuotnkav amno v npoogyytlon tov Voitalov et al. [72] aAAd
KAl AAA®V £pEUVNTIOV OOTE va YEoouv ta kA Toug, AlyOTEPO auotnpd kpttpla. ErmrAéov,
ol Artico et al. tpomorowrjoav 1oUg KAaowkoug eAéyxoug Kolmogorov-Smirnov kat KaAng
TIPOCAPHOYHG IToU Xprnotporioinoav ot Broido kat Clauset, kat Uotepa xpnotponoinocav autég
11§ 1eB0Boug rave oto 1610 oUVoAo Sebopévav e Toug Tedeutaioug Mote va eravagloAoyrjcouv
1a ouprniepdopatd toug. Ta anotedéopata v Artico et al. £6si§av nwg 64% twv SiKTUu®V
rou edetdomkav fnrav Scale-Free, seropévag ot 16101 cuprnépavav nwg ta Scale-Free diktua

TeAka Sev eival omavia, avikpouoviag €101 ToV 10XUp1opo tov Broido kat Clauset.

O mpoBAnuatiopdg oxeTKA Pe v ouxvotnta epdaviong Scale-Free 6opng oe mpaypatt-
Ka diktua bev epgaviotnke BéBaia pe v €ékdoon tou apbpou 1@v Broido kat Clauset [70],
aAldd poUnipxe oxXe6ov amo v otypn g dnuoupyiag tou poviédou Scale-Free to 1999.
'Eva napddetypa nmadaidtepng €peUvag mave O AUTO TO AVIIKEIPEVO arotelel 1o ApBpo tev
Gipsi Lima-Mendez kat Jacques van Helden [75] pe S¢pa v opBotnta dnpodpidev memot-
9noewv ekelvng g eroxrg (2000-2010) oXeTiKA Pe TV oUXVOTnta epdaviong g power law
KATAVOUNG Kat tou poviedou Scale-Free oe Bloloyikd Siktua. 'Yotepa amod otatiotiky) avaiu-
or, ot Lima-Mendez kat van Helden ocupriépavav ot ot €81)g riévie nerodrjoeig eivat pubot:
a) n katavopr] Badbpov kKopbwv tov Ploloyikev iktuev eival i Katavopr| power law, ) ta
Brodoyikd biktua eivat Scale-Free, y) ta petaBodikd dikrua eivalt Small-World, 6) ta diktua
Small-World eivat euadota oe otoxeupéveg ermbeoelg addd ox1 oe tuxaieg Siaypageg, €) ta
Brodoyikd diktua peyaA®vouv PE€ce IIPOVOHLAKEG TTPOooKOAANong (preferential attachment).
Mia, akoun, mapopola €peuva tng Emoxng ekeivng eivatl auvtr) tov Khanin katr Wit [67] rou
MapouclaotnKe oty napaypado 3.1.3, n omoia eriong KataArnyel 0to0 CUPNEPACHA MOG TA
Brodoyikd biktua Sev Pmopouv ev YEVEL va XApaKInplotouv og Scale-Free.

Trv i61a xpovikr mepiodo dnpooievtnke Kat n épeuva t@v Mislove et al. [76] oy o-
roia egetaockav ttoogpa dadiktuakd kowwvika diktua (Flickr, LiveJournal, Orkut kat
YouTube) wg mpog diradopeg 1810tnteg, ouprnieptdapBavopévng g Scale-Free cuprnepigo-
pag. Méow 1oV YpadlKeOV MAPACTACE®V TOV KATAVOU®OV Babpov kopbBaov tov SIKTUmV autov
oe Aoyap1Bpikn rAipaka, ot Mislove et al. cupniépavav neg ta tpia ano ta t€ooepa (CUyKe-
kpwéva to Flickr, to LiveJournal, kat to Orkut) ekdnAwvouv 1oxupn Scale-Free oupriept-

popd. MeAétnoav ermiong 10 KATd MOCO 1] KATavopr] Badpov kopBwv Toug TPocoPotddet v
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power law katavopr), MPAYHATOIOIWVIAS OTATIOTKY] AvAAUOCH AVIioTolXr P autr) IoU Id-
pPOUCIAOTNKE Ot TIpoavaPepOeioeg Epeuveg, KAl KAtéAngav oto Ot Kat ta 1€éooepa autd diktua
napouotadouv power law katavopr| Babpov kopBwv.

Ot ipoavadepBeioeg Epeuveg Sev eivatl, PUOKA, o1 poveg Tou €xouv SieSaxBel ota miaioa
G HaKPAg Kal {®nprg oudl)tnong NG EMOTOVIKEG KOWVOTNTAG OXETIKA HE TV oUXvotntd
epgaviong tou Scale-Free poviélou. [Iépa amnd ta nmepiexopeva g rapouong epyaociag, pia
neplAnYn g oudntnong auvtrg propei va Bpebet oto apbpo tou Petter Holme [77], padi pe

Vv S1K1] TOU OITIKY) TIAVE® OTO CUYKEKPIPEVO {ntnpa.

(44 | MimAcouatxkn Epyaoia
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Kegpalaio ﬂ

MeOob6oAoyia

4.1 Emoxonnon

Zto mapdv KepAaAaio apouotdletal 10 oUVoAo TV 1eB6dmV Imou Xpnotponowfnkav oto
mAaiolo g SUMAGUATIKNAG AUTHS € OKOITO TOV MPoadloplopd TV eEEAKTIKGOV OVIEAG®V TTOU
Xapaktnpidouv €va oUuvoAo MPAYHATIKGV KAl TEXVNT®V S1KTU®V, aAAd KAl TV TUHATONOo)or)

1wV Siktuev ot unodiktua rmou yapaktnpiloviatl arnd S1aPpopetikda eEEAIKTIKA HOVIEAQ.

Tnv Kevipiky 18éa 6cov adopd TV Tagivopnon SIKTUeV o eSeAMKTIKA OVIEAA ATIOTEAEDE
1 eknaibeuon evog ta§ivountr), Tou oroiou 1) eicodog Sa ftav ot TIEG 0PIoPEVEV XAPAKTP1-
OTIKWV £VOG YPAPOU, Kal 1] £5060¢G TO £EEAIKTIKO OVIEAO TIOU XAPAKTNPILEL TOV OUYKERPIIEVO
ypago. To mpwto Prjpa otv dadikacia auty) ftav 1 Aoy TV eSEAIKTIKOV POVIEADV TTOU
9a ouvictouoav tig mbavég e§6doug tou tadivountr). AkoAoUbnoe 1 ermAOYY TOV PETPIKOV
ou 9a Xprnoponolouviav ©g eicodol tou, 1 onoia Paciotnke KUPI®G OTO KATA TTOCO Ol TIHEG
ToUG arokAivouv yia Siapopstikd poviéda. Ermmdéov dnpioupynOnke 1o ouvoAdo 6edopévav
exkraidevong tou tagivournt), PHEOK TS KATAOKEUNS £vOg MANO0UG TeXvNwv SIKTUOV Kabe
€160Ug, KAl TOU UMOAOYIOPOU T®V TIHOV TV ITpoavapepBelonv PNEIPKOV yia KABe éva amd
autd. To emopevo Prjpa anotédeoe o £Aeyxog g eniboong Si1apopev ta§ivopuntov ave oto
ouvolo Sebopévev autd, KAl n €rmAoyr eKeivou Pe v Kadutepn erniboon. O eruAeypévog

Tadvountnig XPnotponot}fnke votepa yia v tagivopnorn 0plopévey mPAayHatikoV SIKTuwv.

'‘Ocov agopd TOV EVIOTUONO TUNHATOV £VOG S1IKTUOU IOV Yapaktnpiloviat amod diagpope-
TKA egeAikTKA poviéda, doxpdotnke éva mAr0og pebodwv Tunuatonoinong pe oKomo va
Bpebel n o akpBrg. Tuykekpéva, 1 KAOe pla epappootnke oe texvnia dikrua mou ei-
xav dnuioupynOel péom g ouvévwong SU0 1] TIEPIOOOTEP®V SIKTUMV S1aPOPETIKOV TUTMV,
KA1 UoTeEpa XPNOTHOIIO)0nKe 0 ETNAEYHEVOS TASIVOUI TG MOTE va TIPO0S10P10TEL T0 EEEMKTIKO
poviédo mou yapaktnpilel 1o kaBe uvrodiktuo. H pébodog pe ta mo axkpiBr] anotedéopa-
1a (6nAadr) autd mmou mpooeyyidayv o mMoAU Vv MPAYHATIKL QUOT TV AVIIoTolXeV S1IKTU®V)
XPNOTHOTIOONKE y1d TOV EVIOIMIONO UIMOSIKTU®V 0Td MPAyHATiKa §iktua rou tagivourénkav
vepitepa, eVe Ta UTOSIKTUA MOV MPOEKUYAV TASIVORNOnKav £retta oe eSeAIKTIKA POVIEAA e

Vv BorBeia tou ermdeypévou tagvountr).
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4.2 Emloyn E§eAiktikdv MoviéAnv

H ermdoyr)] tov e§eAIKTIKGOV HOVIEA®V Ta Ortoia £ytve Ipoortdfela va eviormotouy oe Tpay-
patukd kat texvntd diktua arnotedel Jepediwdeg PEPOG NG Apouong epyaciag. Apxika
npaypatoroinfnke avaliinon oty BBAoypadia, orou Bpédnkav ta £&ng poviéda: Kavo-
vikog 'pagog (Regular Graph), Erdos-Renyi, Gilbert, Tuyxaiog 'eopetpikog I'pagog, Watts-
Strogatz, Newman-Watts, Barabasi-Albert, Waxman, kat Iepapyikog I'pagog (Hierarchic
Graph). E§ autev ta poviéda Erdos-Renyi kat Gilbert avrjkouv otnv katnyopia wev Tuxai-
ov I'padwv, ta povtéda Watts-Strogatz kat Newman-Watts avrikouv otnv katnyopia Small-
World, 1o poviédo Waxman avrkel otnv katnyopia t1ov Xeopikeov Aiktuev, kat tédog o Tu-
xaiog 'emperpikog I'pdgpog avhkel kat oty Katnyopia v Tuxaiov Fpddpev kat oe autr) TV
XopkoV AIKTUGV.

TNV OUVEXELD OPLOPEVA ATIO AUTA aroppipOnKav, pe Kpithpla v ouxvotnta epgaviocrng
T0UG OE TIPAYHATIKA diKTua, Katl v opoldtntd 1oug Pe dAAa poviédd. XUYKeEKpaévd, ot
Kavovikoi I'pdgot katéxouv pia moAu 18iaiteprn popdr) (0Aot ot k6pBot Toug £€xouv Tov 1810
Babpo), n omoia mapouotddetal oe oAU Atya £idn mpaypatkov Siktuev, napadeiypatog
Xdpwv og SiKtua ImOU avarnaplotouv v dopr KpuotdAAev [78]. Ermutdéov, ot Iepapyikoi
Tpagot €xouv v popon Aévipou, 1 omoia €miong MApPouUcladetal o TTOAU OUYKEKPIHEVA
€ldn S1kTU®V, TTIOU TEPLYPAPOUV 1EpapXIKEG oxEoelg (mapadeiypatog xdapv diktua ocuyyévelag)
[15]. 'Ocov adopd v opodnIa 10V H1KTUeV, anopacioape va emIPEYOUHE Vv Xprjon duo
1] TepooldTep®V HOVIEA@V g i8la kammyopiag, pe v edaipeon twv Watts-Strogatz kat
Newman-Watts agou 1o dsUtepo anoteldel (Bedtiopévn) nmapaddayr tou potou [79]. Ano
autd ta 6vo anodaocioape va kpatooupe 1o poviedo Watts-Strogatz, kabog epgpavidetat
oAU 1110 ouxva oty BiBAloypadia KAl OtTig UOAOEg EPEUVEG OXETIKA PE TNV TAa§vopunon)
SIKTUGV Ot eCEAIKTIKA POVIEAQ.

'Eto1, ta poviéda nou xpnowonor|onkav teAdikd frav ta Erdos-Renyi, Gilbert, Tuyaiog
Feopetpirog I'padog, Watts-Strogatz, Barabasi-Albert, kat Waxman, sve) o1 Kavovikoi

Tpagot, ot Iepapyikoi Fpadot, kat 1o poviédo Newman-Watts aroppigpOnkav.

4.3 Emloyn MetplrkoOv AKTUQV

H ermdoyr] v pepikeov SiIKtuov mou xpnotporofnkav og eicodot otov ta§ivopntr)
Eexivnoe mAAL pe pa evbedexr] épsuva otnv BBAoypagpia. Exei Bpebnkav 20 petpikég ot
OIT01lEG PITOPOUV VA MPOCPEPOUV CNHAVIIKEG TTANPOPOPIEg yia v dojr Kal Ty CUNPIEPL-
@OPA &€vog H1KTUOU, Kl eropévag va Bonbrjoouv otnv ta§vopnon autoy oe KAToo e§elt-
KUKO poviédo. Ot petpikég auteg frav ot €§1g: Katavopr) Babpov Kopbev, Méoo Mrjkog
Movornatiou, Atapetpog, Aktiva, Zuvtedeotng Zuotadomnoinong, Evbiapeoikn Kevipikotnta,
Kevipwkotnta ing Eyyuintag, Kevipwkowta g ITAnpogopiag, Kevipikotnta g ApopoAoyn-
ong (Routing Centrality), Kevipikotnta g Fepupwong (Bridging Centrality), ®aopatikn)
Kevipwotnta (Spectral Centrality), Kevipikomta teov [610davuopatev (Eigenvector Cen-
trality), Kevipwkomta Katz, Aardaoiavr) Kevipikotnta (Laplacian Centrality), Kevipikotnta
10V Appovikav, Kevipikotnta g Au0nong (Percolation Centrality), Kevipikoéinta tou $op-

tiou (Load Centrality), ZuvteAeotr)g [TAouoiou ZuAAdyou (Rich Club Coefficient), Zotikotinta
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g Eyyutntag (Closeness Vitality), kat Zuvageta.

Yotepa dnuioupynOnkav 6 texvnid 6iktua, 1o KAbe €va €K TOV OMOIMV KATAOKEUAOTNKE
£101 ®OTe va xapaktnpidetatl aro éva arod ta 6 e§eAMKuKA POVIEAd TTOU ermMALXONKAV TP®-
TUtepa. AmogaoiotnKke, akopr), ta 6iKtua autd va KAtaoKeUaoTouv oAa pe 1o 1610 mAnbog
KOPBwv, €101 Gote va draopaAiotel 6Tl 01 TIHEG TV PETPIK®V dev Sa ennpedaloviav amo 1o
1€yebog TV S1IKTU®V KATd TOV UTTOAOY1010 TOUG IAve ot autd. ErumAéov €yive mpoorabeia
KAl Ol UTTOAOIEG TIAPAPETPOl TOUG va €X0ouv Tig 1d1eg Tiég, 000 auto nrav duvato Kabwg
bev €xouv 0Aa ta poviéda 11g 161eg mapaperpoug (mapadeiypratog Xaptv KArmoa £€X0UV G Iid-
PANETPO TNV TOAVOTNTA OXNPATIOROU AKHLG, VO KATold dAAa 1o mANB0g vémv ouvdEéoenmv
ou {eKVOUV arod kabe kO1Bo).

Ot 20 mpoavagepBeioeg PEIPIKEG UTIOAOYIOTNKAV KAl yia Toug 6 TeXvnToug ypdagpoug,
€101 wote va Starmotwdel 1o katd ndéco 1 kKABe pia rmapouotddetl drapopd oTig TIHES TG Yid
Slagopetika poviéda, Kat 1o av gival ePpikto va urnodoylotel yla €éva peydlo nmirfog Siktumv
péoa oe €va gUvloyo Xpoviko Sidotnpa. ITo avadutikd, yia kabe PETPIKI) UMOAOYIOTNKE 1
TP NG yia Kabe Evav anod 1oug ypadoug, epocov autr) eival povadikn avd ypdeo (0neg ya
v Zuvagela), 1] n Katavopr g, 1 PEon 1PN g, Kat n Siaocmopd g, Epocov autr) opidetat
y1la 6Aoug toug KOpBoug evog ypdgou (mapadeiypiatog Xxaptv o1 Kevipikotnteg). EmumAéov, yua
KAOe petpikr) unodoyiotnke n Staomopd g PEong (1) g povadikng) TPng g, ONnKg Kat o
ouVIeAeoTng H1a0TIOPAG NG TIPNG AUTHG, MG IO AVIIKEIPEVIKO PETPO TG 61aKUIIavong eV
TIHOV TG PETPIKIG avdAoya He 10 povieédo evog diktuou (kabag to péyebog tng draomopdg
eCaptatal aro to peyebog g PEong TG, £Ve 0 ouviedeotr|g Staoropdg Sev eprepiExet v
e€aptnon autr)). TéAog, yia KABe PETPIKT] UTIOAOYIOTNKE O XPOVOG EKTEAECT|G TOU UTIOAOY1OH0U
G ava S1KTUOo, 0 CUVOAIKOG XPOVOG EKTEAEOTG KAl Yia ta 6 texvntd diktua, onwg Kat 0 AGyog
TOU ouvtedeotrn] §100TI0PAG TNG TIPOG TOV GUVOAIKO XPOVO EKTEAECTG NG, WG METPO mMidoong.

'Enetta npaypatornotr}fnke oUVOALKI) €ITIOKOMN O €Il TV arnotedeopdtov, Aapéavoviag
U oY TS TIPEG IOU UTtoAoyiotnkav, addd Kat Ti§ IO0TIKEG S1aPopeg OTIS POPPES TV
KATAVOP®V, Y1a OIOleg PETPIKEG AUTEG UMHPXAV. ZUYKEKPIHEVA, yia KAOe petpikn) aglodo-
yNOnkav Setikd o1 H1adopéG OTIS KATavoEG Katl OTig HEOEG 1] armAég Tipég ava diktuo, onwg
KAl Ol OUYKPITIKA peyddeg tipég g daoropdg g Péong 1) aring Tng, toU CUVIEAEOT)
g 61a0T0pAg, Kat Tou AOYOU TOU OUVIEAEOT!] NG H100TIOPAG TIPOG TOV XPOVO EKTEAEONG, EVR
apvhuka aglodoyndnkav ot peydlotl xpovol exktédeonsg. 'Etol, adodtou aroppipdnkav opt-
OPEVEG HETPIKEG AOY® UTEPBOAIKA PeyAAOU XpOvou eKtéAeong 1) AAA®v mpoBAnpdtov Katd
TOV UTIOAOY10P0 ToUg, ertAéxOnkav ot £§1)g 7 Tou Kpibnke 0Tl Mapouo1adouv apKetd peyaleg
Slapopég ava povigdo wote va ermteuxOei pia Kadr) ermidoon tou tadvount): Katavopr
Badpov Kopbwv, Méoo Mrikog Movonatiou, Awapetpog, Kevipikotnra tng Eyyutn-

tag, Kevipikotnta tng IIAnpogopiag, Kevrpirotnta tov Appovirov, Kat Zuvageta.

4.4 Anpoupyia Zuvodou AsdopeEvev

To ouvoAo 6edopévav yia v ekraibeuorn kat v agloAoynor tou tadvopnty) dnpioup-
yNOnke kataokeualoviag 100 ypdgoug yia kabe e§eMKTIKO povigdo ue v Borbela tov a-
VTioTtoX®Vv ouvaptnoe®y g BBA100r1kng NetworkX tng yAwooag ripoypappatiopou Python,

1 oroia eival auty) MOU XPNOOIoONKeE yla TNV UAOIIOINOT TOU MEPAPATIKOU PEPOUS TG
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epyaoiag pag. Ta kdabe évav and toug 600 autoug ypddoug UTOAOYIoTNKaAV £TITAEOV Ol
TPEG TRV HETPIKOV TTOU erMAEXONKav oG €icodot tou tadvounty, €10l ®ote KAbe ypagpog va
AVTUTPOO®ITEVETAL OTO CUVOAO HeHOEVHOV ATIO TO POVIEAO TOU (TTOU ATIOTEAEL TNV ETIKETA TOU),
KAl TG TIHEG TV ITPOoavadePBEIonV PETPIK®OV UTTOAOYIOPEVRV TIAV® o autov. To 80% twv
yPad®v tou ouvolou Sedopévav (6nAadr) 480 ypdgot) emAéxOnkav pie Tuxaio tpomo ®wote va
aroteAé00UV 10 0UVOAO Sedopévav ekmaideuong Tou tagivountr), eve To urtdAoiro 20% (120

YPA®o1) xprnolpornolrifnke og 1o ouvolo dedopévav eAEyxou Tou.

4.5 EmAoyn Tafivopnty

H ermdoyr) tou kataAAndou tadivounty) €ytve pe v Porbeia tou Saypappatog mg et-
Kovag 4.1, rou mpoépxetat aro ta fyypadpa tmg PBAobrkng scikit-learn tng Python [80].
Zuykekpéva, Sekvaviag aro mv apxr] (START) tou daypdppatog akoAoubrOnke 1 rpo-
Tevopevn 61adpojir) TIOU MPOKUITIEL AMIAVIOVIAS KATAPATIKA 0TS EPWINOELS AV UITAPXOUV
nave ano 50 detypata, av nmpoBAénetal karmowa Katnyopia, av ta dedopéva £€xouv etketa,
Kat av ta delypata eival Atyotepa ano 100000. H Swabpour) autr) obnyel otov tadvount)
Linear SVC, enopéveg autdg arotédeoe £vav ard toug uroyrploug tasivountég yia to ma-
pov pdBAnpa tadivopnong. Me oxkoro va Bpebel o BéAtiotog tagivournng yia to rpdBAnpa
autod, akodoubnbnke n Swadpopr) mou avriotokel otnv Kakrn Asttoupyia tou Linear SVC,
Uotepa otV anoucia 8ebopévav KEEVOU, Katl TEAOG OV KAKI] AL1TOUpyia ToU taivopnty
Ic-Nearest Neighbors (agou mpootéfnke BéBaia kat autdg otnv Alota pe Toug uroyngioug).
H 6wadpoyur) autr) kataAfjyet otov ta§vopntr) SVC kat oy katmyopia tv Ta§ivountov Zu-
voAou, ano v ornoia emAéxOnkav o1 Ada Boost, Gradient Boosting, Random Forest, kat
Bagging og unoyr¢tot.

'Eto1, 10 0UvoA0 TtV uroyndpwv tadivountov arotedovtav ard toug Linear SVC, k-
Nearest Neighbors, SVC, Ada Boost, Gradient Boosting, Random Forest, kai Bagging. Zwnv
ouvéxela autoi ot tadvopntég aglodoynbnkav rave oto ouvolo dedopévav tou rpoBAnpatog,
Baoel tov petpkav precision, recall, accuracy, kat F1 score. EmAéxOnke autdg pe v
HeyaAUtepn TN TOV MAPANIAVE HPETPIKOV (otnVv nepimwor pag o Random Forest), kat
unoAoyiotnke o ITivakag ZUyxUong T0U £101 OOTE VA ATIOKT 00UV ASTTIONEPELEG OXETIKA JIE TIG
aduvapieg tou. ErmumAéov nmpaypatonow)Onke MeAéwn Agpaipeong (Ablation Study), énAadn
ertavaglodoynorn g eniboong tou tagivopnt) petd amo v adaipson kabe piag ek v
HEPIK@V OtV 10080 TOU, £101 WOTE VA EGETACTEL TO EVOEXOEVO KATIOA ATIO TG PETPIKEG TTOU

XPNOIoTIomOnKav va Xe1potePeVel v eriboot| tou.

4.6 Tafivopnon IIpaypatik®Ov AlKTI®V

Ta nipaypatkd diktua ta oroia ta§ivopndnkav og rpog 1o e§eAIKTUIKO 1OVIEAO TOUG ota
mlaiola g mapouong epyaociag ermiexOnkav kuping amo 1o Index of Complex Networks
1) ICON (https://icon.colorado.edu/networks), aAAd kat and v Zuldoyr) Asdopéveov Me-
yaAev Aiktuev tou naveruotnpiov Stanford (https://snap.stanford.edu/data/), ta apyeia
tou nipot¢ext KONECT tou naveruotnpiouv tou Koblenz-Landau (http://konect. cc/), Kat v

mAatpoppa Kaggle (https://www.kaggle.com/). Ta diktua autd napouoiadouv nowkidia oty
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Zxnpa 4.1: Awaypaupa oxetka pue mu enLAoyn 10U 0@OTOU ajlyopiduou Unyavikig uadnong
avajoya pe 10 £i60¢ ToU MPo6ANUarog Kat 1ig TapapuETPous 1o

[80]

Hop®r) Toug, H1e 1o TIANO0G TV KOPBKOV KAl TOV AKP®V TOUG VA KUPAIVETAL Ao eKATOVIAdeg

£€0g Katl 6exadeg X1A1adeg, kat T1g 1810TNTEG KAl TIG KATNYOPIEG TOUG va dradpEpouv.

Yuykekpéva, ta diktua rnou ermdA€ymKav nuav ta e§ng:

Football: Kowvovikoé diktuo, pe 115 kopboug kat 613 axkpeg, ano to KONECT. Mn ka-
teubuvopevo, xopis Papn. Aiktuo naxvidiov apepikavikou football petaiy kodeyiov

10 POwoTI®PO Tou 2000.

GOT: Kowwviko diktuo, pe 114 kopBoug kat 396 kopBoug, ano to Kaggle. M ka-
teubuvopevo, xopig Pdpn. Aiktuo adAnderubpdoewv Petady v XApaKpev g 5ng

oedov g Aeontikng oelpag Game of Thrones.

Email-EU: Kowoviké 6iktuo, pe 1005 képBoug kat 25571 axkpég, aro 1o Stanford.
KateuBuvopevo, xwpig Papn. Alktuo nAektpovikig adAnAoypagiag.

AdvogatoTrust: Kowaviko iktuo, pe 6541 kopBoug kat 51127 akpég, aré to ICON.
KateuBuvopevo, pe Baprn. AIKTUO TV OXECE®V EUITIOTOOUVNG HETASU TV XPNOTOV TOU
Advogato.

