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Anayopeletal N avItypapr, anto9NxeLon xau dtavour Tng napoloag spyaciog, €§
OAOXANPOL 7| TUARATOG AVTAG, YA EUTOELXO oxomd. Emtpéncston n avatinwon,
anoUAXEVOY] Xl OLALVOWR YLA OXONO WY fXEEOOOXOTIXO, EXTMOUIELTIXAS 1N
gpELVNTIXNG PLOMG, UTO TNV NEOUNOVECTY] VA AVAPERETAL 1 TNYN TEOEAELOTNG XU
va dratneeitan To Tapoyv phvupa. Epwtriuata tou agopody tn xeron tneg spyociag
Yo XEEBOOKOTUIXO OXOTO NEENeL Vo aneLYVVOVTAL TEOG TOV CUYYRAPEN.

Ov amdédelg %o TA OCUUNEPACUATA TOU TEPLEYOVIAL OE AUTO TO EYYEAPO
ex@ealouy TOV CLYYPAPER XA OEV TMEENEL Vo EpUnVELVEL OTL AVIITEOOKWREVOLY
Tic enlonueg Yéocigc Touv EVvixod MetoofBiou IToAuteyveiovu.



ITepiindm

H 6iddoom twv "fake news", dnhady) twv Peuddv eldroewy mou €youy ypapTel eoxeuuéva
(OTE VoL TORATANEOPORNICOUY TOUG OVOLY VG TEC, TEOXELTOL YLol £VOL (POUVOUEVO TOU EYEL ATO-
ATAOEL YEYEAES Do Tdoelg Tar TEAEUTao Ypovia e€antiag TNG EXTETAUEVNS XPNONG TWY UECWY
XOWWVIXAC BIXTOWONE Yio EVNUERWTN00E o%0ToVC. AbYw TwV GOPBaptY EMTTOOEWY TOV M-
pépel 1 paliny| Topamhneopoeno, Yewpeltan EMITAXTIXY 1) avdyxn ETiAUOTC Tou TEOPBARATOC,
ue N xenon xuplwe outopatonomuévey pedddny. Ot neplocdTepes UEAETES ETUXEVTPOVOVTOL
OTOV QUTOUATO EVIOTUOUO TV PELBHDY eBNCEWY PECW avdhuang Tou Xelwévou toug. Avtive-
To, OXOTOC TNE TOEOUCOE OLMAWHATIXAC epYaciag efvar 1 aviyveuon Twv Peudny edfoewy ue
™ Yenon otouyeiwy mou Bacilovton udvo oe TANEoPoplec SIXTUOU XaL O CUYXEXEWEVA OTIG
PLhiec TV YeNnoT®V Tou avadnuoactedouy TIG EWNoEl. Oewpolue TWS oL YPHOTEC oV O1-
woatetouy Peudel ewdrioelg oynuatiCouy ueta&l Toug BlaxELTd dXTUN GYECEWY TOU UTOEOVY
va Bonifioouy oty tadvounorn twv ewnocwy oe aindeic xou Peudelc. T tov Adyo auto,
povtehomololue xdde eldnomn wg €va BIXTUO PLALLY XL AVITUPLO TAVOUUE TO GUVOAO TOUG UE
™ Yerion teodidoTatwy Tavuo Ty (tensors). ‘Eyovtoc otn Siddeon pac éva ovvoho emon-
HOOUEVRY EWBNoEWY, TEoTeElVOUUE plo VEX TEY VXY TaparyovTonoinong 1 