MorenoCrime: Kowwoviko diktuo, pe 1380 kopBoug kat 1476 axkpég, aro 1o KONECT.
Mn kateuBuvopevo, xwpis Bdapn, Kat Sipepeg. AIKTUO TMOU KATAYPAPEL TNV AVAPEL-
&1 oplopévev mpoownev (aplotepd PEPOS Tou ypdgou) pe eykAnpata (5e€i pépog tou
ypagou).
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e NetScience: Kowaviko diktuo, pe 1589 kopBoug kat 2742 axkpég, ano 1o ICON. Mn
kateuBuvopevo, e Bdprn. Alktuo cuvepyaoiag PETaiy EmMOTnPoOvVeV yia Ty ouyypaon)

dnpootlevoewv oto Tedio g emotung S1KTUGV.

e Euroroad: Aiktuo petadopov, pe 1174 kopBoug kat 1417 akpég, arnd to ICON. Mn

rateubuvopevo, xopig Bapn. O6ko diktuo E-§popav, kuping oty Euponn.

e ChicagoRegional: Aiktuo petagopmv, pe 12982 kopboug kat 39018 akpég, amnod to
ICON. KateuBuvopevo, xwpig Baprn. Aiktuo 061krg kukAodopiag petadu diactaupaoe-

v oto Chicago, Illinois tov HIIA.

e Flights-FAA: Aiktuo petagopov, pe 1226 kopBoug kat 2615 akpég, aro to ICON.
KateuBuvopevo, xopis Bapn. Aiktuo agporopikev Siabpopwv, amnd v Baon dedo-
Pévav potipepevav dtadpopov tou EBvikou Kévipou Aedopévav [noewv (NFDC) tng

Opoornovdiakrg Atoiknong ITtnoewv (FAA) tov HITA.

e Bristol: Aiktuo petagopav, pe 3731 kopBoug kat 3101 axkpég, aro to ICON. Mn

Kateubuvopevo, xopis Bapn. Aiktuo Stadponcdv Acwdpopeiowv oto Bristol tng Ayyliag.

e Coach: Aiktuo petagopaov, pe 3915 xkopBoug kat 3228 axkpég, and 1o ICON. Mn

kateubBuvopevo, Xepig fapn. Aiktuo dadpopcv rovApav oto HB.

e YuYeast: Bioloywko diktuo, pe 2018 xkopBoug kat 2930 axpég, anod to ICON. Mn
kateubBuvopevo, xopig Pdpn. Alktuo npoteivik®v adAndembpdoemv OTtov PUKNa S.

cerevisiae.

e BacillusMegaterium: Bioloyko 6iktuo, pe 4179 képBoug kat 5644 akpég, arno 1o
ICON. Mn kateuBuvopevo, Xopig Baprn, kat Sipepeg. MetaBoAko §iktuo tou Baktnpiou

Bacillus megaterium.

e Malaria: Buoloywkd Siktuo, pe 307 kopBoug xkat 1446 akpég, and 1o ICON. Mn
Kateubuvopevo, Xwpig Baprn, kat amotelet éva ano ta enineda evog peyaiutepou, 1o-
Auveninedou ypagou. Aiktuo avacuviuaopévev yovidiov avilyovev tou avlporivou

napdaottou g eAovooiag, P. falciparum.

o Fullerene: Xnuwko diktuo, pe 3840 kopBoug kat 5760 axkpég, ano to ICON. Mn
rateuBuvopevo, xepig Bapn. Aiktuo Seopmv petadt twv atdpev avpaka oe €va 1op1o

(ouAepeviou.

e PowerNet: Texvoloyiko Siktuo, pe 4941 kopBoug kat 6594 akpég, amno 1o ICON. Mn
kateubuvopevo, xopig Bdpn. Aiktuo mou avarnapiota 1o HAektpikd AiKtuo AUTIK®OV
[ToAutedv wov HITA. Enpeiwon: XpnoworoiOnke and toug Watts kat Strogatz yua

v dnpooisuon oty oroia eonyayav v évvold tov Small-World Siktuev [21].

e R-Dependancies: Texvoloyiko Siktuo, pe 2471 xkopBoug kat 5451 akpég, aro 1o

ICON. KateuBuvopevo, xopis Papn. Aiktuo e§aptfioenv petal MakEtov g yAwooag

npoypappatiopou R.
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Ta napanave diktua unéotnoav ernegepyacia npv v £10066 toug otov tadivopntr. Ap-
XKd, 0001 ypddol NTav Kateubuvopevol PETATPAIKAY O 111 Kateubuvopevoug, ayvooviag
Vv Kateubuvon v akpov toug. EmrmAéov, amopovabnke 1 peyaAuteprn OUVEKTIKI] OUVI-
otoda 0A®V TOUg, TAVR OTNV oroia rmpaypatornow)fnke apyotepa 1 taiivopnon Kat 1 tun-
patoroinorn. Ot TPOIOTIOW)0Elg AUTEG £yivay €101 ®OTE va givatl uvato va UmoAoyloTouv ot
HEIPIKEG TTOU eMMAEXONKAV YA TOUG OUYKEKPIPIEVOUG YPADOUG, AdOU OPLOUEVEG ATTO AUTEG

bev opidovral yia pn ouvdedepévoug, 11 Kateubuvopevoug ypapoug.

4.7 Emoyn Me0o6ou Tpnpatonoinong Atktuwv

Me oxkomo Vv eupeon g RéAtiotng pebodou tunpatomnoinong diktiewv os urodiktua
pe Slapopetikd eGeAIKTIKA HOVIEAQ, KATAOKEUAOTNKAV apX1Ka 5 ouvOeta texvnua ikrua,
ouvevovoviag dAda texvnia diktua mou xapaxktnpifoviav aro éva povadiko e§eAKTUKO 10-
Vviedo 10 KABe €va. ZTUYKeEKPEvd, Tad Poviéda SiKtumv ta omoia cuvbudotnkav niav ta
e€rg: Barabasi-Albert pe Random Geometric, Barabasi-Albert pie Watts-Strogatz, Watts-
Strogatz pe Erdos-Renyi, Waxman pe Random Geometric, xkat Gilbert pe Waxman. Ot
EVAOOEIS AUTEG TIPAYHATOOWONKAV ITPooBETOVIAg AKHEG PMETASU TV EMPEPOUS YPAPWY, EITL-
Aéyoviag 1oug KOPBOUG OTOUG OTIOI0UG AUTEG TIPOCEITIITIAV He TuXaio tpomo. Yotepa epap-
poomrav dadopeg peBodot tpnpatornoinong ndve otoug 5 autoug ypdooug, aroppidpOnkav
0001 UTIOYPAQOo1 artd autoug ToU MPOoEKUWaAv 1tav moAu pikpoli yia va ta§ivoundouv (6nAa-
61 ooot eixav Atyotepoug arnd 20 k6pBoug), Kat ot urtdAourtot ta§ivoprOnkav oe eSeAKTKA
povtéda, pe v Bonbela tou ermAeypévou tagivopntr).

Ia kdBe €606 urmodoyiotnke mMITAL0V 10 MARHO0G TOV UMOYPAP®OV ITOU IPOEKUYPAV, TO
Béyebog tov unoypddwv autwv, o mindog twv opbd tadivounpévev unoypdponv kabwg Kat
10 Af00g v 0pOa tadivopunpévev KopBmv ouvolika yia tov ypdgo, to modularity tng 6ia-
BEPoTG, KAl 0 XPOvog eKtéAeonq. (Enueiwon: Evag kopBog SewmpriOnke opba taivopnuévog
av 0 uroypagog otov oroio avrke tadivourfnke oto 1610 poviédo pe Tov ypdado aro tov
OIt010 AUTOG TIPoEPXOTaV, v £vag uroypapog Jewprdnke opbd tagivouniévog av toudayt-
otov 70% twv kopBwv tou frav opba tadivopnpévor.) To mo onpavikod KPLrplo frav ot
UTTOYPAPOL VA AVI)KOUV OTd £EAKTIKA POVIEAd TV OUVICTOOMV TOU YPA(OU Ao TOV Oroiov
nporjABav, kat povo oe autd. Tautdxpova, adlodoyr|Onkav Seukd ta peydda mAnon opba
KATAVEPNPEVRV UTIOYPAd®V Kat KopBwv, kat ta peyada modularity, eve ot peydalotl xpovot

extédeong aglodoynOnkav apvnuka.

4.7.1 Evtomopog Kowvotitwv

'‘OAeg o1 peBodot mou xpnotporo)dnkav avikav oty Katnyopia tov adyopibpwev evio-
MOoPoU Kowvottewv. H emdoyn tov aAyopiBpuev rmou SokipIdotnKkav €yive Je Kpupla v
SlapopeukOTTA TOUg PETASU TOUG WG IPOG TOV TPOTIO ITOU AE1TOUPYOUV (£101 WOTE va eAey-
X00Uv apketég H1aPopeTikEg IPOOEYYIoELg), KAl TV SUvatotnTa UPECTG KATTO1AG UAOTIO0NgG
Toug. Autoi rou XprnowponowPnkav teAdika nrav ot Girvan-Newman, Walktrap, Infomap,
Leiden, kat Spectral Clustering, eve o1 uAornoifjoeig toug Bpednkav otig B1BA0Onkeg cdlib,

networkx, kat sklearn tng Python. Metd v agiodoynor) toug, ermdéxOnke o Leiden.
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Znpeicon: Adyw tou urepBoAikda peydlou xpovou exktédeong tou adyopibpou Girvan-
Newman mdave ota 6iKtua Tou Kataokeudotnkav (mave and 1 opa oe Oplopeveg TiePtl-
MIMOOELS), XPEIAOINKE Va KATAOKEUAOTOUV dAAa, pikpotepa diktua pe ta i61a povieda, €rot
wote va gdeyxBel n emiboon) Tou. To yeyovog AUTO AUTOPATNG ATIEKAEI0E WG EVOEXOIEVO
v xpron ou Girvan-Newman yta tyv THNIATONOINO! IOV MPAYHATIKGOV SIKTUGV, KAO®g
1a MEPLOOOTEPA ATIO AUTA £XOUV APOPo10 ANO0g pe ta mpota texvhta diktua mou Kata-
okevaotnkav. Ilap’ 6Aa autd, anodaociotnke va edeyxOel kat n dikn tou emnidoorn, Kabwg
9a pmnopouoe va arnodeixOel xprioliog os pia epappoyr] pe Pikpotepa diktud, MEPIOCOTEPO

61a0€01110 XPoOvo, 1) KaAUTEPOUG UTIOAOY10TIKOUG TTIOPOUG.

4.8 Tpnpatonoinon paypatik®dv AtKktiev

Agpotou emdéxOnke n BéAtiotn p€Bodog tunpatornoinong S1Ktuev, aut) epappooTnKe
Kal ota mpaypatika diktua nmou avapeépbnkav otnv rapaypado 4.6. 'Etot, evioriomkayv ta
TUAPATA Toug mou Xapaktnpiovial arod diapopetika e§eAikukd poviéda (padi pe to peyebog

TOUG), Kat To Imola PoviéAda eivat autd.
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Kegalaio E

AnotesAéopata

Y10 KEPAAAI0 AUTO TTapouctadovidl ta arnoteAéopata 1oV Pefodnv Kal tov Mmelpapdtoyv

IOU IEPyPAPnKav OT0 IIPONyoupevo Kedpddato, padl pe KAmoleg mapatnproelg nave os

autd.

5.1 Emoyn MetptrkOv AlKTU®V

[Mapaxkdte napabétovial ta arotedéopata yia KABe PETPIKY) Sexwplotd (Petd and otpoy-
yulornoinon oe 600 Sexadika Yynoia eKt0g av avapépetatl KAt S1apopeTiko), Kabwg Kat pa

OUVOAIKT) OUYKplon petady autov. Ot katavoiég dev riepidapBavoviat yia oikovollia Xwpou,

alAld propouv va BpebBouv oto aviiotolxo apxeio.

5.1.1 Katavoprn Badpov Kopbov

[Tivakag 5.1: AnoteAéopara yra mv Katavoun Baduwv Koubov

Méon Tipn | Awaonopa | Xpovog ExtéAdsong (s)
Erdos-Renyi 10 9.64 0.51
Gilbert 499.47 246.78 0.28
Random Geometric 480.22 18438.10 0.33
Small-World 4 1.47 0.57
Scale-Free 9.95 98.23 0.31
Waxman 40.23 42.55 0.38
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5.1.2 Méoo Mfjrog Movonatiou

[Mivakag 5.2: Anotefléouara yia to Méoo Mnrxog¢ Movonatiou

Twan | Xpovog ExtéAeong (s)
Erdos-Renyi 3.25 2.95
Gilbert 1.50 2.21
Random Geometric 1.55 13.80
Small-World 5.58 0.55
Scale-Free 2.99 0.55
Waxman 2.15 0.55

5.1.3 Auwapetpog

ITivakag 5.3: AnoteAgouara yia mv Aiduetpo

Twpr | Xpovog Extédsong (s)
Erdos-Renyi 5 0.6
Gilbert 2 0.43
Random Geometric 3 6.43
Small-World 10 0.92
Scale-Free 0.96
Waxman 0.93

5.1.4 Axtiva

Mivakag 5.4: AnoteAsouata yia v Aktiva

T | Xpovog ExtéAeong (s)
Erdos-Renyi 4 0.58
Gilbert 2 0.42
Random Geometric 2 6.47
Small-World 7 0.53
Scale-Free 3 0.55
Waxman 3 0.52
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5.1.5 Zuvtedeotrg Zuotadoroinong

5.1.5 Zuvtedeotng Luotadonoinong

[Mivakag 5.5: AnoteAéouata yia tov Zuviefeotry Zuotadomnoinong

Méon Twnn | Araonopa | Xpovog ExtéAeong (s)
Erdos-Renyi 0.01 0] 0.22
Gilbert 0.50 0] 64.08
Random Geometric 0.77 0.01 59.61
Small-World 0.07 0.02 0.18
Scale-Free 0.04 0 0.28
Waxman 0.04 0 0.66

5.1.6 Evdiapcowki Kevipikotnta

[Tivakag 5.6: AnoteAéopata yra v Evbiapeowcn Kevtpuomnia

Méon Tipn | Awaonopa | Xpovog ExtéAdsong (s)
Erdos-Renyi 0.0023 0 4.24
Gilbert 0.0005 0] 93.76
Random Geometric 0.0005 0] 69.68
Small-World 0.0046 0] 3.60
Scale-Free 0.0020 0] 5.03
Waxman 0.0012 0 9.21

H otpoyyuldomnoinon ng péong tung £yve ota 4 Sekadikd ynoia, AOy® g oAU HiKpng
g mg. H tpn g Staomopdg kupawvétav andé my taén ou 1072 éeg v tafn tou 107°

yla 6Aoug toug ypddoug, eropévag otpoyyuldono)Onke oto O raviou.

5.1.7 Kevipwkotnta tng Eyyvtntag

[Mivakag 5.7: AnoteAéopara yia v Kevipucotnta g Eyyutntag

Méon Tipn) | Awaonopa | Xpovog ExtéAdsong (s)
Erdos-Renyi 0.31 0.0002 1.26
Gilbert 0.67 0] 0.51
Random Geometric 0.65 0.0052 6.60
Small-World 0.18 0.0001 0.71
Scale-Free 0.36 0.0007 0.71
Waxman 0.47 0.0002 0.67

H otpoyyudoroinon tng Staomopdg £yive ota 4 dekadikd yndia, Adyem g MmMOAU HIKPNS
THAG WG,
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5.1.8 Kevtpwkotnta tng IIAnpogopiag

[Tivakag 5.8: AnoteAéopara yia v Kevipwotta g I1Anpogopiag

Méon Twpy] | Awaonopa | Xpovog ExtéAeong (s)
Erdos-Renyi 0.0041 0 2.71
Gilbert 0.2498 0] 4.75
Random Geometric 0.2249 0.0010 4.46
Small-World 0.0012 0] 1.08
Scale-Free 0.0034 0 2.80
Waxman 0.0193 0 2.64

H otpoyyudoroinon g péong tpng Kat g daomopdg éylve ota 4 dekadikd ynoia,

A0Y® T®V MOAU HIKP®V TIHGOV TOUG.

5.1.9 Kevipikotnta tng ApopoAoynong

[Tivakag 5.9: AnoteAéouara yra v Kevipikomnra tng Apopofdoynong

Méon Twpyy | Awaonopa | Xpovog ExtéAsong (s)
Erdos-Renyi 0.0053 0 27.10
Gilbert 0.0018 0 1108.39
Random Geometric 0.0022 0] 880.34
Small-World 0.0095 0 6.06
Scale-Free 0.0049 0 22.61
Waxman 0.0034 0 90.05

H otpoyyulornoinon g péong tipng €yve ota 4 derkadika ynoia, AOym g IOAU PIKP1S
tpng mg. H tpr g Stacropdg kupawdtav andé v taén ou 1072 éog tv tafn tou 1072

yla 6Aoug Toug YpAgoug, eMOPEVRg otpoyyuloro|Onke oto O aviou.

5.1.10 Kevrpiwkotnta tng 'epipwong

[Tivakag 5.10: Anoteflsouata yia thv Kevipwomnia g I'epupwong

Méon Twp] | Awaonopa | Xpovog ExtéAsong (s)
Erdos-Renyi 0.000207 0 4.1
Gilbert 0.000001 0 92.83
Random Geometric 0.000001 0 70.04
Small-World 0.001095 0] 3.25
Scale-Free 0.000123 0 4.07
Waxman 0.000028 0 9.19
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5.1.11 &aopaukr Kevipikotnta

H otpoyyulonoinon g péong Tpng £yve ota 6 dekadikd ynoia, Adyem tng oAU PKpHg
mung mg. H tan tng Staomopds xupawvotav and mv ta€n tou 10717 ¢mg tv téén tou 1077
yla 0Aoug toug YpAdgpoug, EMONEVES oTpoyyuAoro)Onke oto O maviou.

5.1.11 <Paopatrn Kevrpirotnta

O UTIoAOY1010G TNG OUYKEKPIIEVNG HEIPIKTG Hev ntav duvatog, Kabag mapouoiactnkav
mpoBAnpata Katd v eKTEAEOT] ToU, Kal dev Bpébnke Sradopetiky vdoroinor. Qg amotéAe-
opda, 1 EACHATIKY] KEVIPIKOTNTA anoppipOnke autopdteg.

5.1.12 Kevrpirotnta tev Idt0étavuopatwv

[Tivakag 5.11: Anotefléopata yia v Kevipuoma teov Idiodiavvopudtov

Méon Twpny | Awaonopd | Xpovog ExtéAeong (s)
Erdos-Renyi 0.0297 0.0001 0.22
Gilbert 0.0316 0] 0.49
Random Geometric 0.0301 0.0001 0.94
Small-World 0.0279 0.0002 0.27
Scale-Free 0.0219 0.0005 0.20
Waxman 0.0312 0 0.23

H otpoyyudornoinon tng péong tpng kat g diaomopdg £yve ota 4 derkadikd ynoia,

AOY® T®V TTOAU HIKP®V TGOV TOUG.

5.1.13 Kevrpwkotnta Katz

[Mivakag 5.12: Anotedéouata yia v Kevipudtnia Katz

Méon Tipn | Alraonopda | Xpovog ExtéAdsong (s)
Erdos-Renyi 0.0297 0.0001 0.17
Gilbert 0.0316 0 0.48
Random Geometric 0.0301 0.0001 0.90
Small-World 0.0279 0.0002 0.39
Scale-Free 0.0219 0.0005 0.27
Waxman 0.0312 0] 0.29

H otpoyyuldonoinon tng péong Tipng Kat g diaoropdg £ytve ota 4 dekadikda yneia,

AOY® T®V MTOAU HIKP®V TIPGOV TOUG.

5.1.14 AamAaociaviy Kevrpirotnta

O UToAOY10116G TG OUYKEKPIHEVNS HETPIKNAG SijpKnoe ave arod 60 Aermtd, Ki €101 Aro-

(PACIOTNKE VA OTAPIATIOEL I] EKTEAEOT), KAl va anoppipOel autopdatng.
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5.1.15 Kevipikotnta tov ApHOVIROV

[Tivakag 5.13: Anotejléouata yia thv Kevipikomnia tov Appuovikov

Méon Twpr] | Awaonopa | Xpovog ExtéAeong (s)
Erdos-Renyi 324.49 276.91 1.62
Gilbert 749.24 61.70 0.83
Random Geometric 734.74 5401.68 7.32
Small-World 192.49 141.64 0.97
Scale-Free 351.10 928.90 0.91
Waxman 487.90 141.17 1.35

5.1.16 Kevrpkotnta tng Aujénong

[Mivaxkag 5.14: Anotedéouata yia mv Kevipudta g Amdnong

Méon Twuyy | Awaonopa | Xpovog ExtéAsong (s)
Erdos-Renyi 0.0023 0] 4.97
Gilbert 0.0005 0 92.28
Random Geometric 0.0005 0 70.73
Small-World 0.0046 0 3.47
Scale-Free 0.0020 0 4.88
Waxman 0.0012 0 10.23

H otpoyyuldonoinon tng péong tpng £yve ota 4 Sexkadikd ynoia, AOyw g oAU PIKPNg
g ms. H tjan g diaomopdg kupawdtav and my té€n ou 1072 éeg v takn tou 107°

yla 6Aoug toug ypdgoug, EMOPEVRG oTpoyyuAoro)fnke oto O raviou.
5.1.17 Kevtpirotnta tou Poptiou

[Tivakag 5.15: Anotefléouata yia v Kevipucomnia tov Poptiov

Méon Twpy] | Awaonopa | Xpovog ExtéAdeong (s)
Erdos-Renyi 0.0023 0 4.79
Gilbert 0.0005 0] 72.20
Random Geometric 0.0005 0 60.41
Small-World 0.0046 0 2.73
Scale-Free 0.0020 0] 4.39
Waxman 0.0012 0 7.97

H otpoyyuloroinon tng péong tipng €yve ota 4 dekadika yneia, AOym g MOAU PIKP1NS
mang s, H tan g diaomopdg kupawvdtav and my ta€n ou 1072 éog v tan tou 107°

yla 60Aoug ToUg YpAgpoug, eMOPEVRS otpoyyuloro|Onke oto O taviou.
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5.1.18 Zuviedeotrig [TAouoiou ZuAddyou

5.1.18 ZuvteAeotng ITAouciou ZuAAoyou

[Mivakag 5.16: Anoteflsouata yia tov Zuvieieotr [1Aovoiov Zuajioyou

Méon Tipn | Awaonopa | Xpovog ExtéAdsong (s)
Erdos-Renyi 0.0023 0 5.41
Gilbert 0.0005 0 92.64
Random Geometric 0.0005 (0] 69.79
Small-World 0.0046 0] 4.80
Scale-Free 0.0020 0 4.20
Waxman 0.0012 0 9.68

H otpoyyudonoinon g péong Tipng £ywve ota 4 dekadikd ynoia, Adyem tng oAU PKpHg
upng mg. H tpn g Staomopdg kupawvétav andé my taén ou 1072 éog v tafn tou 107°

yla 6Aoug Toug YpAgpoug, EMOPEVOS oTpoyyuAoro)Onke oto O maviou.

5.1.19 Zouxkotnta tng Eyyotntag

O umoAoy1010G NG OUYKEKPIHEVNG HETPIKNG O)pKNoe TAve aro 60 Asrtd, Ki £101 Aro-

(PACIOTNKE VA OTAMPATOEL I] EKTEAECT], KAl va AroppipOel autopdatng.

5.1.20 Zuvageia

[Mivaxkag 5.17: Anotefléouata yia v Zvvageia

Twn Xpovog ExtéAeong (s)
Erdos-Renyi 0.0115 0.53
Gilbert -0.0017 1.50
Random Geometric || 0.1094 1.56
Small-World -0.0906 0.02
Scale-Free -0.0496 0.03
Waxman 0.0141 0.08

H otpoyyuldonoinon ng tpng £yve ota 4 deradika Pyneia, Aoy ToU oAU PIKPOoU He-
yéBoug nG.

5.1.21 ZuvoAlkn ZUYKplon

Ztov mivaka g ekovag 5.1 mapouoiadovial yla KAOe PETPIKL) TTOU dev aroppipOnke
161 o1 €8§1g T1Eg, o1 ortoieg ouvdudlouv ta arotedéopata yia oda ta diktua: H dacrnopd g
TPNG g 1) S péong g g (Variance), o ouvoAikog xpovog extédeor|g g (Total Time),
0 ouviedeotr|§ Slaomopdg g TIPNG g 1) g péong tpng g (Coeff. of Var.), kat o Adyog

TOU ouviedeotr| 81a0TI0PAG WG TIPOG TOV CUVOALKO Xpovo ektédeong g (Coefl. of Var./Time).
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[ Variance Total Time Coeff. of Var. Coeff. of Var./Time
50050.4995 2.3932 1.2859 0.5373
1.938 20.5993 0.4909 0.0238
6.8889 10.2608 0.5624 0.0548
Radius 2.9167 9.0784 0.488 0.0537
Clustering Coefficient 0.0853 125.0222 1.2314 0.0098
0.0 185.5171 0.7578 0.0041
0.0323 10.4559 0.4131 0.0395
0.0119 18.4427 1.3009 0.0705
0.0 2134.5533 0.5695 0.0003
0.0 183.4815 1.6022 0.0087
0.0 2.334 0.114 0.0488
Katz Centrality 0.0 2.4962 0.114 0.0457
Harmonic Centrality 43439.5006 12.9946 0.4403 0.0339
Percolation Centrality 0.0 186.5606 0.7578 0.0041
Load Centrality 0.0 152.4865 0.7578 0.005
0.0 186.5178 0.7578 0.0041
m 0.0038 3.7265 55.0023 14.7838
10] 4
lUD 4
g
E 10-1 4
2
]
g
S
10—2 4
1073 4 I I
Db AL D R CC BC CIC IC FRC BRC EC K& HC PC IC RCC A

Zxnpa 5.1: Have: IMTivakag mov epiaubaver v S1a0mopd g TUNS TNE 1) TG HEONS TUNS,
TOV OUVOJItKO XpOVo eKTEAEONGS, TOV oUVTEAEOT H1aomopdg g TUNG TG 1 TG UEONS TUNG,
Kat 1ov Aoyo Tou ouvTeAeoTr) S1a0T0PAg WS TPOS TOV GUVOAKO Xp0V0 EKTEAE0NS KADE UETOUKT).
Kade: Tpagucr mtapdotaon 1ou AGyou 1ou ouvteAeotr) 51a0mopds ¢ TPOg TOV OUVOALKO X00V0
eKTéAeON G KADE UeTPIKNG, O Aoyapdukny kKiipaka.

Bdoet tov anotedeopdtov avteov, anoppipbnke n Eviiapeoikr) Kevipikointa, n Kevipt-
Kotnta g Apopoddynong, n Kevipikomta g Apopoddynong, n Kevipikowta g 'epupw-
ong, n Kevrpikoénta tng Au6nong, n Kevipikotnta tou doptiou, kat o Zuviedeotrg ITAouoiou
ZuAAoyou, edattiag TV PEYAA®V CUVOMKGOV XpOVeV eKTEAECT|S Toug. Evo o Zuviedeotng Zu-
otabomnoinong €Xel KAl AUTOG OXETIKA HEYAAO XpOVO €KTEAEONG, ATTOPACIOTNKE APXIKA va

XpnotporiownOei, Adyw ToU peydAou ouviedeotr) S1a0TI0PAG TOU KAl TG EKTETAPEVNG TTAPOU-

m AwinAouatxny Epyaoia



5.2 Ermdoyr) Tadwopntr

olag tou ov BBAoypadia. 'Ouwg n ocupnepiAnyn v eixe wg anotédeopa n Snpoupyia
ToU ouvodou Sebopévev va pnv oAoKANP®Oel eviog arodektoy Xpovikou mAaioiou (kabwg
uriepeBaive T1G 6 WPEeG), EMOPEVAOG KAl 0 ZUVieAeotr)g Zuotadoroinong teAdka anoppipOnke.
ErmumAéov anoppipBnkav n Kevipikointa tov [§1odiavuopdatev, kat n Kevipikonta Katz,
£gattiag tov oAU MIKP®V TIPOV TNg 81a0Iopdg tng RECHS TIUNG TOUS KAl ToU ouvisdeotr) dia-
ortopdg autr)g. TEAOG, TIAPOAO TTIOU 0 CUVOAIKOG XPOVOG EKTEAECTS TOU UTTOAOYIOHO0U TG €ivatl
HKPOG KAl 0 ouviedeotr|§ §1a0TIopdg tov TIHeV g Sev ival oAU pmikpog, anoppipbnke kat
N aktiva, kabwg AapBavel akpBag v 161a Tipn yia 2 Stapopetikd {euyr HOVIEA®V, YEYOVOS
rou YewpnOnke £évbedn o1 duvatal va ennpedost apvnuka v eriboon tou tagvount).
'Etot, o1 petpikég mou erudéxOnkav tedikd rtav n Katavopy Badpov Kopbov, 10 Méoo
Mrxkog Movonatioy, n Awapetpog, n Kevrpikotnta tng Eyyutnrag, n Kevipirotnta

g IIAnpogopiag, n Kevrpirétnta twv Appovikav, Katl 1 Zuvadeia.

5.2 Emoyn Ta§wvopnti)

L0V MapaKATE TMivaka apouctadovial ta darnoteAéopatd IOV PEIPIKOV precision, recall,

accuracy, kat F1 score yia ka0e ta§vount), otpoyyudonomnpéva oe 4 dekadikd ynoia.

[Mivakag 5.18: IMTivakag emdooewv TV 1allVoUnIOv

Precision | Recall | Accuracy | F1 Score
Linear SVC 0.7577 0.7608 0.7583 0.7579
k-Nearest Neighbors 0.5935 0.5805 0.5833 0.5700
SvC 0.4728 0.4423 0.4333 0.3943
Ada Boost 0.7779 0.6999 0.7333 0.6984
Gradient Boosting 0.9512 0.9510 0.9500 0.9498
Random Forest 0.9745 0.9775 0.9750 0.9756
Bagging 0.5494 0.5535 0.5667 0.5357

'‘Onwg @aivetat otov mivaka 5.18, o tadvounu)g Random Forest sixe tv kaAutepn
£rtiboon o OAeg TIG PETPIKEG, EMOUEVAOG HTAV AUTOG MOU erMAEXONKE yid )V Ta§vounorn tev
PAypatikov diktuev. O mivakag cUyXuong ToU Ta§VOUITr] aUToU KAt Td aroteAéopatd g
peAé agaipeong rou npaypatornoriOnke pe v forbeid tou mapatibeviat otig e1kOveg 5.2
rat 5.3.

[Mapatnpoupe nmg 0 TaSVounTrg £XE1 ITOAU KAAT 1KAVOTTd S1AKP101G OAGV TRV HOVIEA®V.
ErurmAéov, kapia petpikn dev gaivetatl va ermBapuvet tov tagivountr], Kabag n apaipeon kabe
piag mpokalei eite peiwon oty emiboor) tou, eite MOAU piKpr audnorn (tng tagng tou 1% n
Kal pikpotepn) nou rmbavotata eival tuxaia kat dsv opeidetal otnv @Uon g PeIpkig. H
Zuvagela, pdAtota, anodeikvuetatl 181aitepa ONPAVIIKT] yia Ty Kadr) enidoor) tou ta§ivoun-
1), YEYOVOG avapevopevo 8edopévou tou moAu upnldou cuviedeotr) §1a0Topdg TG HEIPIKNAG
autr)g. Tautdxpova, o yeyovog autod arotedei £vdei§n nwg 1 XpHon tou ouVieAeotr] 81aorto-
PAS ®G TO KUPLO KPITAPLO EMMAOYHG HEIPIKOV SIKTUGV MEPA ATIO TOV XPOVO EKTEAEONS, NTAV

0pO1).
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Zxnua 5.2: ITivakag ovyyxvong tou tafounty Random Forest. Ot e1ikéteg avtiotoyovv ota

aoxikd ToL UOVTEAGU.

removed_feature accuracy precision

0 Degree Distribution 0.975000  0.976754

-

Average Path Length 0.983333  0.984259
2 Diameter 0.966667  0.968259
3 Information Centrality 0.975000 0.976754
4 Closeness Centrality 0.983333  0.984259
5 Harmonic Centrality 0.983333  0.984259

6 Assortativity 0.791667  0.788154

recall
0.975000
0.983333
0.966667
0.975000
0.983333
0.983333

0.791667

f1

0.975282

0.983390

0.966604

0.975282

0.983390

0.983390

0.788812

Zxnua 5.3: Mejsn agaipeong v uetpikov Katavoun Baduwv Koubowv, to Méoo Mnkog
Movoratiov, Aiauetpog, Kevipuweomna g Eyyvmntag, Kevipueotnta g I1Anpogopiag, Kevipr-
Komta 1wv Apuovtkov, kat Zvvageia, pe mv Bondeia touv tatwount Random Forest

5.3 Tafwvopnon IpaypatikoOv AKTUOV

AxoAoubouv ta arnotedéopata g tagivounong TV MPaypatkeyv S1Ktuev rmou avapép-

9nkav oto Kepdlato 4.

e Football: Waxman

e GOT: Barabasi-Albert
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5.4 Endoyr) MeBo6ou Tpnpatornoinong Aiktiev

Email-EU: Waxman
AdvogatoTrust: Barabasi-Albert
MorenoCrime: Watts-Strogatz
NetScience: Watts-Strogatz
Euroroad: Watts-Strogatz
ChicagoRegional: Watts-Strogatz
Flights-FAA: Watts-Strogatz
Bristol: Watts-Strogatz

Coach: Watts-Strogatz
YuYeast: Barabasi-Albert
BacillusMegaterium: Gilbert
Malaria: Random Geometric
Fullerene: Watts-Strogatz
PowerNet: Watts-Strogatz

R-Dependancies: Gilbert

IMapatnpoujie OG 1 oUXVOTNTA pdAaviong tou poviedou Watts-Strogatz sivai pe Stago-

pd peyaldutepn and 6Awv tev unodoinev (9 epgavioesig), e16ika otav npokettal yla dikrtua

petagopwv. AkoAoubel oe ouyvotnta 1o poviedo Barabasi-Albert (2 epgavioelg oe Kowvavi-

Ka diktua kat 1 oe Blodoyiko), katl votepa 1o Waxman (2 gpdavioslg oe Kovovikd diktua)

kat to Gilbert (1 epgpavion oe Brodoyiko diktuo kat 1 oe texvoroyiko). To poviédo Random

Geometric epgavidetat 1 gopa oe Blroroyiko Siktuo, eve 1o Erdos-Renyi anouoiadet.

EruuAéov, a&ilet va onpeindei nog 1o diktuo PowerNet tagivopriOnke oto poviédo Watts-

Strogatz, oe oupgavia pe ta supnpata v Watts kat Strogatz [21].

5.4 Emoyn Me006ou Tunpatonoinong Atktuwv

IMapatiBeviat ta mAfOn KOPBwV TV AMAGV S1IKTUGV :

e I'ta tov Girvan Newman: Erdos-Renyi: 401,Gilbert: 200, Random Geometric: 392,
Watts-Strogatz: 299, Barabasi-Albert: 519, Waxman: 333

e I'ta toug undAounoug aAyopiBpoug: Erdos-Renyi: 1401,Gilbert: 1200, Random
Geometric: 1392, Watts-Strogatz: 1299, Barabasi-Albert: 1519, Waxman: 1333

AxolouBouv ta anoteAéopata g diapéptlong BAcel EVIOIIOPOU KOWOTHTOV OTd TEXVITA

ouvBeta H1KTua MOV KATAOKEUAOTNKAVY, OM®G KAl Ol IIApAtnproelg pag nave os auvtd. Atrmda

oe KAOe poviédo Bpioketatl oe apévOeor) 10 OUVOAIKO TTAR00G TV KOPB®V rou ta§ivopriOnkav

oe auto. 'OAeg ot Tipég eivatl otpoyyudomoupéveg ota 2 deradikd yndia.
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5.4.1 Barabasi-Albert kat Random Geometric

[Mivaxkag 5.19: AmnoteAdgouara tov Girvan Newman yia tov cvvbvaouo Barabasi-Albert kat

Random Geometric

Girvan Newman

IIAf}00¢ KO1VOTHTOV

2

MovtéAa KOwvoTHTROV

Barabasi-Albert (519), Random Geometric (392)

MéyeOog KO1voTTOV

519, 392

IIAf0o0g Srayeypappiévav KOpbwv

0

IIA00g cwota
ta§ivopnpéveov xKopbwv

911 (ard toug 911)

I1Af}00¢ ocwota 2
Ta§lvopnpévev KooTHTeOV
Modularity 0.27
Xpovog extéAeong (s) 656.18

[Tivakag 5.20: Anotefléopuata twv Walktrap rat Infomap yia tov ovvévaoud Barabasi-Albert

xat Random Geometric

Walktrap

Infomap

ITIA5100g KolvoTHTWV

4

5

MovtéAa KOlVoTHT®OV

Barabasi-Albert (1517),
Random Geometric (1392)

Barabasi-Albert (1519),
Random Geometric (1392)

MeéyeO0g KO1VOTI TV

1517, 599, 485, 308

1519, 418, 374, 324, 276

IIA1100g Srayeypappévav KOpbuv

0

2

ITIA5}00¢ ocwota
ta§ivopnpéveov xopbov

2909 (aro toug 2909)

2911 (amo toug 2911)

I1Af}00¢ cwota 4 5
TaflvVOpnNpPévev KOLVoTHTOV
Modularity 0.45 0.50
Xpovog ertéAeong (s) 300.65 139.42

[Tivakag 5.21:
Barabasi-Albert kat Random Geometric

AmnoteAdéouata twv Leiden wkar Spectral Clustering yia tov ovvduaouo

Leiden

Spectral Clustering

ITIA5100g KolvoTHTWV

5

2

MovtéAa KOlVoTHT®V

Barabasi-Albert (1519),
Random Geometric (1392)

Barabasi-Albert (1519),
Random Geometric (1392)

MeéyeO0g KO1VOoTHTOV

1519, 364, 361, 336, 331

1519, 1392

ITA1100g Srayeypappévav KOpbwv

0

0]

IIA500¢ ocwota
Ta§ivopnpéveov xopbov

2911 (aro toug 2911)

2911 (amo toug 2911)

I1Af}00¢ cwota 5 2
TaflvVOpnpévav KO1voTHTOV
Modularity 0.50 0.08
Xpovog ertéAeong (s) 127.97 1049.18
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5.4.2 Barabasi-Albert kat Watts-Strogatz

IMapatnproctg

‘OAot o1 aAyopiBpot iapepidouv owotd Tov ypddo otig U0 OUVICTOOES TOU, 1€ POVADIKY)
e€aipeon tov Walktrap rou odnyei oty niapdAeyn 2 poiig kopbwv. O Spectral Clustering

eivatl aodntd apyotepog amnod Toug UTIOAOLTOUG, VA O OUVIONOTEPOG £ival o Leiden.

5.4.2 Barabasi-Albert ka1 Watts-Strogatz

[Tivakag 5.22: Amnotefléopara tov Girvan Newman yia tov ovvdvaoud Barabasi-Albert kat
Waltts-Strogatz

Girvan Newman

ITIAf}60g KOLVOTHTOV 2
MovtéAa KOWOTHTOV Watts-Strogatz (818)
Méye00g KOLVOTH TRV 752, 66
ITIAf100g Srayeypappéveov KOpbwv 0
I1A5}00¢ cwota 299 (aro toug 818)
Ta§ivopnpévov xopbov
IIAf00g owota 1
Tafivopnpéveov KovoTHTOV
Modularity 0.04
Xpovog extéAeong (s) 41.28

[Tivakag 5.23: Anoteféopuara tov Walktrap kat Infomap yia tov ovvbvaouo Barabasi-Albert
xar Watts-Strogatz

Walktrap Infomap
ITAf}00¢ KOlLVOTHTOV 1 1
MovtéAa KO1vVoTHTOV Barabasi-Albert (1578) | Barabasi-Albert (1495)
MéyeOog KO1VOTITOV 1578 1495
ITAf}0o0g Srayeypappivev KOpbwv 1240 1323
ITIAf00¢ cwota 1519 (arto toug 1578) 1495 (arto toug 1495)
ta§ivopnpéveov xopbwv
ITAf}00¢ ocwota 1 1
Ta§lvopnpévev KooTHTeOV
Modularity 0.18 0.21
Xpovog extéAeong (s) 92.15 61.96
IMapatnprostg

O1 neproodtepol adyopiBpot eviortidouv povo éva anod ta povieda Barabasi-Albert kat
Watts-Strogatz. O povog rmou avayvepidel kat ta 6uo eivat o Leiden, o oroiog evrortidet Aav-
Saopéva kat to poviédo Erdos-Renyi, opeg tadivopet oxeukd Atyoug k6pBoug oe autod (212).
Tautoxpova, o Leiden kat o Spectral Clustering eivat ot pévot urtoyrn ot aAyopibpiot mmou
bev dnpoupyouv €va tepdaoctio AN 00g NiKpaV KootV (< 20 kopbot) rou dev propouv va
tadwvounBouv. O Leiden £xet, erurdéov, 1o peyadutepo mAnbog opBA tadivopunuéveov Kopbmv

OUVOAIKA, KAl TOV PKPOTEPO XPOVO EKTEAEOTG.
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KepdAaiwo 5. ArnoteAéopata

[Tivakag 5.24: Amnotefléouata tov Leiden wkat Spectral Clustering yia twov ouvbuaouo

Barabasi-Albert kat Watts-Strogatz

Leiden

Spectral Clustering

ITIA5100g KolwvoTHTWV

20

1

MovtéAa KOlVOTHTRV

Barabasi-Albert (1461),
Watts-Strogatz (1139),
Erdos-Renyi (212)

Watts-Strogatz (2808)

MeyeBog KowvoT TGOV 441, 409, 299, 212, 151, 2808
126, 125, 118, 95, 93, 92,
87, 86, 77, 76, 74, 68, 67, 62, 54
ITAf100g Srayeypappéveav KOpbwv 6 10

IT1Af}00¢ cwota
Ta§ivopnpéveov Kopbav

2089 (aro toug 2812)

1289 (aro toug 2808)

ITIA5100g ocwota 13 0
Taftvopnpévaov KovoTHTOV
Modularity 0.36 0.00
Xpovog extéAeong (s) 16.76 225.68

5.4.3 Watts-Strogatz xat Erdos-Renyi

[Mivakag 5.25: Amoteféouata tov Girvan Newman yiwa tov cvvdvaocud Watts-Strogatz kai

Erdos-Renyi

Girvan Newman

IIA5}00g KOLVOTHTOV 1

MovtéAa KOWOTHTROV

Erdos-Renyi (699)

M£ye00g KOLVOTH TGV

699

IT1Af}0og Srayeypappévav KROpbwv 1

IIA00g ocwota
taivopnpéveov Kopbuv

400 (aro toug 699)

I1A5100¢g ocwota 0
Taflvopnpévev KovotTHTeOVv
Modularity 0.00

Xpovog extéAeong (s)

14.45

IMapatnprocig

Kat oe autr) v nepimwon, ot eplocotepotl alyopiBpot eviorilouv povo eva (1) kavéeva

oV nepintwon tou Infomap) ard ta poviéda Watts-Strogatz kat Erdos-Renyi. Tnv e§a-

ipeon arotedel o Walktrap, omoiog eviomilel AavBaopéva kat to Barabasi-Albert. 'Opeg

o Walktrap odnyei otv napaBieywn 1861 kopbwv, kat oy owotr] tagvopnon povo 281

arno toug 839 rou anopévouv. 'Etot o BéAtiotog alyopiBpog oe autv v mepinmoorn eivat

Leiden, o oroiog ermdeikvuetl v kaAutepn emnidoon padi pe tov Spectral Clustering, kat

OAoKRANpP®veTal og IOAU AlyOTEPO XPOVO AT AUTOV.
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5.4.4 Waxman kat Random Geometric

[MTivakag 5.26: Anoteféopata tov Walktrap kat Infomap yia tov ovvévaouo Watts-Strogatz

kat Erdos-Renyi

Walktrap

Infomap

ITAfj00g KolvOTHTWV

12

10

MovtéAda KOLVOTHTROV

Watts-Strogatz (688),
Barabasi-Albert (122),
Erdos-Renyi (29)

Barabasi-Albert (236)

MéyeOog KoOwvoTHTOV

367, 149, 54, 48, 46, 29,
29, 25, 24, 24, 23, 21

29, 26, 25, 25, 24, 22,
22,21, 21, 21

ITIA1100g Srayeypappivev ROpBev

1861

2464

ITIAf60g cwota
ta§ivopnpévov Kopbunv

281 (aro toug 839)

O (arto toug 236)

I1Af00¢ ocwota 0 0
Tafivopnpévev KootV
Modularity 0.27 0.33
4.73 12.21

Xpovog ertéAeong (s)

[MTivakag 5.27: Anotefléouata tov Leiden katr Spectral Clustering yia tov ovvévaoud Watts-

Strogatz xar Erdos-Renyi

ITIAf0og Srayeypappivav KOopbuv

Leiden Spectral Clustering
IIAf}00g KOlLVOTHTOV 21 2
MovtéAa KOWVOTHTROV Watts-Strogatz (2700) Watts-Strogatz (2700)
MéyeOog KOvOTH TV 179, 168, 150, 135, 132, 127, 1745, 955
125, 125, 124, 124, 123, 122,
122, 122, 120, 120, 119, 118,
118, 114, 113
0 0

ITIA00g cwota
ta§ivopnpéveov Kopbunv

1299 (aro toug 2700)

1299 (a6 toug 2700)

IT1Af}00¢ ocwota 0 0
Ta§lvopnpévev KootV
Modularity 0.38 0.22
8.67 102.95

Xpovog ertéAeong (s)

5.4.4 Waxman rat Random Geometric

[Mivakag 5.28: Anoteflcopata tov Girvan Newman yia tov ovvdvaouo Waxman katr Random

Geometric

Girvan Newman

ITA160g RO1VOTHTOV 2
MovtéAa KO1voTHT®OV Random Geometric (392), Waxman (333)
Mé£ye00g KOVOTH TRV 392, 333

0

ITIAf}0og Srayeypappivav KOpbwv

ITIAf00¢ cwota
Tafivopnpéveov Kopbav

725 (a6 toug 725)

Xpovog extéAeong (s)

ITIAn00g owota 2
Ta§lvopnpévev KowoTHTeOVv
Modularity 0.23
502.36
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KepdAaiwo 5. ArnoteAéopata

[Mivakag 5.29: Amnotefléouata tov Walktrap rkar Infomap yia tov ovvdvaouo Waxman kai

Random Geometric

Walktrap

Infomap

ITIA5100g KolwvoTHTWV

8

8

MovtéAa KOlVOTHTRV

Random Geometric (1392),
Waxman (1333)

Random Geometric (1392),
Waxman (1333)

MéyeB0og KO1VOTHTOV

538, 512, 323, 300, 291,
273, 257, 231

422, 389, 382, 336, 323,
321, 285, 267

ITIAf}00g Srayeypappévav KOpbwv

0

0]

I1Af}00¢ cwota
Ta§ivopnpéveov xKopbav

2725 (aro toug 2725)

2725 (armo toug 2725)

ITIA5}00g cwota 8 8
Taftvopnpévaov KovoTHTOV
Modularity 0.51 0.54
Xpovog extéAdeong (s) 151.42 100.20

[Tivakag 5.30: Anotefléopuata twv Leiden kat Spectral Clustering yia tov ovvévaoud Waxman

xat Random Geometric

Leiden

Spectral Clustering

ITIA5100g KolvoTHTWV

5

2

MovtéAa KOlVOTHT®V

Waxman (1333),
Random Geometric (1011),
Gilbert (381)

Random Geometric (1392),
Waxman (1333)

MéyeO0g KO1VOTITOV

1333, 381, 354, 340, 317

1392, 1333

ITIAf100g Srayeypappéveav KOpbwv

0

0]

I1A5}00¢ cwota
Ta§ivopnpévov xKopbav

2344 (amo toug 2725)

2725 (armo toug 2725)

ITIAf100g¢ cwota 4 2
Taftvopnpéveov KovoTHTOV
Modularity 0.57 0.28
Xpovog extéAeong (s) 186.16 1091.43

Hapatnprosig

Ye autnv Vv nepintwon 6Aot ot adyopiBpol ektdg amnd tov Leiden €xouv v kKaAutepn

duvatr) enidoor), 6oov apopd ta arotedéopatd 1oug. Ilap’ 6Aa autd, 1o opdApa tou Leiden

etvatl oxetka pikpo (381 xopBot aro toug 2725). O eAAX10T0G XPOVOG EKTEAECT|G AVIKEL OTOV

Infomap, pe pikpr) dtapopd amo toug Walktrap kat Leiden.
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5.4.5 Gilbert ka1t Waxman

5.4.5 Gilbert xat Waxman

[Tivakag 5.31: Anotefcopata tov Girvan Newman yia tov cvvdvaouo Gilbert kxat Waxman

Girvan Newman
ITIA5}00¢ KO1VOTHTOV 2
MovtéAa KOLWVOTHTOV Gilbert (200), Waxman (333)
Méye60g KOLVOTHT®OV 333, 200
ITIAf}00g Srayeypappivov ROpbwv 0]
ITIAf00g cwota 533 (aro toug 533)
Ta§ivopnpéveov xopbuv
I1A5}00¢ cwota 2
TafvVOpNPévaVv KOLVOTHTOV
Modularity 0.32

Xpovog ertéAeong (s) 208.19

[Tivakag 5.32: AnoteAéopara tov Walktrap kat Infomap yia tov ovvbvaouo Gilbert kat Wax-
man

Walktrap Infomap
ITIAf100g KO1VOTHTOV 2 5
MovtéAa KOLVOTHTROV Waxman (1333), Waxman (1333),
Gilbert (1200) Gilbert (1200)
MéyeOog KowvoTHTOV 1333, 1200 1200, 384, 332, 328, 289
IIAf0og Srayeypappivav KOopbwv 0 0
ITIA60g cwota 2533 (arto toug 2533) 2533 (aro toug 2533)
ta§ivopnpéveov Kopbwv
IT1Af}00¢ ocwota 2 5
Ta§lvopnpévev KowoTHTeOV
Modularity 0.19 0.16

Xpovog ertéAeong (s) 347.12 241.99

[Mivakag 5.33: Anotefléopuata tov Leiden kat Spectral Clustering yia tov ovvduvaouo Gilbert
rat Waxman

Leiden Spectral Clustering
IIA5}00¢ KOlLVOTHTOV 2 2
MovtéAa KOWOoTHTROV Waxman (1333), Waxman (1333),
Gilbert (1200) Gilbert (1200)
MéyeOog KOvVOTHTOV 1333, 1200 1333, 1200
IIAf}0og Srayeypappivav KOpbwv 0 0
ITIAf00g ocwota 2533 (aro toug 2533) | 2533 (amno toug 2533)
Tafivopnpéveov Kopbav
ITIAn60g cwota 2 2
Ta§lvopnpévev KooTHTeOV
Modularity 0.19 0.19
Xpovog extéAeong (s) 332.01 327.99
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INapatnprocig

Kat yia auvtév tov ouvduaopd 6iktuev, oAot ot alyopiBpotl odnyouv otnv O0®Ootr ava-
YVOP10I] TOV POVIEA®V TV OUVIOT®O®OV TOU OUVOETOU ypadou, pe 0Aoug toug KopBoug va
tadwvopouviat opBd. Tov PkpoOTePO XPOvo extédeong erubekvuel o Infomap, pe oxeuxkda pi-
kpr) Stagopd pe toug urndrouroug (0 Girvan Newman eaipeital and v oUykpiorn, Kabwg

TPEXEL 08 PIKPOTEPA HIKTUA ATIO TOUG UTTOAOITIOUG).

5.4.6 TeAwkn anogaon

ZTIG EPUTTIOOELS TV oUvEUaopoVv TV poviéAwv Barabasi-Albert pe Random Geometric,
xkat Gilbert pe Waxman o6Aot ot aAdyopiBpot eixav tyv BéAtiotn eniboon xopig va Sexwpidet
KAI010G. XTI§ MEPUTIOOoElS TV ouvduaopnv tov Barabasi-Albert pe Watts-Strogatz, kat
Watts-Strogatz pe Erdos-Renyi o Leiden nmapouoiadet pe Siapopda kaduteprn erniboon arod
TOUG UTIOAOLITOUG, Yia TOUg AGyoug mou rpoavadépOnkav. TEAog, otnv mepimoon 10U ouv-
duaopoy Waxman pe Random Geometric o Leiden eivat o povadikog mou mapouotdadet
KAroo opdApa, ouwg auto sivat pikpo. 'Etot, erudéxOnke o Leiden yia v tadivounon v
MPAYHATIKOV S1IKTUGV, KaBmg JemprBnKe nog £Xe1 Ta OUVOAMKA KAAUTEPA AroteAéopatd.

®a nipérnel va onpelwPet, emiong, 6t kat o aAyopiOpog Spectral Clustering eixe emniboon
ouyKkpiown pe tou Leiden 6oov adopd tnv opBotnTa 1@V anoteAeopdatov tou. Aev eTiAEXOnKe,
OH®G, adoU 01 XPOVOL EKTEAECTIG TOU HTAV UTIEPBOAIKA PEYAAOL, KAl TO YEYOVOG OTL £€va ATto Ta
opiopatd tou eivat 1o erBupnNTo MANB0G KOWOTHTOV £1val APKETA IEPLOPLOTIKO OTAV ITPOKELTAL
yla mpaypatika diktua (kabag dev yvopi{oupe ek 1oV IPotEP®V 10 TANO0G T@V POVIEA®V arto
1a oroia amotedeitat éva 6iktuo, katl pia AavBaopévn eKtipnon UIopet va odnyroet oe

anwlela mAnpogopiag).

[Ma v akpiBela, vnidpyet mbavotnta n Kadn emnidoor) tou alyopibpou Spectral Cluster-
ing va ogeidetal kupimg, 1 Kat €§ 0AOKANPOU, OTO YEYOVOG OTL «YVAPIlEL €K TOV IPOTEPKV TO
mAn60og 1o TANB0G TV KOWOTHTOV OTI§ Oroieg mpénet va diapepiotei o ypagpog. 'Etot, evBap-
puvetal ) 81apP€P1on OTIG OWOTEG OUVIOTWOES, KAl anodevyetal 1) S1domact o€ TTIOAAEG PIKPES
Kowotnteg rmou rmbaveg dev propouv va tadivopndouv cwotd. Towg edv {nrovoajie anod tov
Spectral Clustering va Siaxwpioet ta diktua oe 6 ouviotwoeg (to péytloto duvato rmanbog dia-
(POPETIKOV POVIEADV ITOU PITOPOUV va PPAVIOTOUV O €vav YPAdO), Td ATIOTEAECHATA TOU va
ftav oAU dadopetikd. And tnv aAdn, eivat mbavo n Aettoupyia Tou PAacet tng OPOOTNTAG
petady tov KopBmv va eivat o KUplog Adyog g KaAng emidoorng tou.

'‘Ocov agopd toug aAyopibpoug Walktrap kat Infomap, napatnpoupe nwg popdadoviat
TG £€ng 6U0 16101N1eg: Pacilovral 0Ttoug TuXaioug reptdtoug, Kat 8ev £Xouv Kadn emiboon oe
OUYKP10T] HE TOUG UTIOAOIoug 1ou e§etdoajie. MImopouie va CUNIEPAVOULE, AOUTOV, KOG 1)
avaginon KOwotHIeVv o€ Evav Ypado PECK TUXAIRV EPATOV o€ autov Sev eival ) BEATIO
TIPOCEYY101] OTAV OTOXEVUOUHE OtV d1ap€plon autou OTi§ OUVIOTOOEG ITOU AVIIOTOLXoUV otd
dladopetikd poviéda ta oroia mepiexet. TéAog, propoupe va urobécoupie oG o AGyog Iou
o Leiden ermtuyyxdavel toco kald amnotedéopata sival ot Baocidetal otnv PEY10TONOINon T0U
modularity, n omoia (ek tou opiopou tou modularity) o6nyel otnv agaipeon v yepupwv

EVOG YPADO £T101 WOTE VA OXIHATIOTOUV 01 KOIVOTHTEG TOU, EVQ O TPOTIOG ITOU £XOULE EVAOOEL TOUG
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5.5 Tunpatonoinon [paypatkev Aiktuev

eri PéPoug YpAdoug wote va oXnpaticouv toug ouvBetoug eivatl péowm yepupwv. ETaddou,
kat o Girvan Newman, rou Baoci¢etat oty apaipeon 1@V yePupov, TTapouotadel TTIOAU KaAAT)
ertiboon (ave§dptnta amo tov arayopeutiko Xpovo ektédeorg tou). BéBala, auto onpaivet
IOG 1] OUVOEDT] TV S1APOPETIKGOV CUVIOTIOOMV £VOG YPAPOU HECK YEPUPHV UITOPEl va gival
poUnobeon yia v Kadr) enidoor) tou Leiden, to omoio dev yvopidoupe av ioxvet ev yével yia
1a mpaypatikad diktua. 'Opwg, PACEL IOV AMOTEAEOPAT®OV PAG, AUTOS IAPAPEVEL 1) KAAUTEPD
pag ermioyr yia v TRNPIatornoinorn toug.

5.5 Tpnpatonoinon IIpaypatikoOv AlRtu®v

AxoAouBouv ta poviéda ota oroia ta§ivour|Onkav o1 Kowotnteg otig oroieg diapepiotn-
Kav 1a paypatikd diktua pe ty Xprjon tou aiyopidbpou Leiden, padi pe to mAn0og kopBaov

rou tagvopOnkav o autd.

e Football: - (O ouykekpiévog ypdgpog eival unepBoAikd Mikpog ya va Siaipebet oe

KOWOTNTEG PE Iapanave anod 20 kopboug)
e GOT: Barabasi-Albert (58)
e Email-EU: Barabasi-Albert (444), Gilbert (348), Waxman (194)

e AdvogatoTrust: Barabasi-Albert (4302), Waxman (278), Watts-Strogatz (218), Erdos-
Renyi (200)

e MorenoCrime: Barabasi-Albert (461), Watts-Strogatz (315), Erdos-Renyi (36)
e NetScience: Barabasi-Albert (260), Waxman (24)

e Euroroad: Watts-Strogatz (947), Barabasi-Albert (32)

e ChicagoRegional: Watts-Strogatz (12979)

e Flights-FAA: Watts-Strogatz (579), Barabasi-Albert (363), Erdos-Renyi (284)
e Bristol: Watts-Strogatz (2529)

e Coach: Watts-Strogatz (1961), Erdos-Renyi (287), Barabasi-Albert (48)

e YuYeast: Barabasi-Albert (810), Watts-Strogatz (788)

e BacillusMegaterium: Barabasi-Albert (4319)

e Malaria: Random Geometric (31)

e Fullerene: Watts-Strogatz (3840)

e PowerNet: Watts-Strogatz (4796), Erdos-Renyi (95), Barabasi-Albert (31)

¢ R-Dependancies: Gilbert (29)
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IMapatnpotpe NG ta reploodtepa Siktua eite MePEXOUV €va Povadikod e§eAKUKO po-
viédo (auto oto oroio eixav tagivounbei €€ apxrg), €ite armotedovvial aro éva ouvéuaopo
HOVIEAGV O OIT010g EPTIEPIEXEL TO APXIKO POVIEAO 0To oroio tagivopndnkav. Egaipeon arote-
Aouv povo ta Siktua NetScience kat BacillusMegaterium ota oroia dsv evtonietal karmowa
OUVIOTOOA ITOU AVIIOTOTXEL OT0 POVIEAO 1o ortoio eixav tagivounOel apyika. ErurAéov, oe 6Aa
Ta KOweVIKA diktua, Kat ta meploodtepa Blodoyikd, n peyaluteprn oUvVioTOOA AVIIOTOLXEl
oto povtédo Barabasi-Albert (Scale-Free). MdaAiwota, n Barabasi-Albert eivatl n mo kown
ouviot®woa, pe epdavioelg oe 11 diktua, eved akoAroubel pe pikpr Stagpopd (10 sppavioeg)
n ouvictwoa Watts-Strogatz. H tpitn ot ogpd oe Ar|0og epgdavicenv eivatl n ocuviotwoa
Erdos-Renyi, pe peyadn diagopd amod tig ponyoupeveg (povo 5 epgavioestg). Ta uroAoirna
povtéda gpdavidovial akopn 1o onavia, pe 1o Waxman va spgavidetal 3 @opég (0Aeg oe
KOWOVIKA dixktua), to Gilbert 2, kat to Random Geometric 1.

Ebdw 9a mpémel va onpeiwooue newg Umdpxetl mbavotntia 1 oXETKA PeYAAn ouxvotnta
epgaviong g ouvviotwoag Erdos-Renyi va ogeidetatr oe opdApa tou Leiden, kat va pnv
avtavarAd mv npaypaukota. [Hapatnpovpe nog katd mv a§loddynon v alyopibuwv &-
VIOTUOHOU KOWOTT®V, 0 Leiden evidroe AavBaopiéva U0 popég KATIOW OUVIOTAOOA TTOU AVIL-
ototyouoe oe Tuyxaio I'pago (pia @opa Erdos-Renyi, kat pia @opa Gilbert). Ot AavBaopiéveg
AUTEG OUVIOTAOOEG HTAV 01 PIKPOTEPES TOU AVIIOTOLXOU YPAPOU KAl 0TI HU0 IEPUTIOOELS, OTIOG
etvat kat 11 Erdos-Renyi 11¢ miepioootepeg @opeg mou spdavidetal oty napovoa dradika-
ola tpnpatorioinong Kat tagvopnong. Aoy autou tou potiBou, dnpioupyeitat apgiBodia

OXeUKA He TV a§lormotia 1V arnoteAeopdtov rmou apopouv to poviedo Erdos-Renyi.
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Ke¢paldaio E

KatarAeiba

To kepdAatio auto arotelel tnyv KatakAeida tng mapovoag epyaociag. Ilepiéxet pia ouvoyn
TV 1ef0d®V Kal TV aroteAeopdtov pag, Ta CUPIEpAcpatd ota oroia kataAniape Baon tev

PoavaAPePOEVIOV, OTIOG KAl 16EEG Y1a PEAAOVIIKEG EMEKTACELG.

6.1 ZIUvown Kai Tupnepacpata

Zta mAaiola g napouong SIMAOPATIKLAG £pyaciag Kat otnpidopevol o apspdept| ap-
9pa, de€nyape apxika pia épsuva oty PiBAoypagia, omou evioricape 6 efeAKUKA J10-
viéda, kat 20 pepikeg S1KTUmV o1 oroieg Sa prmopoucav duvntika va xpnotpornoinfouv yla
Vv tavopnon 81Kty ota poviéda autd. Yotepa exktedéoape pia oelpd eAéyX®v mave ot
AUTEG TIG PETPIKEG (TTpoadidoviag diaitepn Paputnta otnv §iacmopd mou mapouotddet ) Kabe
HETPIKY] OUVOAIKA yld Ta POVIEAd, KAl OTOV XPOVO €KTEAE0Ng Tg), Kat ermdéape 7 yua va
Xxpnoworoinfouv wg eicodot o £vav tadivounty. O tadvopntig emiong ermAéxOnke peta
and €Aeyxo g €midoor|g Tou, Pe Vv XPLon TV HETPIK®V precision, recall, accuracy, kat
F1 score. Apou exkmaideutnke o €va cuvolo 600 cUVOETIKOV SIKTU®V TTOU KATAOKEUAOAIE
ot 16101, xpnoporo}Onke yla ty tagivopnon 17 npaypatkev Siktuev, pie €10060 TG 11po-
avagepbeioeg perpikeég. Ermurméov, adlodoyrioape 5 adyopibpoug tpnuatornoinong diktuev
Baoel ToU XpOVOU EKTEAEDTG TOUG, KAl TG AKPiIBEIAS T®V ATIOTEAEOPATOV TOUG 0 5 ouvOsTIKA
6iktua mou aroteAovoav 10 kabéva ouvBeon 6Uo AAAav S1IKTUGV Ta oroia £1Xav KAtaoKeud-
otel pe mv Xpnon 51aPopetikOV eEEAMKUKOV POVIEA®Y. AUTOg rou mapnyaye ta opbotepa
arnoteAéopata, o€ €va €UAOYO XPOoVIKO dlaotnpa, emAexOnke oote va xpnotpomnoinbel ya ta
npoavagepBévia npaypatukd dikrua. Ta vrodiktua rmou npoekuyav tagivopndnkav votepa
pe v BorBeia tou ermdeypévou taivopnty.

ZUYKeEKPIIEVA, TA POVIEAA TTOU Xpnowpornoiidnkav rtav ta Erdos-Renyi, Gilbert, Ran-
dom Geometric, Watts-Strogatz, Barabasi-Albert, kat Waxman. Ot pPeTpikég Iou ermAEXOn-
kav ntav n Katavourn Babpov KopBov, 1o Méoo Mrjikog Movoratiou, n Aitdapetpog, 1 Kevipt-
kotnta ing Eyyuintag, n Kevipwkonta tng [MAnpogopiag, n Kevipikotmta tov Appovikev, Kat
n Zuvagela, evo o tadvountg fnrav o Random Forest, kat o aAyopi1Bpog tunpatoroinong
o Leiden. 'Ocov agopd ta anotedéopata 1oV ta§lvouroemv, autd rapouotadovial avaiutika
oto Kepdldaio 5, 6pwg priopovpe va mapaitnprjooupe OTL T0 HOVIEAO TMou gpdavidetal mo
ouyxva otav ta Siktua eetalovial avtovowa eival 1o Watts-Strogatz (Small-World). 'Otav

1a diktua TpnpatonoloUvidal, MAPATPOUHE TIOG OXEOOV OAd MEPIEXOUV H1d OUVIOT®OA ITOU
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avuotoiyel oto poviedo oto oroio gixav taivopnBel apxikda. Erurdéov, ol 0UVIOTOOEG ITOU
avtiotolyouv oto poviedo Barabasi-Albert eivat 1Saitepa kowveg, kabag eviomilovial ota
neploootepa diktua, Kal £Xouv Vv PeyaAutepn ouxvotnta eRdAvIong CUYKPITIKA HE AUTEG
IOV avIloTOlXoUv og aAla poviéda (akoAlouboupeveg and aUTEg IOU AVIIOTOLXOUV OTO H0-
viédo Watts-Strogatz). MdAiota, og 0Aa 1a KOWeVIKA §iKTud, KAl Td Eploootepa BloAoyikd,
n ouvictwoa Barabasi-Albert eivat n peyadutepr), ave§aptnta tou PovieAoU oto oroio gixe
tadvounBel apyxkd 1o Kabe diktuo. Avtiotoixwg, oe 0Aa ta Siktua petapop®v n Heyadute-
pI OUVICTOOA £1val AUTH) TIOU avtlotoixel oto poviedo Watts-Strogatz, yeyovog avapevopevo

agou 0Aa gixav tadivopnBel oe auto 1o poviEdo €€ apxns.

Baoel autov tov anotedeopdtev, cuprepaivoupe Ot ta poviéda mou spgavidoviat mo
ouyva ota ripaypatika diktua eivat 1o Small-World kat to Scale-Free. AvaAuoviag ta diktua
o€ RAtnyoplieg, Yempouie aoPpadég va S1aTun®ooulie TOV 10XUPLOHNO OTt Ta diktua petadopniv
Xapaxktnpidoviat g i 1o mAgiotov amno 1o poviedo Small-World, o omoiog ouvadetl kat pe
1a oupnepdopata v Jiang kat Claramunt [68] kat tov Sen et al. [69]. EmrA¢ov, n Se-
®PNON MG TA MPAYHATIKA §iKTud PIopouv va avaAubouv o€ CUVIOTWOESG TIOU AVIIOTOLX0UV
oe SlaPopetika eCeAIKTIKA PovIEda @aivetal nwg eival omotr), Kabwg oxedov 6Aa ta diktua
MEPLEXOUV Pid OUVIOTOOA TOU AVIIOTOXEl oto poviédo Orou eixav tagivopunBei otav pede-
mOnKav autouola, Kat 1 apouacia tou poviedou Scale-Free wg n peyaluteprn) ouviot®od o
KdOe KoOWOVIKG Hiktuo, KAt povo ot autd (pe v egaipeor) tou Siktvou YuYeast), dev propet
va opeidetal oe opAApa 11 oe CUPMIEON. AKOUN, AOYy® NG IAPOUCiag autrg o 0Ad Ta KOot-
VOVIKA diktua mou edetdoape, ounrnepaivoupe Ot Ta KOWEVIKA SiKtua ImepléXouv ev yevel
pia peydAn Scale-Free cuviot®od, Kat 0Tl 100§ PIIOPOUV vd XAPAKINPIOTOUV 0AOKANPA ©F
Scale-Free epocov avalntoupe £va eviaio POViEAo, apou 1) CUVIOT®Ooa auTr) ivat e diagopa
n peyadutepn. To yeyovog Ott ta reploodtepa arod auvtd tadivopndnkav og Small-World
otav ta diktua egetactnkav avtovoia, mbaveg va opeidetal oe oPpdApa tou tasivopntr] Aoyw
g Mapouciag MoAAGV HOVIEA®V, KAl NG OO0 TAg ToU poviedou Scale-Free pe to Small-
World (oe onpeio mou opiopévol eruotrnpoveg Sempouv 1o Scale-Free og urtokatnyopia tou
Small-World [81]). Ilpémet, emiong, va onuel®oOoOUNE TIOG T0 Poviedo Waxman spgavidetat
®G OUVIOT®OA OTd MEPLO0OTEPA KOWMVIKA diktua, eve oplopéva ta§ivouriOnkav oAoKAnpa oe
autd. To yeyovog auto umodnAovel g Kat 1o Waxman anavidtdl guxvd otd KOVOVIKA
diktua. Zug urolouneg katnyopieg Siktuwv Sev mapouotddetal KAMoo 10XUpo 1otiBo wote
va propgooupe va egayoupe avdloya ocuprnepaocpata, opeg adidet va avadepbei nwg 1o -
AekTp1kO 6iktuo ou edetdoape (PowerNet) tadivour6nke otnv katyopia towv Small-World
KUV, 08 CUPPEVIA 1€ TA EVUPTIATA OXETIK®V EPEUVAV TTOU avapEPOnKav og IIponyoupeva
repaldaia [21] [65] [3].

'‘Ocov agopd 1oV MPOBANPATIORO OXETIKA HE TV OUXVOTNTA €UPAVIONG TOU HOVIEAOU
Scale-Free, kataArjyoupe oto ouprnépaopa neg eve dev eivat maviayou napodv, dev eivat ovute
ortavio. H katnyopia d1iktuev otnv ornoia gpgavidetal mo ouyva eival 1a Kowvevika diktua,
OP®G epgavidetal kat oe aAdeg katyopieg wg Seutepevouoa cuviotmoa (biktua petapopav,

TEXVOAOYIKA), 1] AKOUI KAl ®G ITPpetevouod (Blodoyika diktua).

AwmAwpatxy Epyaoia



6.2 MeAAlovuikég Enextaoeig

6.2 MeAdovuirég Enertaoeig

Yta mAaiola g rapouoag SUMAOPATIKLG, Eve Xpnotporotroajie Anbwpa pebodov kat
TEXVOAOYIOV Y1d TNV ATdvinon oV epetnudatov mou déoape, dev 1g efavidfjoape. IMapa-
1iBevial oplop€vot TPOIIot Pe Toug 01oioug Ja Pmopouos va EPRTAOUTIOTEL TO TIEPIEXOUEVO TNG

epyaoiag:

e Xpron meploodtep®V PoVIEAwV. Eva Xprotpornour)oaps ta meploootepd PHOViEAd Iou

evrortioape otv BBAoypadia, unrpiav Kat KArnola rnou ayvor|joape eOKEPPEVA, Ormg
avagépetal kat oto KepdAaio 4. Oa rtav evdladEpov va eetaotel KAl 1) MEPIMI®OOT
TTOU OAad Ta povieda cupnepldapBavoviatl oty dnpoupyia Tou ouvolou exknaideuorng,

Katl apyotepa otny tagivopnon).

e Xpr)on MePLOCOTEP®V PEIPIKQOV Siktuwv. Katd v Sadikaocia emAoyng pEpKOvV, a-

roppilyape oplopéveg AOy® ToU UTIEPBOAIKA PEYAAOU XPOVOU EKTEAEONG TOU UTIOAOY1-
Op0U T0UgG, eve epdavidav peyddn daoropd. E@ocov urrpxe nepioootepog drabéopog
XPOVOG 1] KATIO10G TPOTIOG va £ITorieucBel 0 unoAoylopog toug, Ya priopovoav va ou-
ureplAn@Bouv pe okomnod v Kadutepn emniboor tou tadvount). ®a propouvoav va

XPNoworotnfouv, ermrmAéov, KATOlEG METPIKEG répa arod TG 20 mou epeig egetacatie.

e Xprjon Sagpopetikou tadwvopunty. H ermdoyr) tov ta§ivopntov mou eietaotnkav £yt-

ve akoloubwviag 61e€odikda 1o daypappa 4.1. 'Opwg n kanyopia v Tadvountov
YUvoAou eival mapouotddel Peyddo eUPog, 1€ AMMOTEAEONA va PNV £6etactouv OAot ot
TaSvopntég mou avjKouv Og autr], Ttapd 1ovo ot 4 onuavukotepot. ErmurtAéov, to 61-
aypappa avadEpetal povo oe KAaotkoug tagivopntég, eve kat ta GNN xpnotpionotou-
vial yia mv tadvopnon Siktiev pe oAl kadd arotedéopata. Av Kat o ta§vopntig
rou ermAe§ape mapouotadel oAU Kalr] emiboor], eival mbavo KATo10g§ AAA0g va eixe

arourn KaAutepn.

e Xprjon Meploootep®V HIKTUGV yia v eknaideuon tou tadvount). Ay XPOVIKGOV

TIEPLOPLOPOV, Xpnotpornotjoape povo 100 diktua ava poviédo yia tv dnpoupyia tou
ouvoAou bebopévev exkmaideuong tou tadivounty. Edv umrfpxe n Xpovikn cuxepela
va XP1O1HO0II0I|C0UHE MTEPIO0OTEPA SIKTUA avd PoViédo, 100G va mapatnpovcape pia

KaAutepn ertiboon tou tagvopntr.

e Eumloutiopog v dsbouévav eknaidesuong pe kateubuvopeva diktua kat diktua pe

Bdpn. 'OAa ta ouvBetikd SiKTUa IMOU KATACKEUACAE 1€ OKOIO TNV €Viagr toug ota
OUVOAQ eKmaibeuong Kat eAéyxou Tou Tadvountn frav jn Kateubuvopeva Kal Xopig
Bapn. Eivair mbavo n oupnepidnyn kateubuvopeveoy SIKTUmV Kal S1ktiev pe Bapn
010 OUVOAO eKkraideuong tou tadvountr), va odnyouoce oe KAAutepr enidoor tou oe

MEPUTTIAOELG IIPAYVHATIKGOV SIKTUDV € AUTA Td XAPAKINPLOTIKA.

e Alagopetikr) Siaxeiplon 1V KATEUOUVOPEVOV Ypddmv. O TpoTIog TTou §1aXe1ploTKaE

Ta mpaypatikda Siktua mou nfrav Kateubuvopeva 1iav va ayvorjooupe v 1810tntd
ToUg auty. ‘'Oneg S9a PropoUcape va Ta £XOUHE AVIIHEIRITIOEL e §1adopeTko TPOTI0,

napadeiypatog xapn o6nwg ot Broido kat Clauset ownv avtiotowxn €peuva toug [70].
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Evbexopéveg oe autfjv v mepinorn KAt 1a arnotedéopata g tagvopnong Kat g

TUNPAToroinong toug va niav S1apopetikd.

e Xprjon Stapopetikou aAyopiBpou tunuartonoinong Siktuwv. T'a v eupeon 1ou PEA-

TI0T0U aAyopifpou TpNpAtTonoinong TV NPAypatike®v S1KTU®V 0 CUVIOTOOEG TTOU Xa-
paktnpiovtat and S1aPopetika Povieda, egetaoape 5 aAyopiBpoug eviormopou Kowo-
mMev. ‘Opeg undpxet €va oAU peydlo mAR00g aAyopifp@v EVIOMIOIOU KOWOTH IRV,
ouveng eivat mbavo o BéAtiotog alyoptdpog yia 1o mpoBAnpa auto va eival KArolog

e tov oroio v aoxoAnOnKape.

e EnaAnBsuon tov armoteAsopudIoVv e THV XP1 0N TOU OUVIEAEOTH] UIKEOoU Koopou. 'Eva

HEYAAO PEPOG TV MPAYHATIKOV S1IKTUGV IOV £EETACTNKAV TASIVOUTOnKe OTO0 POVIEAO
Small-World. ®a ftav eviapEpov va UTIOAOYIO0UIE TOV CUVIEAEDTH] PIKPOU KOGHOU O
yla ta diktua autd, oote va S1amotdooupe edv Ta anoteAéopatd pag enaindsvoviat

Kat pe auvtr v pébodo evrormiopou Small-World Soprg.

6.3 AwaBsopotnta NPOYyPAPRHATIOTIKOU NEPLEXONEVOU

To ouvolo 1OV apxeinv mou meplEXouv Tov K®S1KA Katl ta anoteAéopatd pag ivat dia-
9¢01p0 oTOoV IMAPAKAT® CUVEECHO:

https://github.com/FaidraA/Evolution_model_identification
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Abstract

Over the past two decades, the scientific community has engaged in vigorous dis-
course regarding the evolution models into which various types of real-world networks
are classified, accompanied by a wealth of sometimes conflicting research on the sub-
ject. Moreover, the view that a significant proportion of real-world networks consist of
components characterized by different evolution models has recently emerged. These
developments motivated the focus of the present thesis, which aims to investigate the
prevalence of each evolution model in real-world networks, as well as the validity of the
aforementioned claim. To achieve this objective, 20 network metrics were first evaluated
with respect to their suitability for use as inputs to a classifier. Subsequently, a set of 600
synthetic networks was generated, and the values of the selected metrics were computed
for them. These values were then used as training and test data for a series of classifiers,
which were evaluated to select the optimal one. The optimal classifier was employed to
classify 17 real-world networks, which were then segmented using a selected partitioning
algorithm, and the resulting components were classified as well. Analysis of the results
showed that Small-World and Scale-Free networks occur most frequently. Moreover,
the Small-World model is particularly prevalent in transportation networks, whereas the
Scale-Free model is predominantly observed as the largest component in social networks.
The Waxman model also frequently appears as a component in social networks, while
no clear pattern was observed for the remaining models. Finally, our findings support
the notion that networks can indeed consist of components characterized by different

evolution models.

Keywords

Complex Networks, Evolution Models, Machine Learning, Network Partitioning, Net-

work Classification
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Chapter E

Introduction

This chapter serves as an introduction to the present diploma thesis. It includes a
concise presentation of its subject matter, a description of the approach we followed in
order to address the problem under consideration, and information regarding its overall

structure.

1.1 Subject Matter

The presence of networks is profoundly pervasive across the vast majority of aspects
of human life. From our social interactions, transactions, and transportation, to the very
cells that make up our bodies, networks are ubiquitous. For this reason, their study has
long been a central focus of the scientific community, with the aim of better understanding
their structure and behavior.

An important tool in Network Science for accomplishing this task is network models,
which (as their name suggests) aim to model networks and their behavior [1]. Specifically,
evolution models, which are the focus of the present work, concern the evolution of a
network over time, that is, the way in which new connections are formed and consequently
the resulting structure of the network based on its past. Thus, classifying a network into
the correct evolution model based on its current state can provide a wealth of information
about its future behavior and structure [2]. For instance, knowing the evolution model
(and by extension the topology) of a power grid allows us to simulate it through a synthetic
network constructed according to that model, and facilitates robustness analysis [3].

There are several different approaches for performing this classification. In the litera-
ture, one can find methods based on theoretical metrics, as well as approaches that utilize
Artificial Intelligence tools, such as Machine Learning models and Neural Networks. Fur-
thermore, it has been suggested that many networks are better described by two or more
models corresponding to different components of the network, rather than by a single

model representing the network as a whole.

1.2 Owur Approach

Motivated by the above, we decided to investigate the identification of evolution models

in both real-world and synthetic networks, within the framework of the present thesis.
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Our approach involves the selection of a set of network metrics, following an evaluation
of their suitability for our specific problem. These metrics are subsequently calculated
for the network to be classified, and their values are used as inputs to a classifier that
has been shown to be the most effective. The classifier output provides an answer to
the question of which evolution model best describes the network. Additionally, we ex-
amine the notion that networks may sometimes consist of components characterized by
different evolution models, by segmenting them into subnetworks using an appropriate
partitioning method (which we have also selected based on performance evaluation), and
then classifying these subnetworks following the same procedure described for entire

networks.

1.3 Structure
The present thesis is organized into the following chapters:

e Chapter 2 (Theoretical Framework): Provides the reader with definitions and cer-
tain properties of the concepts used, with the aim of facilitating a smooth introduc-
tion to the subject of the thesis.

e Chapter 3 (Literature Overview): Presents a concise overview of a range of studies
relevant to the topic of this thesis, thereby outlining the scientific context in which

the research was conducted.

e Chapter 4 (Methodology): Details the methods and technologies employed to

achieve the objectives of the thesis, as well as the criteria that guided their selection.

e Chapter 5 (Results): Contains the results of the experimental part of the thesis

and certain observations on them, along with the decisions made based on them.

e Chapter 6 (Conclusion): Summarizes the methodology and results, presents the
conclusions drawn from our findings, and proposes directions for potential future

research.
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Chapter E

Theoretical Framework

In this chapter, we provide information regarding the key concepts used in this work,
as well as the technologies required for the implementation of its experimental part. To
be exact, we will analyze concepts and algorithms related to Graphs, Complex networks,

and Machine Learning.

2.1 Graph Theory Fundamentals

2.1.1 Graph Definition

A graph is the mathematical representation of a set of objects, and the relationships
between them. These objects constitute the vertices V of the graph, while the relation-
ships between them are represented by the graph’s edges E. Therefore, a graph can be
mathematically represented by the pair of sets {V, E}. [4] [5]

Graphs are frequently referred to as networks, as they are a highly important tool
for the study and representation of both real-world and synthetic networks, to the extent
that these two concepts are at times regarded as equivalent. For example, a group of
classmates constitutes a social network that can be represented by a graph, wherein the
nodes correspond to the students and the edges denote the friendships among them. [6]
[5]

Figure 2.1. Example of a graph with 6 nodes and 7 edges
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2.1.2 Graph Properties
Directedness

A graph is called undirected if each edge (v, vj) is equivalent to the edge (v, vy),
where v; and v; are the nodes incident to the edge. In such a graph, each edge denotes a
bidirectional relationship. An example of a network represented by an undirected graph is
a social networking platform where symmetric friendships are formed between members
(e.g. Facebook). [5]

Conversely, a graph is called directed if the edges v; and v; are distinct from each
other. In this case, each edge is considered to have a specific direction, indicated by the
order in which the incident nodes are listed in the pair. Thus, the relationship represented
by each edge is one-way. Similarly, an example of a network represented by a directed
graph is a social networking platform where asymmetric “follower-following” relationships

are formed between members (e.g. X). [5]

Undirected Graph Directed Graph

Figure 2.2. Two graphs: On the left an undirected one, On the right a directed one
[7]

Weighted Graph Unweighted Graph

Figure 2.3. Two graphs: On the left a weighted one, On the right an unweighted one
[7]

Weightedness

A graph is termed weighted when each edge is assigned a numerical value, which

constitutes the weight of the edge, and unweighted in the opposite case. The weight of an
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edge represents the value of some characteristic of the connection to which it corresponds,
thereby differentiating the connections and enabling the modeling of phenomena such as
cost, distance, capacity, and others. In unweighted graphs, all edges (and therefore all

connections) are considered equivalent to one another. [5]

Adjacency and Walks

Two nodes v;, vj are called neighbors if there exists an edge (v;, vj) or (v;, v;) connect-
ing them. The number of neighbors of a node constitutes its degree in the case of an
unweighted graph. In a weighted graph, the degree of a node is defined as the sum of
the weights of all the edges that connect it to its neighbors [8]. In directed graphs, the
in-degree and out-degree of a node are defined as the number of edges directed toward or
away from the node, respectively.

If there exists a sequence of edges (and corresponding vertices) that can be followed
to travel from node v; to node v;, then this sequence is called a walk between v; and vj.
If no edge is repeated along the walk, it is called a trail, and if, in addition, no vertex is

repeated, it is called a path. [9]

Connectivity and Components

A graph is called connected if there exists at least one walk between any two of its
nodes (ignoring the possible directions of the edges), and disconnected otherwise. If
the graph is directed and connected, then it is called strongly connected if it remains
connected when the edge directions are taken into account, otherwise it is called weakly
connected. [10]

A connected component of a graph consists of a subset of the graph’s vertices and
edges (i.e. a subgraph) that is connected. Every graph contains at least one connected
component. By removing edges from a graph, it can be split into multiple connected
components, a technique commonly used in many graph algorithms (for example in those

aimed at community detection). [10]

Figure 2.4. A disconnected graph with two connected components
[10]

2.1.3 Graph Representation

Graphs are typically represented either by means of an adjacency matrix or by means

of an adjacency list.
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Adjacency Matrix

The adjacency matrix of an unweighted graph is a matrix of size N X N, where N is the
number of vertices in the graph. If the graph is undirected, then the entries in the matrix
with coordinates (i,j) and (j, i) contain the number 1 if there exists an edge connecting
nodes v; and v;, and O otherwise. If the graph is directed, then the entry with coordinates
(i.j) contains 1 only if there exists an edge (v;, vj) (that is, from node i to node j), and O
otherwise. [11]

For a weighted graph, the same applies, except that the presence of an edge in the

adjacency matrix is not denoted by the number 1, but by its weight. [12]

2 1 1

Undirected Graph Adjacency Matrix Directed Graph Adjacency Matrix

Graph Representation of Undirected graph to Adjacency Matrix Graph Representation of Directed graph to Adjacency Matrix

(@) (b)

Figure 2.5. Examples of unweighted graphs and their corresponding adjacency matrices:
(a) Undirected graph, (b) Directed graph
[11]

Adjacency List

Array Linked List

Array Linked List

(@ (b)

Figure 2.6. Examples of graphs and their corresponding adjacency lists: (a) Undirected
graph, (b) Directed graph
[11]

The adjacency list of an unweighted graph consists of an array of size N X 1, where
at each position i there is a linked list containing all the neighbors of v;. If the graph
is directed, then the neighbor list of a node v; includes only those neighbors v; that are
connected to it by an edge directed from v; to v; (that is, edge (v, vj)). If the graph is
undirected, then all neighbors of a node are included in the corresponding list, since the

relationships are bidirectional. [11]
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For a weighted graph, all the above applies, along with the fact that, together with
each neighbor v; of a node v; recorded in the adjacency list of v;, the weight of the edge
(vi, vy) is also recorded. Thus, each element of the neighbor list of a node contains two
values: the identifier of a neighboring node, and the weight of the edge connecting them.
[12]

2.2 Complex Networks

2.2.1 Complex Network Definition

A network is a representation of a system, through its nodes which represent the
entities of the system, and its edges which represent the relationships or interactions
between these entities. A complex network is a network whose structure is intricate,
in terms of the volume of information it represents and contains. Examples of complex
networks include road networks, protein-protein interaction networks, the World Wide

Web, trade networks, collaboration networks, citation networks, and others. [13]

Figure 2.7. Different types of networks: (Top left) Representation of an electronic circuit,
(Top right) Representation of the interactions of a group of researchers at a West Virginia
university, (Bottom left) Representation of the protein-protein interactions of a strain of
the Herpes virus, (Bottom right) Representation of a connected component of the metabolic
network of Helicobacter pylori as a directed network

[13]

2.2.2 Evolution Models of Complex Networks

In this subsection, we will present the evolution models that this work aims to identify

in complex networks.

Random Graphs

A Random Graph is a graph in which the probability of an edge existing between
two vertices is independent of the properties of those vertices and depends only on some
probability measure. In the vast majority of cases, a Random Graph is represented using

one of the following two models: the Erdos-Renyi model (G(n, m)) or the Gilbert model
(G(n, p)). [14]
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e Erdos-Renyi (G(n, m)): In this model, one graph is chosen uniformly at random

from all possible graphs with n vertices and m edges. [14]

e Gilbert (G(n, p)): In this model, the graph consists of n vertices, and each possible

edge is independently formed with probability p.[14]

Some examples of network categories where these models find application are social
networks, biological networks, and the World Wide Web. [14]

Spatial Networks

A Spatial Network is a network (or graph) in which the probability of the existence of
an edge is determined by some measure of distance between the nodes it connects. [15]
In the context of this work, among all models for representing Spatial Networks, the ones
that were selected were the Random Geometric Graph (G(n, r)) and the Waxman model
(G, g, s)).

e Random Geometric Graph (G(n, r)): In this model, n points are chosen at random
positions in a plane, which will form the nodes of the graph, and any nodes whose

distance is less than or equal to r are connected by an edge. [16]

e Waxman (G(n, q, s)): In this model, n points are chosen at random positions in a
plane (usually within the unit square), which will form the nodes of the graph, and
each possible edge between two nodes i, j is formed with probability p(d;) = qe 5%,

where dj; is the distance between them. [17]

These models find application in network types where geographical distance is im-
portant, such as mobile phone networks, road networks, and networks of interactions
between certain animals. [16] [17]

Finally, it should be noted that randomness is introduced in both of these models,
and therefore they can be considered a subcategory of Random Graphs. In other words,

they are both Random and Spatial graphs at the same time. [16] [17]

Scale-Free Networks

A Scale-Free network is a network, or graph, in which the probability that a randomly
selected node has exactly k neighbors decreases exponentially as a function of Ik, that is,
it follows the Power Law distribution P(k) ~ k™Y, where y is a parameter typically in the
range 2 < y < 3. [18] [19] The name "Scale-Free Network" comes from the fact that this
exponential degree distribution is independent of the network’s size (scale).

The model used for these networks is named Barabasi-Albert G(n, m), where n is
the number of nodes and m is the number of edges added each time a new node enters,
connecting it to the existing nodes. [5] [20]

Such networks, wherein new nodes are more likely to connect to existing nodes with
a high degree (preferential attachment phenomenon) [5], are very common in nature

(especially in the case of social networks). This model, for example, can be used to
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represent various types of networks such as the World Wide Web, human sexual contact

networks, and cellular chemical networks. [18]

Small-World Networks

Small-World networks constitute an intermediate model between Regular Graphs
(graphs in which all nodes have the same degree) and Random Graphs. This is achieved
via the Watts-Strogatz G(n, k, p) model as follows: starting from a Regular Ring Graph
with n nodes where each is connected to its k nearest neighbors, each edge (v;, v)) is
rewired with probability p to become (v;, v,,), where vy, is a different randomly selected
node of the graph, provided that the edge (v;, v,,) does not already exist. [21]

These networks get their name from the "small-world phenomenon", also known as "6
degrees of separation”, since the average distance between two nodes in such a graph is
approximately 6 edges long. Some examples of networks represented by this model are
the neural network of the Caenorhabditis elegans worm, the US electrical grid, and actor

collaboration networks. [21]

2.2.3 Complex Network Metrics

In this subsection, we present the complex network metrics employed for the purposes

of the present work.

Degree Distribution

The degree distribution of a network shows the number of nodes exhibiting a specific
degree, for each degree observed in the network. This metric is of considerable analyt-
ical importance, as several of the models under examination display distinctive degree
distribution patterns (for instance, the degree distribution of a Scale-Free network is
characterized by the Power Law). The average degree is the mean of the degrees of all

nodes in the network and likewise constitutes valuable information about it. [22]

Average Path Length

The shortest path between two nodes is the path with the shortest length (i.e. the
fewest number of edges) that connects them. The term average path length refers to the
mean length of the shortest paths between any two nodes in the graph. [23] It can be

mathematically defined as [ = 2.z (v, vy), where d(v;, vy) is the distance (shortest

1
NV-1)
path) between nodes v; and v;, and N is the number of nodes in the graph. [5]

It constitutes a valuable metric that can provide indicative insight into a graph. An il-
lustrative example is the six-degrees-of-separation property, which pertains to the average

path length and is characteristic of Small-World graphs. [23] [5]

Diameter

The diameter of a graph is the maximum distance between any two nodes in the

graph. It can be mathematically defined as diam = maxy, yev(d(v;, v)), where d(v;, vy)
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denotes the distance between the nodes v; and v;, and V is the set of nodes of the graph.

The diameter provides important information about a network, as the upper bound of
distances within it. For example, in the case of a communication network, the diameter
is indicative of the transmission time and the signal attenuation involved in sending a

message in the worst-case scenario. [24]

Centrality Measures

Centrality measures are metrics that aim to identify the most important (or most
influential) nodes, according to various criteria. [5] The centrality measures employed in

the present study are as follows:

e Closeness Centrality: Refers to the proximity of a node to all other nodes in the
graph to which it belongs, and is therefore inversely proportional to the sum of
its distances to all other nodes. It is mathematically defined as C¢(v;) = m

Starting from a node with high closeness centrality allows one to reach other parts

of the network more quickly. It constitutes one of the most widely used metrics for

network analysis. [5]

e Information Centrality: Concerns the flow of information within a network, as it
considers all possible paths between two nodes and evaluates the amount of infor-
mation passing through them (which is inversely proportional to the path length).
The information centrality of a node is defined as the harmonic mean of the infor-
mation contained in all paths originating from that node, and is mathematically
defined as C;(i) = =", where n is the number of nodes in the graph, and I is the
amount of informat;_c;rf in the path between v; and v; (represented as a matrix when
multiple paths exist). Information centrality is related to closeness centrality, as it

coincides with the current flow closeness centrality. [25] [26]

e Harmonic Centrality: Aims to address the issue introduced by the possible ab-
sence of a path from one node to another in the computation of closeness central-
ity. This is achieved by replacing the mean distance with the harmonic mean of
the distances, therefore harmonic centrality is mathematically defined as Cy(i) =
iz m Although the difference from closeness centrality may appear minor,
in practice this modification yields substantially different results and facilitates the

analysis of weakly connected networks. [27]

e Betweenness Centrality: The betweenness centrality of a node v equals the num-
ber of shortest paths between other nodes that pass through it, and serves as a

measure of a node’s influence on the flow of information between other nodes. It is

ost(v)
Ost ’

of shortest paths from node s to node t, and os(v) denotes the number of shortest

mathematically defined as Cnyp(V) = ) grpst

where o denotes the total number

paths from s to t that pass through v. [28] Respectively, the betweenness centrality
of an edge e is defined as Cgg(e) = > ¢4t ojg—s(te) [29] [30]
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Assortativity

Assortativity constitutes a measure of the tendency of a graph’s nodes to connect
to other similar nodes. Various criteria for determining node similarity exist, with the
most common one being their degree. In this case, degree assortativity constitutes a
Pearson correlation, and can be mathematically defined as r = olg[(z ke i) — ug], where
e denotes the joint probability distribution of two neighboring nodes having degrees j
and k respectively, while og and ug represent the standard deviation and the mean value
of the degree probability distribution of the network. [31]

Assortativity assumes values in the interval [-1, 1], with r = 1 meaning that all nodes
have neighbors exclusively of the same degree as their own, r = —1 meaning that no node
has a neighbor of the same degree as its own, and r = O indicating that any node may
be connected randomly to any other. In general, positive assortativity values indicate
that nodes tend to connect with similar ones, whereas negative values suggest the oppo-
site. This tendency in a network depends on its nature: for example, a social network
of friendships between individuals is likely to exhibit positive assortativity, whereas a
network representing a food chain is likely to exhibit negative assortativity. Thus, assor-
tativity can serve as a strong indicator of the structure, and therefore the evolution model
that a network follows. [31]

2.2.4 Network Partitioning Methods

In this subsection, we will discuss several methods by which a network can be parti-

tioned into subnetworks (or subgraphs).

Community Detection

A community can be defined as a group of nodes that interact more frequently and
are more strongly connected to each other compared to the other nodes in the network.
These nodes may also be closer to each other, either in terms of distance or in terms of
similarity. [32] [33]

Community detection is the process that aims to identify the communities within
a network and can be implemented using many different algorithms. [33] The metric
most frequently used to evaluate the quality of a network’s partition into communities is
called modularity, which measures the density of edges within communities compared to
the density of edges whose endpoints belong to different communities. Modularity takes
values in the range [—1, 1] and is mathematically expressed as Q = ﬁ i J(Ay—%)é(ci, G,
where m is the number of edges in the graph, Ay is the value at position (i, j) of the graph’s
adjacency matrix, k; and k;j are the degrees of nodes v; and v; respectively, ¢; and ¢; are the
communities to which v; and v; belong respectively, and 6 is the function 6(u, v), which

equals 1 if u = v and O otherwise. [34] [8]

The following section provides a description of the algorithms used in the context of

the present work:
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e Girvan-Newmann: This algorithm is based on betweenness centrality. Specifically,
it removes edges with the highest betweenness, under the assumption that these
edges act as bridges between different communities, thereby partitioning the graph
into separate communities. Edge removal stops either when the graph has been
divided into a specific number of communities defined by the programmer, or when
all edges have been removed from the graph. The quality of each resulting partition
can be evaluated using a metric (e.g., modularity) to identify the optimal one. The
Girvan-Newmann algorithm has a time complexity of O(m?n), where n is the number
of nodes and m the number of edges. Although originally designed for undirected,
unweighted graphs, it has been generalized to work with directed and weighted
graphs as well. [30] [33] [8]

e Walktrap: This algorithm is based on the observation that random walks on a
graph tend to become “trapped” within densely connected parts of the graph, which
correspond to communities. Random walks are walks in a graph formed by starting
at a node and, at each step, randomly selecting the next node from the neighbors of

the current node. If the current node is v;, the probability of transitioning to v; is Py =

Ay
d(i)’
the degree of v;. The sequence of nodes that constitutes the walk is a Markov chain,

where Aj is the entry at position (i, j) of the graph’s adjacency matrix, and d(i) is

with states corresponding to the graph’s nodes and transition probability equal to
P; at each step. The algorithm applies only to undirected graphs, whether weighted
or unweighted. Its worst-case time and space complexities are O(mn?) and O(n?)
respectively, while its average-case time and space complexities are O(n? log(n)) and

O(nz) respectively. [35]

e Infomap: This algorithm uses the probability flow of random walks on a graph
(i.e., the entry and exit probabilities for each node) to partition it according to the
flow of information within it. Groups of nodes through which information moves
quickly and easily are considered strongly connected and form communities. More
precisely, the algorithm uses a map function that takes a graph partition as input
and calculates the average length of a random walk within it, aiming to identify the
partition that minimizes the average walk length. The subgraphs in this optimal
partition correspond to communities, since shorter random walks indicate denser
connections and faster information flow. Infomap can be applied to any type of

graph (directed or undirected, weighted or unweighted). [36]

e Leiden: This algorithm constitutes an improved version of a different community
detection algorithm, Louvain. Louvain is based on modularity maximization. Ini-
tially, each node is assigned to a separate community, and iterative attempts to
merge communities are made, so that the resulting community has higher mod-
ularity than the initial ones. When modularity can no longer be increased, each
community is replaced by a single node and the process is repeated until modular-
ity is maximized as much as possible. This process can sometimes result in final

communities that are poorly connected or even disconnected. Leiden does not suf-
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fer from the problem of disconnected communities and additionally produces better
results while running faster. [34] [37] This algorithm applies only to undirected

graphs, with or without weights. [33]

e Spectral Clustering: This algorithm groups nodes into k communities based on
their similarity, which is computed from the first k eigenvectors of the graph Lapla-
cian (L = D— W, where D is the diagonal matrix containing the degrees of the nodes
and W is the adjacency matrix of the graph). An interesting observation, here, is
that the eigenvalues of the Laplacian matrix are qualitatively related to the graph,
in various ways. For example, in a connected graph, the eigenvalue O always has
multiplicity 1, while the first nonzero eigenvalue indicates how well-connected the
graph is, with larger values corresponding to more connections. It is also notewor-
thy that the eigenvalues are in ascending order of value, with the first one always
equal to 0. Spectral Clustering is not used exclusively for community detection in
graphs, but for a wide range of problems. However, when executed on a graph’s
adjacency matrix, it can provide a very good partition of the graph. [38] [39] It is
mainly applied to undirected graphs, but it can be adapted for directed graphs as
well. [40] Additionally, it can be applied to both weighted and unweighted graphs.
[39]

2.3 Machine Learning

2.3.1 Machine Learning Definition

Machine Learning is a computer science field that focuses on algorithms and methods
for automating the solution of complex problems, which are otherwise difficult to address

through conventional programming approaches. [41]

More precisely, in contrast to the conventional approach in which the programmer
defines a set of instructions to solve a problem, machine learning algorithms address the
problem autonomously, by generating a set of rules called a model and which is trained
on data to make predictions for new inputs. This facilitates the resolution of complex
tasks such as data classification (e.g., the categorization of email as spam or not spam),
text recognition from images, speech recognition, and autonomous driving, among others.
[41]

Machine learning algorithms tend to produce more accurate results, as the rules they
generate are based solely on the data and are therefore more objective than those defined
by a potentially biased programmer. On the other hand, the fact that we do not know
exactly how they arrived at a particular decision poses a challenge, as it reduces our trust
in it, especially in critical contexts such as medical diagnoses. [41] This issue (known as
the Black Box Problem) is being actively studied and addressed within the research field
of Explainable Artificial Intelligence. [42]
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2.3.2 Supervised and Unsupervised Learning

The data on which a machine learning algorithm is trained can be either labeled or
unlabeled, depending on whether they have an associated label or not. A label is a feature
or category to which a data sample belongs, and which is intended to be predicted for a
new input in a machine learning problem based on labeled data. Accordingly, machine
learning is classified as Supervised when it involves algorithms designed for problems
with labeled data, and as Unsupervised when the data are unlabeled. [43]

Supervised Learning deals with classification problems, which are discussed in the
following subsection, and regression problems, where the task is to predict a numerical
output (the label) from the input features. Examples of such problems include the separa-
tion of emails into spam and not spam (classification), and the prediction of a company’s
future revenues based on its past revenues (regression). [43]

Unsupervised Learning primarily deals with clustering problems, where data need
to be grouped according to their similarity, association problems, where the goal is to
discover relationships and correlations among data based on the values of their fea-
tures, and dimensionality reduction problems, where the number of features must be
reduced without compromising the quality of the information they provide. Examples
of such problems include market segmentation based on similarities among consumers
(clustering), the implementation of a recommendation system for an e-Commerce website

(association), and denoising image data to improve clarity (dimensionality reduction). [43]
2.3.3 Classifiers

Classifier Definition

The problem of classification involves selecting the category (class) to which a new
input belongs, from a set of possible categories. A classifier is a model trained on a set
of labeled data, in order to solve the classification problem. The set of possible classes
into which a classifier can place a new input is the set of the different labels present in
the training data. Many different machine learning techniques can be used to build a

classifier, such as Neural Networks, Random Forests, Markov models, and others. [44]

Classifier Performance Metrics

Classifier performance is typically evaluated using precision, recall, accuracy, and
the F1 score [45]. Before proceeding, it is necessary to define the following concepts for
a binary classifier (i.e., one that chooses between only two classes), where one class is

designated as positive and the other as negative:

e True Positive: The input is positive, and is determined to be positive
e False Positive: The input is negative, and is determined to be positive
e True Negative: The input is negative, and is determined to be negative

e False Negative: The input is positive, and is determined to be negative
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[46] [47]
Actual Positive Class Actual Negative Class
Predicted Positive Class True positive (tp) False negative (fn)
Predicted Negative Class False positive (fp) True negative (m)

Figure 2.8. Table illustrating the definitions of the above terms
[46]

We can now define the aforementioned metrics as follows:

TP
TP+FP

Precision =

(the proportion of true positives among all inputs classified as

positive)

Recall = % (the proportion of true positives among all actual positive inputs)

TP+TN

® Accuracy = spip N N

(the proportion of correctly classified inputs among all

inputs)

ision-recall . .
F1 Score = 2% (the harmonic mean of precision and recall)

[46] [47]

For classifiers that categorize inputs into more than two classes (multi-class classi-
fication), precision and recall can be computed using either the macroscopic approach
(macro precision and macro recall) or the microscopic approach (micro precision and mi-
cro recall). The macroscopic approach is generally preferred, since with the microscopic
approach, precision equals recall, and accuracy equals the F1 score. [47]

With the macroscopic approach, precision and recall are calculated for each class,
and then their average is calculated to obtain the overall metric for the classifier. The
concepts of true positives, false positives, and false negatives are generalized as follows:
true positives for a class k are the instances that actually belong to that class and
are correctly classified as such, false positives are those classified as k but in fact
belong to a different class, and false negatives are those classified as a different class
but actually belong to k. (Note: the table containing the counts of true positives, false
positives, and false negatives for all classes is called a confusion matrix.) The formulas
for calculating overall precision and recall remain the same, using these generalized
definitions. Similarly, the F1 score is computed as the harmonic mean of overall precision
and recall, while accuracy continues to be defined as the proportion of correctly classified

inputs among all inputs. [47]
Classifier Examples
The classifiers employed in this study are summarized below:

e Support Vector Classifier (SVC) and Linear Support Vector Classifier (Linear
SVC): This classifier is a type of Support Vector Machine (SVM), hence its name.
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An SVM is a model whose training algorithm’s objective is to find the optimal hyper-
plane that separates the regions formed by the members of each class in a geometric
space, where the axes correspond to the features of the data (e.g., if the data have
7 features, we obtain a 7-dimensional space, with each axis representing the val-
ues of one feature). The members of each class that lie closest to the hyperplane
constitute the support vectors, from which the classifier derives its name. The
optimal hyperplane is defined as the one that maximizes the distance between itself
and the support vectors. If the classes are linearly separable, meaning the bound-
ary between them can be a straight line, then we can use a (Linear SVC) which
specifically seeks a straight line as the boundary (and not a non-linear boundary
as in the general case of the SVC). In both cases, the space is divided into regions
corresponding to each class, and a new input is classified based on the region in

which it is placed according to its feature values. [48]

e k-Nearest Neighbors Classifier (k-NN): This classifier also relies on the position
of a new input relative to the training data in a geometric space defined exactly
as described for SVMs. In this case, the k nearest neighbors of a new input are
identified (i.e., the training samples with the smallest distance from the new input),
and the class of the new input is determined according to the majority class among
these k nearest neighbors. In some cases, the exact distances of the neighbors
from the input are also taken into account as weights in the decision process, with
smaller distances corresponding to greater weights. The selection of the appropriate
value of k is of crucial importance for the performance of this classifier and must be
done carefully. Several methods exist for this purpose, the simplest being to repeat
the classification with different values of k and select the one that yields the best

results according to the chosen classifier performance metrics. [49]

¢ Ensemble Classifiers: Ensemble classifiers are a category of classifiers that consist
of and utilize a combination of other, simpler classifiers in order to achieve better

overall performance. [48] Some of them are the following:

a) AdaBoost: This classifier relies on the assignment of weights to all training
samples, which are initially equal. After the training of each (weak) classifier that it
consists of, the error is calculated for each of the training samples. If an error occurs
for a sample, its weight is increased, whereas if no error occurs, it is decreased. This
forces the classifiers to focus on their weak points, resulting in their improvement.

Thus, a stronger overall classifier eventually emerges. [50]

b) Gradient Boosting: This classifier consists of many individual simple classifiers,
which are trained sequentially. All the individual classifiers are correlated with the
negative gradient of the ensemble classifier’s loss function, so that after training
each one, the loss value decreases. Thus, the overall classifier continuously im-
proves. The loss function can be arbitrary, and its choice depends on the problem
at hand. [51]

c) Bagging (Bootstrap Aggregating): This classifier consists of many (usually un-
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stable) classifiers, each trained on a different bootstrap sample of the training data.
A bootstrap sample is a subset of the training data selected uniformly at random,
while a sample selected for a bootstrap is not removed from the set and can be rese-
lected for another bootstrap. Thus, each bootstrap contains a mixture of unique and
repeated training samples. The final decision of the ensemble classifier is obtained
through voting, that is, the input is assigned to the class chosen by the majority
of the individual classifiers. In this way, the ensemble classifier is more accurate
than the individual ones, as errors due to overfitting (i.e., excessive adaptation of

the classifier to the training data) and statistical variance are reduced. [52]

d) Random Forest: This classifier consists of many Decision Trees, which are
simple classifiers that operate by recursively splitting the data into subsets. Specif-
ically, a tree is constructed starting from the root, and depending on the value of
one of the data features (chosen based on a gain criterion), each node branches out
to two children until all features are exhausted and we reach the leaves of the tree.
A new input is classified by following the path determined by its feature values, from
the root of the tree to a leaf. [53] A Random Forest trains the Trees it consists of on
different subsets of both the training data and the features, which are selected from
the pool of training data and features exactly as described for the Bagging classi-
fier. In the end, the classification result is again determined by voting, meaning the
decision of the majority of the Trees is selected. This procedure yields much better

results than using a single Decision Tree. [54]

A B Optimal Hyperplane
L ] @
e ® o @ e
. .9 @
P =y P ®
‘:_ s /:. . . . ‘:_' - .
= _ @ =
3 @ ® 3 ‘ 9. @
b ® . ® = ~_ . T Support
@ @ & —
e e Vectors
® e @ @ ¢
@ Class Label 1 @ Class Label 1
@ Class Label 2 @ Class Label 2
Feature 1 Feature 1
C D

Net Charge @ @
O

Anionic Cationic 7 / @

Stiffness Stiffness X\ = (01 ) ATAN @

= SKW kPa £ 2.1kPa >2.1kPa \ T @

Gene Gene Gene Gene Input Layer  Hidden Layers  Output Layer
Expression Expression Expression Expression

Profile 1 Profile 2 Profile 3 Profile 4 Features Labels

)

®

®

a

Figure 2.9. A: A k-nearest neighbors classifier with k = 4 in a classification problem
where the data have two features, B: A linear SVC in a classification problem where the
data have two features, C: A Decision Tree in a classification problem where the data have
two features, D: A Neural Network with one input layer, two hidden layers, and one output
layer (not examined in the present section)

[55]
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Figure 2.10. A generalized description of the structure and operation of Ensemble Classi-
fiers: An Ensemble Classifier consists of multiple individual classifiers, which are trained
on the problem’s dataset. When a new input is to be classified, the operation or the results
of the individual classifiers are appropriately combined, so that the Ensemble Classifier
reaches an overall decision.

(56]
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Chapter E

Literature Overview

This chapter provides a concise overview of much of the existing research and litera-
ture on the classification of networks into evolution models, which is quite limited. Fur-
thermore, it presents the article on the prevalence of the Scale-Free model in real-world
networks, which inspired the research topic of the present thesis, along with several other

articles related to this subject.

3.1 General references on the classification of networks into

models

3.1.1 Graph classification using theoretical metrics

Linhong Zhu, Wee Keong Ng, and Shuguo Han investigated the classification of graphs
based on some of their features and attempted to determine the optimal features for this
task. To achieve their goal, they used the following 12 metrics as the features representing
each graph: Clustering Coefficient, Average Path Length, Global Efficiency, Node Degree
Distribution, Coreness, Density, Girth, Circumference, Connectivity, Vertex Compression
Ratio, Edge Compression Ratio, and Acyclicity. Furthermore, they developed an algorithm
for selecting the most representative and discriminative features, treating this selection
as an optimization problem. [57]

The algorithm returned 8 of the above features, which were then used to represent
a total of 300 graphs (both real-world and synthetic), assigning a feature vector to each
graph. Each of these graphs was also assigned a label from three possible options (IN-
TERVAL, HOPI, and DUAL), depending on which of these was evaluated as the optimal
index-solution to the reachability index selection problem (that is, the problem of choos-
ing the appropriate data structure for storing information about the feasibility of reaching
any node from any other). This evaluation was based on computing the total access time
of one million random queries on the graph for each possible choice. The majority of these
300 graphs were used as training data for two classifiers, namely a k-nearest neighbors
classifier (k-NN) and a reverse k-nearest neighbors classifier (Ri-NN), while the remainder
were used as test data for the aforementioned classifiers. [57]

Finally, the performance of the two classifiers was compared based on their accuracy

and micro precision, as well as their execution time and memory consumption. It was
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found that k-NN has shorter execution time and consumes less memory, but Ri-NN
performs better in terms of accuracy and micro precision (though its results are less
stable). The results demonstrated that graph classification based on their appropriate

features is indeed feasible. [57]

The previous publication did not directly address graph classification into evolution
models, but it demonstrated that graph classification through metrics is feasible, a tech-
nique also used in the present work. Regarding the selection of suitable metrics for our
problem, we can refer to sources such as the article by Reka Albert and Albert-Laszlo
Barabasi [58] or the book by Sergey Dorogovtsev and José Fernando Mendes [59], which
describe in detail several of the evolution models we used and identify their most repre-
sentative features. Additionally, the publication by Gabor Szarnyas, Zsolt Kévari, Agnes
Salanki, and Daniel Varré [60] examines a wide range of metrics regarding how charac-
teristic they are for a graph, based on criteria of homogeneity (i.e., the extent to which
networks belonging to the same category have similar values of the metric) and distinc-
tiveness (i.e., the extent to which networks in different categories have different metric

values).

3.1.2 Graph classification using Neural Networks

Another important tool for graph classification, which has been the subject of exten-
sive research, is Neural Networks. These offer various advantages in cases where the
method of selecting theoretical metrics to represent the graphs is not effective. For exam-
ple, John Boaz Lee, Ryan Rossi, and Xiangnan Kong [61] attempt to address the issues
that may arise with the aforementioned method due to the presence of noise in real-world
networks by constructing a Recurrent Neural Network. This model draws information
only from the neighborhoods of certain characteristic nodes in the network, which are
selected via walks guided by an attention mechanism. This approach allows noise to be
ignored and reduces computational costs. Furthermore, in the examined datasets, it was
found to have greater accuracy than other methods that consider the entire graph, which
in fact increases even further when external memory is incorporated.

Another type of Neural Network that is extremely useful for network classification is
Graph Neural Networks (or GNNs), which are specifically designed for processing data in
graph format. GNNs automatically and efficiently extract the representative features of a
graph, a fact which has increased their popularity and consequently the number of exist-
ing models. Federico Errica, Marco Podda, Davide Bacciu, and Alessio Micheli [62] have
conducted a detailed evaluation and comparison of various popular GNN models for graph
classification (with the GIN model by Xu et al. [63] appearing to have the highest overall
accuracy among those studied), which can prove very useful for selecting the appropri-
ate model for a classification problem. Finally, it should be noted that although these
models are designed for graph classification across arbitrary categories, they can also be
employed for classifying graphs into evolution models, making them directly relevant to

the research topic of the present work.
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3.1.3 Evolution model identification in real-world networks
Technological Networks

Balint Hartmann and Viktéria Sugar, motivated by the controversial view that power
grids can be represented either by the Small-World model or the Scale-Free model, de-
cided to study the Hungarian power grid using data spanning 70 years in order to deter-
mine whether it can indeed be represented by one of these two models and whether this
changes over time. To achieve their goal, they constructed a graph for each year (a total
of 70 graphs), with nodes corresponding to generators, transformers, and substations,
and edges representing transmission lines. To assess whether the graphs could be clas-
sified as Small-World, they employed the small-world coefficient o and the » metric (as
proposed by Telesford et al. [64]), while for Scale-Free classification they used the degree
distribution. In addition, they calculated several other metrics to study the evolution
of the power grid over time. The results revealed significant changes during the first 20
years and a stabilization of metric values over the subsequent 50 years, which they linked
to historical events such as the construction of a new power plant and the addition of
new transmission lines. They concluded that these events also influenced the network’s
evolution model, as they found that the grid could be categorized as Small-World during
the last 50 years of their study, but not in the first 20. This shift was associated with the
addition of different voltage levels to the network. Furthermore, they concluded that the
Scale-Free model is not representative of this network at any point in time. [65]

The above study is not the only one that aims to detect an evolution model in power
grids, as this knowledge is useful for solving important problems such as the construction
of synthetic power grids to simulate real-world ones and robustness analysis. Among
the numerous studies on European, American, and Asian power grids, we choose to
also present, as an additional example, the study of Rafael Espejo, Sara Lumbreras,
and Andres Ramos on 15 European electrical distribution networks. This research is
thorough and investigates in depth the structure of these 15 networks, examining the
voltage levels of each distribution network (220 kV and 400 kV) both as separate networks
and combined. They employ six metrics to analyze the network topology, of which the one
most directly related to the subject of the present thesis is the small-world coefficient o,
as it is used to evaluate whether a network can be considered Small-World. The results
show that when the two voltage levels are examined together (that is, combined into a
single graph), the distribution networks of all the countries can be considered Small-
World. In contrast, when the voltage levels are examined separately (that is, represented
by two different graphs), a minority of them cannot be considered Small-World, which
is attributed to differences in the structure of each country’s network. These findings

appear to be in agreement with the conclusions of Hartmann and Sugar. [3]

Biological Networks

Another field in which efforts are being made to detect evolution models is that of

biological networks, with the aim of better understanding them. Given that various types
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of biological networks such as metabolic networks, protein-protein interaction networks,
and gene interaction and expression networks have been observed to display Scale-Free
behavior, Raya Khanin and Ernst Wit set out to investigate whether biological networks
can indeed be considered Scale-Free. To this end, they focused on networks that had
already been classified as Scale-Free by other researchers, who had relied on fitting a
straight line to the degree distribution on a log-log plot. First, they estimated the exponent
y of the power law distribution for each of these networks using the statistical method of
maximum likelihood. Next, they performed a goodness-of-fit test to determine whether
the networks truly followed the power law distribution corresponding to the estimated
y. The results of this analysis showed that the networks under consideration cannot
ultimately be characterized as Scale-Free, since their degree distributions do not follow
a power law distribution. Khanin and Wit further note that their findings are consistent
with those of Stumpf et al. [66], emphasizing the need for further research on the topology
of biological networks. Indeed, the question of which evolution model biological networks

follow remains open. [67]

Transportation Networks

Efforts to identify evolution models are also being carried out for transportation net-
works. Bin Jiang and Christophe Claramunt, motivated by the utility of network analysis
in the field of Geographic Information Systems, examined a set of characteristics of cer-
tain transportation networks, including whether they exhibit Small-World or Scale-Free
behavior. The networks studied were the street networks of Géavle (Sweden), Munich
(Germany), and San Francisco (USA), while the criterion for the presence of Scale-Free
behavior was the shape of the cumulative probability distribution of street connectivity
on a log-log plot. The results showed that none of the street networks of these cities
are characterized by the Scale-Free model. Regarding the assessment of Small-World
behavior, this was carried out using the values of the networks’ average path length and
clustering coefficient, which indicated that these networks can indeed be classified as
Small-World. Consequently, Jiang and Claramunt concluded that urban street networks
are not Scale-Free but Small-World [68].

Another study addressing the identification of an evolution model in a transportation
network is that of Sen et al., which focuses on the structural analysis of the Indian Rail-
way Network. In this context, they examined whether the network can be classified as
Small-World or Scale-Free, using criteria similar to those applied by Jiang and Clara-
munt. Specifically, the average path length and clustering coefficient were again used to
detect Small-World behavior, while the shape of the degree distribution and Clustering
Coefficient were used for Scale-Free behavior. Based on the results, Sen et al. concluded
that the Indian Railway Network belongs to the category of Small-World networks, but not
to that of Scale-Free networks, and they argued that these findings can be generalized to

the railway network of any country [69].
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3.2 The prevalence of the Scale-Free model in real-world net-

works

3.2.1 Scale-free networks are rare

Scale-Free networks are a popular subject of study in network science, as they are con-
sidered to represent a large portion of real-world networks. Although there is a plethora
of research supporting this claim, there are also many studies that refute it, making this
issue a controversial one. Furthermore, the criteria used to classify a network as Scale-
Free are not consistent across studies, but instead present several variations. These facts
led Anna D. Broido and Aaron Clauset to conduct their own research on the prevalence
of the Scale-Free model in real-world networks, titled Scale-free networks are rare. [70]

Broido and Clauset worked on 928 networks, the data for which they obtained from
the Index of Complex Networks (ICON). Of these, 53% were biological networks, 22%
technological networks, 16% social networks, 7% transportation networks, and 2% in-
formation networks, thus encompassing enough categories to allow for a more general
conclusion. These networks also varied in size, with the number of nodes ranging from
a few dozen to over a million, and differed in a range of properties such as directionality,
weights, temporal variability, and whether they were multiplex, bipartite, or multigraphs.
Since the presence of many of these properties leads to multiple degree distributions for
the same graph (for example, for a directed graph there is both the in-degree distribution
and the out-degree distribution), they decided to decompose each non-simple graph into
a set of simple graphs that would represent it. For instance, a multiplex graph with n
layers is broken down into n simpler graphs corresponding to its layers, and then each
of these is further divided into even simpler graphs according to its other properties, and
so on, until all resulting graphs are simple (that is, lacking any of the aforementioned
properties).

The main criterion used to decide which networks can be considered Scale-Free
was the extent to which their degree distribution resembles the power law distribution
P(k) = Ck™%, k > kmin = 1, where k corresponds to the degree, C is the normalization con-
stant, a the distribution parameter, and kp;; the minimum degree for which the degrees
are required to follow the power law distribution. The fact that only the upper tail of the
distribution is examined, from k;; onwards, makes the choice of kp;; highly important.
This choice was made using the standard Kolmogorov-Smirnov minimization method,
while the equally important choice of the parameter a was made via discrete maximum
likelihood estimation. The evaluation of how well the power law distribution resulting
from the estimated values of k,;u-n and a fits the actual degree distribution of the network
was carried out through a standard goodness-of-fit test, which returned a p-value as a
measure of similarity between the two distributions. In addition, the power law distri-
bution corresponding to the parameter pair (Fmin, @) Was compared against four other
distributions (exponential, log-normal, power law with exponential cutoff, and Weibull) in
the region k > k,;n, using Vuong’s normalized likelihood ratio test, in order to determine

which one best approximates the actual degree distribution. It should be noted here that
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the application of these methods, and therefore the classification, was performed on the
simplified graphs rather than on the original ones.

Another key part of the work of Broido and Clauset was the construction of five
categories of Scale-Free networks, thus summarizing the different criteria found in the
literature while at the same time creating a scale for the strength of the Scale-Free property

in a network. These categories are as follows:

e Super-Weak: For at least 50% of the simple graphs, no other distribution is pre-

ferred over the power law

e Weakest): For at least 50% of the simple graphs, the power law distribution cannot
be rejected (p > 0.1)

e Weak): The requirements of Weakest are satisfied, and the the power law region

contains at least 50 nodes

e Strong): The requirements of Weakest and Weak are satisfied, and at the same time

2 < a < 3 for at least 50% of the simple graphs

e Strongest): The requirements of Strong are satisfied for at least 90% of the simple
graphs, and the requirements of Super-Weak are satisfied for at least 95% of the

simple graphs

Classifying a network in the first category (Super Weak) provides an indirect indication
of the presence of a Scale-Free structure, whereas classification in any of the subsequent
categories provides a direct indication. It should also be noted that the last four categories
are nested, meaning that if a network belongs to one of them, it will also belong to all the
ones above it (except, of course, Super Weak). Finally, to represent the not Scale-Free

networks, an additional category is defined:
e Not Scale Free): Networks that are neither Super-Weak nor Weakest.

The results of classifying the networks in the dataset into the above categories, follow-
ing the method described, are summarized in figure 3.1.

As shown in figure 3.1, 49% of the networks cannot be considered Scale-Free, 46%
belong to the Super-Weak category, 29% to Weakest, 19% to Weak, 10% to Strong, and
4% to Strongest. Broido and Clauset also analyzed these results by network category. For
biological networks, they found that 63% of them are Not Scale Free, 33% are Super-
Weak, 19% are Weakest, and 6% are Strongest. They observed that most of the Not
Scale Free biological networks were fungal networks. In fact, all the fungal networks
they examined were Not Scale Free, which may have been expected given their spatially
dependent structure. For this reason, they decided to investigate what the percentages
for each category would be if fungal networks were excluded from the dataset. They found
that in this case, while the percentages of the Super-Weak, Weakest, and Weak categories
would increase significantly, the increases in the Strong and Strongest categories would

be negligible, meaning that the inclusion of fungal networks ultimately does not affect
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Figure 3.1. Proportion of networks by Scale-Free evidence category. Bars separate the
Super-Weak category from the nested definitions, and from the Not Scale Free category,
defined as networks that are neither Weakest or Super-Wealk

[70]

the qualitative conclusions of the study. As for social networks, the results differed
considerably from the overall ones, as 50% were classified as Not Scale Free, 41% as
Super-Weak, 48% as Weakest, and 31% as Weak, but none as Strong or Strongest. The
results also differed from the overall ones in the case of technological networks, as only
8% of them were classified as Not Scale Free, while 90% were classified as Super-Weak,
42% as Weakest, 37% as Weak, 28% as Strong, and only 1% as Strongest. Finally,
transportation networks were not numerous enough for a similar percentage analysis,
but it was observed that all of them belonged to the Not Scale Free, Super-Weak, or

Weakest categories, while none belonged to Strong or Strongest.

Moreover, to ensure that these results were not influenced by the evaluation method
itself, four robustness checks were carried out. Specifically, it was examined whether the
outcomes were affected under the following conditions: (a) all networks considered are
by nature simple (i.e., unweighted, undirected, single-layer, and without multiedges), (b)
the power law distribution with exponential cutoff is removed from the alternative distri-
butions, (c) the percentage thresholds of the categories are lowered so that classification
into them is allowed if even a single simple graph meets the criteria, and (d) the scaling
behavior of the first and second moments of the degree distribution is assessed. The

results of these checks showed that the methods employed were indeed not biased.

Ultimately, Broido and Clauset concluded that Scale-Free networks are not ubiquitous
but rather much rarer than suggested by the existing literature, and that their use as the
initial stage of modeling and structural analysis of real-world networks is unfounded.
They also emphasized that the likelihood of Scale-Free structure varies depending on the
category of networks. For instance, it is more likely to occur in certain types of biological
and technological networks, and much less likely in social networks. Transportation and
information networks were too few in number to draw firm conclusions about them, but
there was no strong evidence that their structure differs significantly from that of the

others.
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3.2.2 Are Scale-Free networks truly rare? A controversial issue

The article by Broido and Clauset [70] sparked quite a controversy, and even elicited
a response from Barabasi himself [71], the creator of the Scale-Free model, who objected
to the methodology and conclusions of the aforementioned work. This article, combined
with the extensive discussion within the scientific community regarding the prevalence
of Scale-Free networks, inspired Voitalov et al. [72] to conduct their own research on
this topic, also providing a rigorous definition of Scale-Free networks in response to
the ambiguity present in the literature, and performing a statistical analysis on a set
of real-world networks. The results of this study confirmed that many of the networks
previously found to be Scale-Free are indeed Scale-Free (such as the World Wide Web,
human protein-protein interaction networks, social group membership networks, and
others), thereby painting a different picture of the prevalence of Scale-Free networks than
that suggested by Broido and Clauset. The same developments also motivated Liu et al.
[73] to investigate the prevalence of the Scale-Free model, this time in trade networks.
Their results showed that the structure of trade networks displays great diversity due to
the different nature of the products involved in each case, but the appearance of Scale-
Free structure is not rare. They further noted that mishandling edge weights, when these
represent capacities, may lead to overlooking the potentially Scale-Free structure of a
network.

Another noteworthy study on the prevalence of the Scale-Free model in real-world
networks is that of Artico et al. [74], who argued that Broido and Clauset [70] and
Khanin and Wit [67] imposed overly strict criteria on the degree distribution of a network
in order for it to be considered Scale-Free. Inspired by the approach of Voitalov et al.
[72], as well as by other researchers, they proposed their own, less restrictive criteria.
In addition, Artico et al. modified the standard Kolmogorov-Smirnov and goodness-of-
fit tests employed by Broido and Clauset, and subsequently applied these methods to
the same dataset in order to re-evaluate their conclusions. The results of Artico et al.
indicated that 64% of the examined networks were Scale-Free, therefore they concluded
that Scale-Free networks are, in fact, not rare, thereby challenging the claim of Broido

and Clauset.

The debate regarding the prevalence of Scale-Free structure in real-world networks
did not, of course, emerge only with the publication of Broido and Clauset’s article [70],
but had already existed almost since the very introduction of the Scale-Free model in
1999. An example of earlier research on this subject is the article of Gipsi Lima-Mendez
and Jacques van Helden [75], which examined the validity of popular beliefs of that
time (2000-2010) concerning the prevalence of the power law distribution and the Scale-
Free model in biological networks. Following statistical analysis, Lima-Mendez and van
Helden concluded that the following five beliefs are myths: (a) the degree distribution
of biological networks follows a power law, (b) biological networks are Scale-Free, (c)
metabolic networks are Small-World, (d) Small-World networks are vulnerable to targeted
attacks but robust to random deletions, (e) biological networks grow through preferential

attachment. Another similar study from that period is that of Khanin and Wit [67], already
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discussed in section 3.1.3, which likewise concluded that biological networks cannot in
general be characterized as Scale-Free.

Around the same time, the study of Mislove et al. [76] was published, in which four
online social networks (Flickr, LiveJournal, Orkut, and YouTube) were examined with
respect to various properties, including Scale-Free behavior. Based on log-log plots of
the degree distributions of these networks, Mislove et al. concluded that three out of
the four (specifically Flickr, LiveJournal, and Orkut) exhibit strong Scale-Free behavior.
They also investigated the extent to which the degree distributions of these networks
resemble a power law distribution by performing a statistical analysis following the same
methodology as in previously mentioned studies, and found that all four networks display
power law degree distributions.

The previously mentioned studies are, of course, not the only ones conducted within
the framework of the long-standing and lively discussion of the scientific community
regarding the prevalence of the Scale-Free model. Beyond the contents of the present
thesis, a summary of this discussion can be found in the article by Petter Holme [77],

along with his own perspective on the matter.
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Chapter ﬂ

Methodology

4.1 Overview

In the present chapter, we introduce the set of methods employed in this thesis for the
identification of the evolution models characterizing a collection of real-world and syn-
thetic networks, as well as for the partitioning of networks into subnetworks characterized

by different evolution models.

The core approach to classifying networks into evolution models involved training a
classifier, with graph feature values as its input and the corresponding evolution model
as its output. The first step in this process was to select the evolution models to be
considered as possible classifier output. This was followed by the selection of the metrics
to be used as inputs, which was primarily based on the extent to which their values
varied across the various models. A training dataset was then constructed by generating
multiple synthetic networks for each model and computing the selected metrics for all of
them. The next step was to test the performance of various classifiers on this dataset
and select the one that achieved the highest performance. This classifier was ultimately
employed for the classification of a number of real-world networks.

Regarding the identification of network segments characterized by different evolution
models, a number of partitioning methods were tested in order to determine the most
accurate one. More precisely, each method was applied to synthetic networks created
by merging two or more networks of different types, after which the selected classifier
was used to identify the evolution model characterizing each subnetwork. The method
yielding the most accurate results (i.e., those most closely approximating the actual struc-
ture of the corresponding networks) was then employed to identify subnetworks within
the real-world networks that were classified earlier, and the resulting subnetworks were

subsequently classified into evolution models using the selected classifier.

4.2 Evolution Model Selection

The selection of the evolution models that we were aiming to identify in real-world
and synthetic networks constitutes a fundamental part of this work. An initial survey
of the literature identified the following models: Regular Graph, Erdos-Renyi, Gilbert,

Random Geometric Graph, Watts-Strogatz, Newman-Watts, Barabasi-Albert, Waxman,
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and Hierarchic Graph. Among these, the Erdos-Renyi and Gilbert models belong to the
category of Random Graphs, the Watts-Strogatz and Newman-Watts models fall into the
Small-World category, the Waxman model belongs to the category of Spatial Networks,
and finally, the Random Geometric Graph is considered both a Random Graph and a
Spatial Network.

Subsequently, some of these models were excluded based on two criteria: their fre-
quency of occurrence in real-world networks, and their similarity to other models. Specif-
ically, Regular Graphs exhibit a very particular structure (all their nodes have the same
degree), which is found in very few types of real-world networks, for example those repre-
senting crystal structures [78]. Likewise, Hierarchic Graphs take the form of Trees, which
also occur only in specific types of networks that describe hierarchical relationships (for
example, kinship networks) [15]. With regard to model similarity, we decided to allow
the inclusion of two or more models belonging to the same category, with the exception
of Watts-Strogatz and Newman-Watts, since the latter is an (improved) variation of the
former [79]. Between the two, we chose to retain the Watts-Strogatz model, as it appears
much more frequently in the literature and in other studies concerning the classification
of networks into evolution models.

Thus, the models ultimately employed were Erdos-Renyi, Gilbert, Random Geo-
metric Graph, Watts-Strogatz, Barabasi-Albert, and Waxman, while Regular Graphs,

Hierarchical Graphs, and the Newman-Watts model were excluded.

4.3 Network Metrics Selection

The selection of network metrics to be used as input for the classifier also began
with a thorough review of the literature. This process identified 20 metrics that can
provide significant insights into the structure and behavior of a network, and thus aid
in its classification into a specific evolution model. These metrics were as follows: De-
gree Distribution, Average Path Length, Diameter, Radius, Clustering Coeflicient, Be-
tweenness Centrality, Closeness Centrality, Information Centrality, Routing Centrality,
Bridging Centrality, Spectral Centrality, Eigenvector Centrality, Katz Centrality, Lapla-
cian Centrality, Harmonic Centrality, Percolation Centrality, Load Centrality, Rich Club
Coefficient, Closeness Vitality, and Assortativity.

Subsequently, 6 synthetic networks were generated, each constructed so as to be
characterized by one of the 6 evolution models selected earlier. It was further decided
that all these networks should be built with the same number of nodes, in order to ensure
that the metric values would not be affected by network size when computed. Moreover,
an effort was made to assign identical values to the remaining parameters, although this
was not always feasible since not all models share the same parameters (for example,
some use the probability of edge formation as a parameter, while others use the number
of new connections that originate from each node).

The 20 aforementioned metrics were computed for all 6 synthetic graphs, in order to
assess both the extent to which each metric exhibits variation across different models, and

whether it can be feasibly computed for a large number of networks within a reasonable
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time frame. More specifically, for each metric we computed either its single value per
graph (as, for example, in the case of Assortativity), or its distribution, mean, and variance
when it is defined over all nodes of a graph (for example, centrality measures). In addition,
for each metric we calculated the variance of its mean (or single) value, as well as the
coefficient of variation of this value, as a more objective measure of variability across
different network models (since the variance depends on the magnitude of the mean
value, whereas the coefficient of variation does not). Finally, for each metric we recorded
its execution time per network, its total execution time across all 6 synthetic graphs, as
well as the ratio of its coefficient of variation to its total execution time, as a performance
measure.

Following this, an overall review of the results was conducted, taking into account
both the computed values and the qualitative differences in the shapes of the distribu-
tions, wherever these existed. More precisely, for each metric, differences in the distri-
butions and in the mean or single values across networks were evaluated positively, as
well as comparatively high values of the variance of the mean or single value, the coef-
ficient of variation, and the ratio of the coefficient of variation to execution time, while
high execution times were evaluated negatively. Thus, after discarding certain metrics
due to excessively high execution times or other computational issues, the following 7
were selected, which were deemed to exhibit sufficiently large differences across mod-
els to achieve good classifier performance: Degree Distribution, Average Path Length,
Diameter, Closeness Centrality, Information Centrality, Harmonic Centrality, and
Assortativity.

4.4 Dataset Construction

The dataset for training and testing the classifier was constructed by generating 100
graphs for each evolution model using the corresponding functions of the NetworkX library
in the Python programming language, which was the language used for the implemen-
tation of the experimental part of this work. Additionally, for each of these 600 graphs
the values of the metrics selected as classifier inputs were computed, so that each graph
was represented in the dataset by its model (serving as its label) and the values of the
aforementioned metrics computed on it. 80% of the dataset graphs (i.e., 480 graphs) was
selected at random to be used as the training set for the classifier, while the remaining
20% (120 graphs) was allocated to the test set.

4.5 Classifier Selection

The selection of the appropriate classifier was guided by the flowchart shown in Fig-
ure 4.1, which is taken from the documentation of the scikit-learn library in Python [80].
Specifically, starting from the beginning (START) of the diagram, the recommended path
was followed by answering "yes" the questions of whether there are more than 50 samples,
whether a class is to be predicted, whether the data are labeled, and whether the number

of samples is fewer than 100,000. This path points to the Linear SVC classifier, which
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therefore became one of the candidate classifiers for the present classification problem.
To determine the optimal classifier for this problem, the path corresponding to the poor
performance of Linear SVC was followed, then the absence of text data, and finally the
poor performance of the k-Nearest Neighbors classifier (which was, of course, also added
to the list of candidates). This path ultimately leads to the SVC classifier and the Ensem-
ble Classifiers category, from which AdaBoost, Gradient Boosting, Random Forest, and

Bagging were selected as candidates.

scikit-learn

algorithm cheat-sheet
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Figure 4.1. Flowchart on the selection of the appropriate machine learning algorithm

depending on the type of problem and its parameters
[80]

Thus, the set of candidate classifiers consisted of Linear SVC, k-Nearest Neighbors,
SVC, AdaBoost, Gradient Boosting, Random Forest, and Bagging. These classifiers were
then evaluated on the dataset of the problem using the metrics precision, recall, accuracy,
and F1 score. The classifier with the highest values across these metrics (in our case,
Random Forest) was selected, and its Confusion Matrix was computed in order to gain
further insight into its weaknesses. In addition, an Ablation Study was conducted, that is,
the classifier’s performance was reevaluated after removing each input metric individually,

in order to examine whether any of the employed metrics actually reduced its performance.

4.6 Real-world Network Classification

The real-world networks classified by their evolution model in the present work were
primarily selected from the Index of Complex Networks (ICON, https://icon.colorado.edu/
networks), as well as from the Stanford Large Network Dataset Collection (SNAP, https://
snap.stanford.edu/data/), the KONECT project archives of the University of Koblenz-Landau
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4.6 Real-world Network Classification

(http://konect.cc/), and the Kaggle platform (https://www.kaggle.com/). These networks
exhibit considerable variety in their structure, with the number of nodes and edges
ranging from hundreds to tens of thousands, and with their properties and categories

displaying significant diversity.

The selected networks were as follows:

e Football: Social network with 115 nodes and 613 edges, sourced from KONECT.
Undirected and unweighted. A network of American football games between colleges

during regular season Fall 2000.

e GOT: Social network with 114 nodes and 396 edges, sourced from Kaggle. Undi-
rected and unweighted. A network of character interactions from the 5th season of

the television series Game of Thrones.

e Email-EU: Social network with 1005 nodes and 25571 edges, sourced from SNAP.

Directed and unweighted. An email network.

e AdvogatoTrust: Social network with 6541 nodes and 51127 edges, sourced from
ICON. Directed and weighted. A network of trust relationships among users on
Advogato.

e MorenoCrime: Social network with 1380 nodes and 1476 edges, sourced from
KONECT. Undirected, unweighted, and bipartite. A network that records the in-
volvement of certain individuals (left part of the graph) with crimes (right part of the

graph).

e NetScience: Social network with 1589 nodes and 2742 edges, sourced from ICON.
Undirected and weighted. A coauthorship network of scientists working in network

science.

e Euroroad: Transportation network with 1174 nodes and 1417 edges, sourced from
ICON. Undirected and unweighted. A network of international "E-roads", mostly in

Europe.

e ChicagoRegional: Transportation network with 12982 nodes and 39018 edges,
sourced from ICON. Directed and unweighted. A network representing traffic flow

between intersections in the Chicago, Illinois, area.

e Flights-FAA: Transportation network with 1226 nodes and 2615 edges, sourced
from ICON. Directed and unweighted. A network of air traffic routes, from the
preferred routes database of the Federal Aviation Administration (FAA) National
Flight Data Center (NFDC) of the USA.

e Bristol: Transportation network with 3731 nodes and 3101 edges, sourced from
ICON. Undirected and unweighted. A network representing bus lines in Bristol,
England.
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Coach: Transportation network with 3915 nodes and 3228 edges, sourced from

ICON. Undirected and unweighted. A network representing coach lines in the UK.

e YuYeast: Biological network with 2018 nodes and 2930 edges, sourced from ICON.
Undirected and unweighted. A network of protein-protein interactions in the fungus

S. cerevisiae.

e BacillusMegaterium: Biological network with 4179 nodes and 5644 edges, sourced
from ICON. Undirected, unweighted, and bipartite. A metabolic network of the

bacterium Bacillus megaterium.

e Malaria: Biological network with 307 nodes and 1446 edges, sourced from ICON.
Undirected, unweighted, and it consists one of the layers of a bigger, multiplex
graph. A networks of recombinant antigen genes from the human malaria parasite

P. falciparum.

e Fullerene: Chemical network with 3840 nodes and 5760 edges, sourced from ICON.
Undirected and unweighted. A network of carbon atoms and the atomic bonds that

connect them within fullerene molecules.

e PowerNet: Technological network with 4941 nodes and 6594 edges, sourced from
ICON. Undirected and unweighted. A network that represents the Western States
Power Grid of the US. Note: Used by Watts and Strogatz in the paper where they
introduced the concept of Small-World networks [21].

¢ R-Dependancies: Technological network with 2471 nodes and 5451 edges, sourced
from ICON. Directed and unweighted. A network of package dependencies in the R

programming language.

The above networks were preprocessed before being input into the classifier. Initially,
any directed graphs were converted to undirected ones by ignoring the direction of their
edges. In addition, the largest connected component of each network was extracted, on
which the classification and partitioning were subsequently performed. These modifica-
tions were made to ensure that the selected metrics could be computed for the graphs,

as some of them are not defined for disconnected or directed graphs.

4.7 Network Partitioning Method Selection

In order to identify the optimal method for partitioning networks into subnetworks
characterized by different evolution models, five composite synthetic networks were ini-
tially constructed by merging other synthetic networks, each of which was characterized
by a single evolution model. Specifically, the network models that were combined were
as follows: Barabasi-Albert with Random Geometric Graph, Barabasi-Albert with Watts-
Strogatz, Watts-Strogatz with Erdos-Renyi, Waxman with Random Geometric Graph, and
Gilbert with Waxman. These merges were performed by adding edges between the compo-

nent graphs, with the nodes to which these edges were attached being chosen at random.
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Afterward, various partitioning methods were applied to these five graphs, any result-
ing subgraphs that were too small to be classified (i.e., those with fewer than 20 nodes)
were discarded, and the remaining ones were classified into evolution models using the
selected classifier.

For each method, we additionally computed the number of resulting subgraphs, their
sizes, the number of correctly classified subgraphs, as well as the total number of correctly
classified nodes in the graph, the modularity of the partition, and the execution time.
(Note: A node was considered correctly classified if the subgraph to which it belonged was
classified into the same model as the graph from which it originated, while a subgraph
was considered correctly classified if at least 70% of its nodes were correctly classified.)
The most important criterion was that the subgraphs belonged to the evolution models
of the components of the graph from which they originated, and only to these. At the
same time, large numbers of correctly classified subgraphs and nodes, as well as high
modularity values, were evaluated positively, whereas long execution times were evaluated

negatively.

4.7.1 Community Detection

All the methods used belonged to the category of community detection algorithms.
The selection of the algorithms tested was based on their diversity in terms of how they
operate (so that several different approaches could be examined), as well as the availability
of an implementation. The algorithms that were ultimately used were Girvan-Newman,
Walktrap, Infomap, Leiden, and Spectral Clustering, with their implementations found
in the cdlib, networkx, and sklearn Python libraries. After their evaluation, Leiden was

selected.

Note: Due to the excessively long execution time of the Girvan-Newman algorithm on
the constructed networks (exceeding 1 hour in some cases), it was necessary to generate
additional smaller networks with the same models in order to evaluate its performance.
This fact automatically ruled out the use of Girvan-Newman for the partitioning of the
real-world networks, since most of them have a size comparable to that of the initial
synthetic networks. Nevertheless, its performance was still tested, as it could prove useful
in applications involving smaller networks, more available time, or greater computational

resources.

4.8 Real-world Network Partitioning

After the optimal network partitioning method was selected, it was applied to the
real-world networks described in section 4.6. In this way, the segments characterized by
different evolution models (along with their sizes) were identified, as well as which models

these were.
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Chapter E

Results

This chapter presents the results of the methods and experiments described in the

previous chapter, along with some observations on them.

5.1 Network Metrics Selection

The results for each metric are presented below separately (rounded to two decimal
places unless otherwise specified), along with an overall comparison between them. The

distributions are not included here for the sake of brevity, but can be found in the corre-

sponding file.

5.1.1 Degree Distribution

Table 5.1. Results for the Degree Distribution

Mean | Variance | Execution Time (s)
Erdos-Renyi 10 9.64 0.51
Gilbert 499.47 246.78 0.28
Random Geometric || 480.22 | 18438.10 0.33
Small-World 4 1.47 0.57
Scale-Free 9.95 98.23 0.31
Waxman 40.23 42.55 0.38

5.1.2 Average Path Length

Table 5.2. Results for the Average Path Length

Value | Execution Time (s)
Erdos-Renyi 3.25 2.95
Gilbert 1.50 2.21
Random Geometric 1.55 13.80
Small-World 5.58 0.55
Scale-Free 2.99 0.55
Waxman 2.15 0.55
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5.1.3 Diameter

Table 5.3. Results for the Diameter

Value | Execution Time (s)
Erdos-Renyi 5 0.6
Gilbert 2 0.43
Random Geometric 3 6.43
Small-World 10 0.92
Scale-Free 5 0.96
Waxman 3 0.93

5.1.4 Radius

Table 5.4. Results for the Radius

Value | Execution Time (s)
Erdos-Renyi 4 0.58
Gilbert 2 0.42
Random Geometric 2 6.47
Small-World 7 0.53
Scale-Free 3 0.55
Waxman 3 0.52

5.1.5 Clustering Coefficient

Table 5.5. Results for the Clustering Coefficient

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.01 0 0.22
Gilbert 0.50 0 64.08
Random Geometric 0.77 0.01 59.61
Small-World 0.07 0.02 0.18
Scale-Free 0.04 0 0.28
Waxman 0.04 0 0.66
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5.1.6 Betweenness Centrality

Table 5.6. Results for the Betweenness Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0023 0 4.24
Gilbert 0.0005 0 93.76
Random Geometric || 0.0005 0] 69.68
Small-World 0.0046 0 3.60
Scale-Free 0.0020 0] 5.03
Waxman 0.0012 0 9.21

The mean value was rounded to 4 decimal places, due to its very small magnitude.
The variance ranged from the order of 107 to the order of 107° for all graphs, and was

therefore rounded to O in all cases.

5.1.7 Closeness Centrality

Table 5.7. Results for the Closeness Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.31 0.0002 1.26
Gilbert 0.67 0] 0.51
Random Geometric 0.65 0.0052 6.60
Small-World 0.18 0.0001 0.71
Scale-Free 0.36 0.0007 0.71
Waxman 0.47 0.0002 0.67

The variance was rounded to 4 decimal places, due to its very small magnitude.

5.1.8 Information Centrality

Table 5.8. Results for the Information Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0041 0 2.71
Gilbert 0.2498 0 4.75
Random Geometric || 0.2249 0.0010 4.46
Small-World 0.0012 0] 1.08
Scale-Free 0.0034 0 2.80
Waxman 0.0193 0 2.64

The mean value and the variance were rounded to 4 decimal places, due to their very

small magnitude.
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5.1.9 Routing Centrality

Table 5.9. Results for the Routing Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0053 0 27.10
Gilbert 0.0018 0 1108.39
Random Geometric || 0.0022 0 880.34
Small-World 0.0095 0 6.06
Scale-Free 0.0049 0 22.61
Waxman 0.0034 0 90.05

The mean value was rounded to 4 decimal places, due to its very small magnitude.
The variance ranged from the order of 10~ to the order of 107> for all graphs, and was

therefore rounded to O in all cases.

5.1.10 Bridging Centrality

Table 5.10. Results for the Bridging Centrality

Mean Variance | Execution Time (s)
Erdos-Renyi 0.000207 0 4.1
Gilbert 0.000001 0 92.83
Random Geometric || 0.000001 0 70.04
Small-World 0.001095 0] 3.25
Scale-Free 0.000123 0 4.07
Waxman 0.000028 0 9.19

The mean value was rounded to 6 decimal places, due to its very small magnitude.
The variance ranged from the order of 107!7 to the order of 107 for all graphs, and was

therefore rounded to O in all cases.

5.1.11 Spectral Centrality

The calculation of this metric was not possible, as execution issues arose and no
alternative implementation was found. As a result, spectral centrality was automatically

excluded.
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5.1.12 Eigenvector Centrality

Table 5.11. Results for the Eigenvector Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0297 0.0001 0.22
Gilbert 0.0316 0 0.49
Random Geometric || 0.0301 0.0001 0.94
Small-World 0.0279 0.0002 0.27
Scale-Free 0.0219 0.0005 0.20
Waxman 0.0312 0] 0.23

The mean value and the variance were rounded to 4 decimal places, due to their very

small magnitude.

5.1.13 Katz Centrality

Table 5.12. Results for the Katz Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0297 0.0001 0.17
Gilbert 0.0316 0 0.48
Random Geometric || 0.0301 0.0001 0.90
Small-World 0.0279 0.0002 0.39
Scale-Free 0.0219 0.0005 0.27
Waxman 0.0312 0 0.29

The mean value and the variance were rounded to 4 decimal places, due to their very

small magnitude.

5.1.14 Laplacian Centrality

The calculation of this metric took over 60 minutes, so execution was halted and it

was automatically excluded.
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5.1.15 Harmonic Centrality

Table 5.13. Results for the Harmonic Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 324.49 276.91 1.62
Gilbert 749.24 61.70 0.83
Random Geometric || 734.74 | 5401.68 7.32
Small-World 192.49 141.64 0.97
Scale-Free 351.10 928.90 0.91
Waxman 487.90 141.17 1.35

5.1.16 Percolation Centrality

Table 5.14. Results for the Percolation Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0023 0 4.97
Gilbert 0.0005 0 92.28
Random Geometric || 0.0005 0 70.73
Small-World 0.0046 0 3.47
Scale-Free 0.0020 0 4.88
Waxman 0.0012 0 10.23

The mean value was rounded to 4 decimal places, due to its very small magnitude.
The variance ranged from the order of 107 to the order of 107° for all graphs, and was

therefore rounded to O in all cases.

5.1.17 Load Centrality

Table 5.15. Results for the Load Centrality

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0023 0 4.79
Gilbert 0.0005 0 72.20
Random Geometric || 0.0005 0 60.41
Small-World 0.0046 0 2.73
Scale-Free 0.0020 0 4.39
Waxman 0.0012 0 7.97

The mean value was rounded to 4 decimal places, due to its very small magnitude.
The variance ranged from the order of 107 to the order of 107> for all graphs, and was

therefore rounded to O in all cases.
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5.1.18 Rich Club Coefficient

Table 5.16. Results for the Rich Club Coefficient

Mean | Variance | Execution Time (s)
Erdos-Renyi 0.0023 0 5.41
Gilbert 0.0005 0 92.64
Random Geometric || 0.0005 0 69.79
Small-World 0.0046 0] 4.80
Scale-Free 0.0020 0 4.20
Waxman 0.0012 0 9.68

The mean value was rounded to 4 decimal places, due to its very small magnitude.
The variance ranged from the order of 107 to the order of 107> for all graphs, and was

therefore rounded to O in all cases.

5.1.19 Closeness Vitality

The calculation of this metric took over 60 minutes, so execution was halted and it

was automatically excluded.

5.1.20 Assortativity

Table 5.17. Results for the Assortativity

Value Execution Time (s)
Erdos-Renyi 0.0115 0.53
Gilbert -0.0017 1.50
Random Geometric 0.1094 1.56
Small-World -0.0906 0.02
Scale-Free -0.0496 0.03
Waxman 0.0141 0.08

The value was rounded to 4 decimal places, due to its very small magnitude.

5.1.21 Overall Comparison

In the table of Figure 5.1, the following values are presented for each metric that
was not already excluded, combining the results across all networks: the variance of its
value or mean (Variance), its total execution time (Total Time), the coefficient of variation
of its value or mean (Coeff. of Var.), and the ratio of the coeflicient of variation to the total

execution time (Coeff. of Var./Time).
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[ Variance Total Time Coeff. of Var. Coeff. of Var./Time
50050.4995 2.3932 1.2859 0.5373
1.938 20.5993 0.4909 0.0238
6.8889 10.2608 0.5624 0.0548
Radius 2.9167 9.0784 0.488 0.0537
Clustering Coefficient 0.0853 125.0222 1.2314 0.0098
0.0 185.5171 0.7578 0.0041
0.0323 10.4559 0.4131 0.0395
0.0119 18.4427 1.3009 0.0705
0.0 2134.5533 0.5695 0.0003
0.0 183.4815 1.6022 0.0087
0.0 2.334 0.114 0.0488
Katz Centrality 0.0 2.4962 0.114 0.0457
Harmonic Centrality 43439.5006 12.9946 0.4403 0.0339
Percolation Centrality 0.0 186.5606 0.7578 0.0041
Load Centrality 0.0 152.4865 0.7578 0.005
0.0 186.5178 0.7578 0.0041
m 0.0038 3.7265 55.0023 14.7838

Coeff. of Var./Time
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Figure 5.1. Top: Table showing, for each metric, the variance of its value or mean, the
total execution time, the coefficient of variation of its value or mean, and the ratio of the
coefficient of variation to the total execution time. Bottom: Graphical representation of the
ratio of the coefficient of variation to the total execution time for each metric, plotted on a

logarithmic scale.

Based on these results, the Betweenness Centrality, the Routing Centrality, the Bridg-
ing Centrality, the Percolation Centrality, the Load Centrality, and the Rich Club Coef-
ficient were discarded due to their high total execution times. Although the Clustering

Coefficient also has a relatively long execution time, it was initially retained because of its

high coefficient of variation and its widespread use in the literature. However, including

it caused the dataset generation to exceed an acceptable time frame (taking over 6 hours),

and thus the Clustering Coeflicient was ultimately discarded as well.
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Additionally, the Eigenvector Centrality and the Katz Centrality were discarded due to
the very low variance and coefficient of variation of their mean values. Finally, although
the total execution time for computing the Radius is small and its coefficient of variation is
not too low, it was also discarded because it takes exactly the same value for two different
pairs of models, which was considered an indication that it could negatively affect the

classifier’s performance.

Thus, the metrics that were ultimately selected were the Degree Distribution, the
Average Path Length, the Diameter, the Closeness Centrality, the Information Cen-
trality, the Harmonic Centrality, and the Assortativity.

5.2 Classifier Selection

In the table below, the results for the precision, recall, accuracy, and F1 score are

presented for each classifier, rounded to 4 decimal places.

Table 5.18. Classifier performance table

Precision | Recall | Accuracy | F1 Score
Linear SVC 0.7577 0.7608 0.7583 0.7579
k-Nearest Neighbors 0.5935 0.5805 0.5833 0.5700
svcC 0.4728 0.4423 0.4333 0.3943
Ada Boost 0.7779 0.6999 0.7333 0.6984
Gradient Boosting 0.9512 0.9510 0.9500 0.9498
Random Forest 0.9745 0.9775 0.9750 0.9756
Bagging 0.5494 0.5535 0.5667 0.5357

As shown in Table 5.18, the Random Forest classifier achieved the best performance
across all metrics and was therefore selected for the classification of the real-world net-
works. The confusion matrix of this classifier and the results of the ablation study con-

ducted with its assistance are presented in Figures 5.2 and 5.3.

It can be observed that the classifier exhibits a very strong ability to distinguish
between all models. Moreover, no metric appears to hinder the classifier, as the removal
of any one results either in a decrease in its performance or in a very slight increase (on
the order of 1% or less), which is likely due to chance rather than the nature of the metric.
In fact, Assortativity proves to be particularly important for the strong performance of the
classifier, which is expected given the very high coefficient of variation of this metric.
At the same time, this finding indicates that using the coefficient of variation as the
primary criterion for network metric selection apart from the execution time, was indeed

appropriate.
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Figure 5.2. Confusion matrix for the Random Forest classifier. The labels correspond to

the acronyms of the respective models.

removed_feature accuracy precision

0 Degree Distribution 0.975000  0.976754

-

Average Path Length 0.983333  0.984259
2 Diameter 0.966667  0.968259
3 Information Centrality 0.975000 0.976754
4 Closeness Centrality 0.983333  0.984259
5 Harmonic Centrality 0.983333  0.984259

6 Assortativity 0.791667  0.788154

recall
0.975000
0.983333
0.966667
0.975000
0.983333
0.983333

0.791667

f1

0.975282

0.983390

0.966604

0.975282

0.983390

0.983390

0.788812

Figure 5.3. Ablation study of the metrics Degree Distribution, Average Path Length, Diam-
eter, Closeness Centrality, Information Centrality, Harmonic Centrality, and Assortativity,

using the Random Forest classifier

5.3 Real-world Network Classification

Presented below are the results of the classification of the real-world networks dis-

cussed in Chapter 4.

e Football: Waxman

e GOT: Barabasi-Albert
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Email-EU: Waxman
AdvogatoTrust: Barabasi-Albert
MorenoCrime: Watts-Strogatz
NetScience: Watts-Strogatz
Euroroad: Watts-Strogatz
ChicagoRegional: Watts-Strogatz
Flights-FAA: Watts-Strogatz
Bristol: Watts-Strogatz

Coach: Watts-Strogatz

YuYeast: Barabasi-Albert
BacillusMegaterium: Gilbert
Malaria: Random Geometric Graph
Fullerene: Watts-Strogatz
PowerNet: Watts-Strogatz

R-Dependancies: Gilbert

It can be observed that the Watts-Strogatz model occurs far more frequently than all

the others (9 occurrences), particularly in transportation networks. The Barabasi-Albert

model follows with 2 occurrences in social networks and 1 in a biological network, then

the Waxman model (2 occurrences in social networks) and the Gilbert model (1 occurrence

in a biological network and 1 in a technological network). The Random Geometric model

appears once in a biological network, while the Erdos-Renyi model is absent.

Furthermore, it is worth noting that the PowerNet network was classified into the
Watts-Strogatz model, consistent with the findings of Watts and Strogatz [21].

5.4 Network Partitioning Method Selection

The node counts of the component networks are as follows:

e For Girvan Newman: Erdos-Renyi: 401,Gilbert: 200, Random Geometric: 392,
Watts-Strogatz: 299, Barabasi-Albert: 519, Waxman: 333

e For the other algorithms: Erdos-Renyi: 1401,Gilbert: 1200, Random Geometric:
1392, Watts-Strogatz: 1299, Barabasi-Albert: 1519, Waxman: 1333

The results of the community detection-based partitioning on the composite synthetic

networks are presented below, along with our observations. Next to each model, the total

number of nodes assigned to it is indicated in parentheses. All values are rounded to 2

decimal places.

Diploma Thesis



Chapter 5. Results

5.4.1 Barabasi-Albert and Random Geometric

Table 5.19. Results of Girvan Newman for the combination of Barabasi-Albert and Random
Geometric

Girvan Newman
Number of communities 2
Community models Barabasi-Albert (519), Random Geometric (392)
Community sizes 519, 392
Number of discarded nodes 0
Number of correctly 911 (out of 911)
classified nodes
Number of correctly 2
classified communities
Modularity 0.27
Execution Time (s) 656.18

Table 5.20. Results of Walktrap and Infomap for the combination of Barabasi-Albert and
Random Geometric

Walktrap Infomap
Number of communities 4 5
Community models Barabasi-Albert (1517), Barabasi-Albert (1519),
Random Geometric (1392) | Random Geometric (1392)
Community sizes 1517, 599, 485, 308 1519, 418, 374, 324, 276
Number of discarded nodes 0 2
Number of correctly 2909 (out of 2909) 2911 (out of 2911)
classified nodes
Number of correctly 4 5
classified communities
Modularity 0.45 0.50
Execution Time (s) 300.65 139.42

Table 5.21. Results of Leiden and Spectral Clustering for the combination of Barabasi-
Albert and Random Geometric

Leiden Spectral Clustering
Number of communities 5 2
Community models Barabasi-Albert (1519), Barabasi-Albert (1519),
Random Geometric (1392) | Random Geometric (1392)
Community sizes 1519, 364, 361, 336, 331 1519, 1392
Number of discarded nodes (0] 0
Number of correctly 2911 (out of 2911) 2911 (out of 2911)
classified nodes
Number of correctly 5 2
classified communities
Modularity 0.50 0.08
Execution Time (s) 127.97 1049.18
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5.4.2 Barabasi-Albert and Watts-Strogatz

Observations

All algorithms correctly partition the graph into its two components, with the sole
exception of Walktrap, which leads to the omission of only 2 nodes. Spectral Clustering

is noticeably slower than the others, while Leiden is the fastest.

5.4.2 Barabasi-Albert and Watts-Strogatz

Table 5.22. Results of Girvan Newman for the combination of Barabasi-Albert and Watts-
Strogatz

Girvan Newman
Number of communities 2
Community models Watts-Strogatz (818)
Community sizes 752, 66
Number of discarded nodes 0
Number of correctly 299 (out of 818)
classified nodes
Number of correctly 1
classified communities
Modularity 0.04
Execution Time (s) 41.28

Table 5.23. Results of Walktrap and Infomap for the combination of Barabasi-Albert and
Watts-Strogatz

Walktrap Infomap
Number of communities 1 1
Community models Barabasi-Albert (1578) | Barabasi-Albert (1495)
Community sizes 1578 1495
Number of discarded nodes 1240 1323
Number of correctly 1519 (out of 1578) 1495 (out of 1495)
classified nodes
Number of correctly 1 1
classified communities
Modularity 0.18 0.21
Execution Time (s) 92.15 61.96
Observations

Most algorithms detect only one of the Barabasi-Albert and Watts-Strogatz models.
The only one that recognizes both is Leiden, which also incorrectly identifies the Er-
dos-Renyi model, though it assigns relatively few nodes to it (212). At the same time,
Leiden and Spectral Clustering are the only candidate algorithms that do not generate
a vast number of small communities (< 20 nodes) that cannot be classified. Moreover,
Leiden has the highest number of correctly classified nodes overall and the shortest exe-

cution time.
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Table 5.24. Results of Leiden and Spectral Clustering for the combination of Barabasi-

Albert and Watts-Strogatz

Leiden

Spectral Clustering

Number of communities

20

1

Community models

Barabasi-Albert (1461),
Watts-Strogatz (1139),
Erdos-Renyi (212)

Watts-Strogatz (2808)

Community sizes 441, 409, 299, 212, 151, 2808
126, 125, 118, 95, 93, 92,
87, 86, 77, 76, 74, 68, 67, 62, 54
Number of discarded nodes 6 10

Number of correctly
classified nodes

2089 (out of 2812)

1289 (out of 2808)

Number of correctly 13 0
classified communities
Modularity 0.36 0.00
Execution Time (s) 16.76 225.68

5.4.3 Watts-Strogatz and Erdos-Renyi

Table 5.25. Results of Girvan Newman for the combination of Watts-Strogatz and Erdos-

Renyi
Girvan Newman
Number of communities 1
Community models Erdos-Renyi (699)
Community sizes 699
Number of discarded nodes 1
Number of correctly 400 (out of 699)
classified nodes
Number of correctly 0
classified communities
Modularity 0.00
Execution Time (s) 14.45
Observations

In this case as well, most algorithms detect only one (or none, in the case of Infomap)

of the Watts-Strogatz and Erdos-Renyi models. The exception is Walktrap, which also

incorrectly identifies the Barabasi-Albert model. However, Walktrap leads to the omission

of 1861 nodes and correctly classifies only 281 of the remaining 839. Therefore, the

optimal algorithm in this case is Leiden, which demonstrates the best performance along

with Spectral Clustering, while completing the task in significantly less time than the

latter.

Diploma Thesis




5.4.4 Waxman and Random Geometric

Table 5.26. Results of Walktrap and Infomap for the combination of Watts-Strogatz and

Erdos-Renyi

Walktrap

Infomap

Number of communities

12

10

Community models

Watts-Strogatz (688),
Barabasi-Albert (122),
Erdos-Renyi (29)

Barabasi-Albert (236)

Community sizes

367, 149, 54, 48, 46, 29,

29, 26, 25, 25, 24, 22,

29, 25, 24, 24, 23, 21 22, 21, 21, 21
Number of discarded nodes 1861 2464
Number of correctly 281 (out of 839) 0 (out of 236)
classified nodes
Number of correctly 0 0
classified communities
Modularity 0.27 0.33
Execution Time (s) 4.73 12.21

Table 5.27. Results of Leiden and Spectral Clustering for the combination of Watts-Strogatz

and Erdos-Renyi

Leiden

Spectral Clustering

Number of communities

21

2

Community models

Watts-Strogatz (2700)

Watts-Strogatz (2700)

Community sizes 179, 168, 150, 135, 132, 127, 1745, 955
125, 125, 124, 124, 123, 122,
122, 122, 120, 120, 119, 118,
118, 114, 113
Number of discarded nodes 0 0

Number of correctly
classified nodes

1299 (out of 2700)

1299 (out of 2700)

Number of correctly 0 0
classified communities
Modularity 0.38 0.22
Execution Time (s) 8.67 102.95

5.4.4 Waxman and Random Geometric

Table 5.28. Results of Girvan Newman for the combination of Waxman and Random
Geometric

Girvan Newman

Number of communities 2
Community models Random Geometric (392), Waxman (333)
Community sizes 392, 333

Number of discarded nodes 0
Number of correctly 725 (out of 725)
classified nodes

Number of correctly 2
classified communities
Modularity 0.23

502.36

Execution Time (s)
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Table 5.29. Results of Walktrap and Infomap for the combination of Waxman and Random

Geometric

Walktrap

Infomap

Number of communities

8

8

Community models

Random Geometric (1392),
Waxman (1333)

Random Geometric (1392),
Waxman (1333)

Community sizes

538, 512, 323, 300, 291,
273, 257, 231

422, 389, 382, 336, 323,
321, 285, 267

Number of discarded nodes

0]

0

Number of correctly
classified nodes

2725 (out of 2725)

2725 (out of 2725)

Number of correctly 8 8
classified communities
Modularity 0.51 0.54
Execution Time (s) 151.42 100.20

Table 5.30. Results of Leiden and Spectral Clustering for the combination of Waxman and

Random Geometric

Leiden

Spectral Clustering

Number of communities

5

2

Community models

Waxman (1333),
Random Geometric (1011),
Gilbert (381)

Random Geometric (1392),
Waxman (1333)

Community sizes

1333, 381, 354, 340, 317

1392, 1333

Number of discarded nodes

0]

0

Number of correctly
classified nodes

2344 (out of 2725)

2725 (out of 2725)

Number of correctly 4 2
classified communities
Modularity 0.57 0.28
Execution Time (s) 186.16 1091.43

Observations

In this case, all algorithms except Leiden achieve optimal performance in terms of

their results. Nevertheless, Leiden’s error is relatively small (381 nodes out of 2,725). The

shortest execution time belongs to Infomap, followed closely by Walktrap and Leiden.
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5.4.5 Gilbert and Waxman

5.4.5 Gilbert and Waxman

Table 5.31. Results of Girvan Newman for the combination of Gilbert and Waxman

Girvan Newman

Number of communities 2
Community models Gilbert (200), Waxman (333)
Community sizes 333, 200
Number of discarded nodes 0

Number of correctly 533 (out of 533)

classified nodes

Number of correctly 2
classified communities
Modularity 0.32
Execution Time (s) 208.19

Table 5.32. Results of Walktrap and Infomap for the combination of Gilbert and Waxman

Walktrap

Infomap

Number of communities

2

5

Community models

Waxman (1333),
Gilbert (1200)

Waxman (1333),
Gilbert (1200)

Community sizes

1333, 1200

1200, 384, 332, 328, 289

Number of discarded nodes

0

0

Number of correctly
classified nodes

2533 (out of 2533)

2533 (out of 2533)

Number of correctly 2 5
classified communities
Modularity 0.19 0.16
Execution Time (s) 347.12 241.99

Table 5.33. Results of Leiden and Spectral Clustering for the combination of Gilbert and
Waxman

Leiden

Spectral Clustering

Number of communities

2

2

Community models

Waxman (1333),
Gilbert (1200)

Waxman (1333),
Gilbert (1200)

Community sizes

1333, 1200

1333, 1200

Number of discarded nodes

0

0

Number of correctly
classified nodes

2533 (out of 2533)

2533 (out of 2533)

Number of correctly 2 2
classified communities
Modularity 0.19 0.19
Execution Time (s) 332.01 327.99
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Observations

For this combination of networks, all algorithms correctly identify the models of the
composite graph’s components, with all nodes classified correctly as well. Infomap ex-
hibits the shortest execution time, followed closely by the other algorithms (Girvan New-

man is excluded from this comparison, as it was run on smaller networks than the rest).

5.4.6 Final Decision

In the cases of the model combinations of Barabasi-Albert with Random Geometric
Graph and Gilbert with Waxman, all algorithms achieved optimal performance, with no
single one standing out. In the cases of the Barabasi-Albert with Watts-Strogatz and
Watts-Strogatz with Erdos-Renyi combinations, Leiden clearly outperforms the others for
the reasons discussed earlier. Finally, in the case of the Waxman with Random Geometric
Graph combination, Leiden is the only algorithm to exhibit any error, however it is minor.
Thus, Leiden was selected for the classification of the real-world networks, as it was
deemed to have the best overall performance.

It should also be noted that the Spectral Clustering algorithm achieved performance
comparable to that of Leiden in terms of accuracy. However, it was not selected, as
its execution times were excessively long, and the requirement of specifying the desired
number of communities as an input parameter is quite restrictive in the case of real-world
networks (since the number of models composing a network is not known in advance, and

an incorrect estimate could lead to a loss of information).

In fact, it is possible that the good performance of the Spectral Clustering algorithm
is primarily, or even entirely, due to the fact that it “knows” in advance the number of
communities into which the graph should be partitioned. This encourages partitioning
into the correct components and prevents fragmentation into many small communities
that may not be classifiable. If, for instance, we had tasked Spectral Clustering to divide
the networks into six components (the maximum possible number of different models
that can appear in a graph), its results might have been very different. However, it is
also possible that its node similarity-based approach is the main reason for its strong
performance.

With regard to the Walktrap and Infomap algorithms, it can be observed that they
share the following two characteristics: they are both based on random walks, and they
perform poorly compared to the other algorithms we examined. We may therefore con-
clude that the use of random walks as a basis for community detection in graphs is a
suboptimal approach when the goal is to partition it into the components corresponding
to the different models it contains. Finally, we can hypothesize that the reason Leiden
achieves such strong results is that it is based on modularity maximization, which (by def-
inition of modularity) leads to community formation by the removal of bridges, while our
composite graphs were constructed by connecting their component graphs via bridges. In
fact, the Girvan-Newman algorithm, which is also based on bridge removal, also exhibits

very strong performance (regardless of its prohibitive execution time). However, this sug-

Diploma Thesis



5.5 Real-world Network Partitioning

gests that the connection of the different components of a graph via bridges may be a
prerequisite for the strong performance of Leiden, something we do not know whether
it holds in general for real-world networks. Nevertheless, based on our results, Leiden

remains our best choice for their partitioning.

5.5 Real-world Network Partitioning

The models to which the communities, resulting from the partitioning of the real-world
networks using the Leiden algorithm, were assigned are presented bellow, along with the

number of nodes in each model component.

e Football: - (This graph is too small to be partitioned into communities containing

over 20 nodes)
e GOT: Barabasi-Albert (58)
e Email-EU: Barabasi-Albert (444), Gilbert (348), Waxman (194)

e AdvogatoTrust: Barabasi-Albert (4302), Waxman (278), Watts-Strogatz (218), Erdos-
Renyi (200)

e MorenoCrime: Barabasi-Albert (461), Watts-Strogatz (315), Erdos-Renyi (36)
e NetScience: Barabasi-Albert (260), Waxman (24)

e Euroroad: Watts-Strogatz (947), Barabasi-Albert (32)

e ChicagoRegional: Watts-Strogatz (12979)

e Flights-FAA: Watts-Strogatz (579), Barabasi-Albert (363), Erdos-Renyi (284)
e Bristol: Watts-Strogatz (2529)

e Coach: Watts-Strogatz (1961), Erdos-Renyi (287), Barabasi-Albert (48)

e YuYeast: Barabasi-Albert (810), Watts-Strogatz (788)

¢ BacillusMegaterium: Barabasi-Albert (4319)

e Malaria: Random Geometric Graph (31)

e Fullerene: Watts-Strogatz (3840)

e PowerNet: Watts-Strogatz (4796), Erdos-Renyi (95), Barabasi-Albert (31)

e R-Dependancies: Gilbert (29)

We observe that most networks either contain a single evolution model (the one which
they were initially classified as) or consist of a combination of models that includes the
model they were originally classified as. The only exceptions are the NetScience and

BacillusMegaterium networks, in which no component corresponding to the initial model
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is identified. Moreover, in all social networks and in most biological ones, the largest
component corresponds to the Barabasi-Albert (Scale-Free) model. In fact, Barabasi-
Albert is the most prevalent component, appearing in 11 networks, followed closely by
Watts-Strogatz with 10 occurrences. The third most prevalent component is Erdos-Renyi,
with only 5 occurrences, noticeably fewer than the previous two. The remaining models
appear even more rarely, with Waxman appearing 3 times (all in social networks), Gilbert
twice, and Random Geometric Graph once.

It should be noted that the relatively high prevalence of the Erdos-Renyi component
may be due to an error of the Leiden algorithm and might not reflect the true structure of
the networks. It can be observed that during the evaluation of the community detection
algorithms, Leiden incorrectly identified a component corresponding to a Random Graph
twice (once to Erdos-Renyi and an other time to Gilbert). In both cases, the misclassified
components were the smallest in their respective networks, as is generally the case for
the Erdos-Renyi components observed in this partitioning and classification procedure.
This pattern casts doubt about the reliability of the results concerning the Erdos-Renyi

model.
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Chapter E

Conclusion

This chapter serves as the conclusion of the present work. It provides a summary of
our methods and results, the conclusions we reached based on the latter, as well as ideas

for future extensions.

6.1 Summary and Conclusions

In the context of this thesis, and building on related studies, we first conducted a
literature review, through which we identified 6 evolution models and 20 network metrics
that could potentially be used for classifying networks into these models. We then carried
out a series of tests on these metrics (placing particular weight on the variance exhibited
by each metric across all 6 models and on their execution time), and selected 7 to be
used as input to a classifier. The classifier itself was also chosen after an assessment
of its performance, using the metrics precision, recall, accuracy, and F1 score. After
being trained on a set of 600 synthetic networks that we constructed, it was used to
classify 17 real-world networks, with the aforementioned metrics as input. In addition, we
evaluated 5 community detection algorithms based on their execution time and accuracy
on 5 synthetic networks, each of which was a composite of two other networks generated
using different evolution models. The algorithm that produced the most accurate results
within a reasonable time frame was then chosen to be applied on the aforementioned
real-world networks. The resulting subnetworks were subsequently classified with the
assistance of the selected classifier.

Specifically, the models used were Erdos-Renyi, Gilbert, Random Geometric, Watts-
Strogatz, Barabasi-Albert, and Waxman. The selected metrics were Degree Distribution,
Average Path Length, Diameter, Closeness Centrality, Information Centrality, Harmonic
Centrality, and Assortativity, while the chosen classifier was Random Forest, and the
community detection algorithm was Leiden. Regarding the classification results, which
are presented in detail in Chapter 5, it can be observed that the model most frequently
identified when networks are examined intact is the Watts-Strogatz (Small-World) model.
When the networks are partitioned, it can be observed that nearly all contain a compo-
nent corresponding to the model into which they were originally classified. Furthermore,
components corresponding to the Barabasi-Albert model are particularly common, as

they are present in most networks under examination and exhibit the highest prevalence
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compared to those corresponding to other models (followed by the Watts-Strogatz model).
Notably, in all social networks, as well as in most biological ones, the Barabasi-Albert
component is the largest, regardless of the model into which the network was originally
classified. Similarly, in all transportation networks, the largest component corresponds
to the Watts-Strogatz model, an expected outcome given that all of them had initially been

classified into this model.

Based on these results, we conclude that the models that appear most frequently in
real-world networks are the Small-World and Scale-Free ones. When analyzing networks
by category, we deem it safe to assert that transportation networks are predominantly
characterized by the Small-World model, which is also consistent with the findings of
Jiang and Claramunt [68] and Sen et al. [69]. Furthermore, the assumption that real-
world networks can be decomposed into components corresponding to different evolution
models appears valid, as almost all networks contain at least one component correspond-
ing to the model assigned to them when they were studied intact, and the presence of the
Scale-Free model as the largest component in every social network (with the sole excep-
tion of the YuYeast network) is unlikely to be due to error or coincidence. Moreover, given
its presence across all examined social networks, we infer that social networks generally
contain a large Scale-Free component, and that they could potentially be characterized
entirely as Scale-Free if a single model were to be assigned, since this component is clearly
the largest. The fact that most of these networks were classified as Small-World when
considered as a whole may be attributed to classifier error, arising from the coexistence
of multiple models and the similarity between the Scale-Free and Small-World models (so
much so that some researchers consider the Scale-Free model a subcategory of Small-
World [81]). It should also be noted that the Waxman model appears as a component in
most social networks, with some networks classified as such in their entirety, indicating
that Waxman structures are also frequently found in social networks. No strong patterns
were observed in the remaining network categories that would allow similar conclusions;
however, it is worth noting that the power grid we examined (PowerNet) was classified as
a Small-World network, in agreement with the findings of related studies mentioned in
previous chapters [65] [3] [21].

Regarding the prevalence of the Scale-Free model, we conclude that while it is not
ubiquitous, it is not rare either. The category of networks in which it is most prevalent
is social networks; however, it also occurs in other categories as a secondary compo-
nent (transportation and technological networks), and even as a primary one (biological

networks).

6.2 Future Research

Within the framework of this thesis, although we employed a plethora of methods and
technologies to address the questions we posed, we did not exhaust them. Below, we

present several ways in which the content of this work could be further enriched.
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e Incorporation of additional models. While we employed most of the models identified

in the literature, some were deliberately omitted, as mentioned in Chapter 4. It
would be interesting to also examine the case where all models are included in the

creation of the training set, and subsequently in the classification process.

e Incorporation of additional network metrics. During the metric selection process,

certain metrics were excluded due to their excessively long computation times, de-
spite exhibiting high variance. Should more time be available, or their computation
be accelerated, these metrics could be included to potentially enhance the classi-
fier’s performance. Furthermore, metrics beyond the 20 we examined could also be

employed.

e Use of a different classifier. The selection of the classifiers examined was carried

out by meticulously following the diagram in Figure 4.1. However, the category
of Ensemble Classifiers is very broad, resulting in not all classifiers within it being
considered, but only the 4 most important ones. Moreover, the diagram pertains ex-
clusively to traditional classifiers, whereas Graph Neural Networks (GNNs) are also
used for network classification with very promising results. Although the classifier
we selected demonstrated very strong performance, it is possible that a different one

could have performed even better.

e Use of more networks for classifier training. Due to time constraints, we only

used 100 networks per model to create the classifier’s training dataset. Had those
constraints not existed, and more networks per model been used, perhaps we would

observe an improved classifier performance.

e Incorporation of directed and weighted networks in the training data. All syn-

thetic networks we generated for inclusion in the classifier’s training and test sets
were undirected and unweighted. Including directed and weighted networks in the
training dataset could potentially improve the classifier’s performance on real-world

networks exhibiting these characteristics.

e Alternative handling of directed networks. The approach we used for real-world

directed networks was to ignore their directionality. However, they could have been
handled differently, for instance as in the study by Broido and Clauset [70]. Perhaps,
in that case, the results of both the classification and partitioning would have been

different.

e Use of a different network partitioning algorithm. To identify the optimal algo-

rithm for partitioning real-world networks into components corresponding to differ-
ent models, we evaluated 5 community detection algorithms. However, given the
very large number of community detection algorithms available, it is possible that

the optimal algorithm for this task is one of those we did not consider.

e Validation of results using the small-world coefficient. A large portion of the real-

world networks we examined were classified as Small-World. It would be interesting
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to compute the small-world coefficient o for these networks, in order to determine
whether our results are corroborated by this alternative method of detecting Small-

World structure.

6.3 Code availability

All files containing our code and results can be accessed through the following link:

https://github.com/FaidraA/Evolution_model_identification
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e.g. for example

i.e. that is

GNN Graph Neural Network

k-NN k-Nearest Neighbors

RKk-NN Reverse k-Nearest Neighbors
SVC Support Vector Classifier
SVM Support Vector Machine
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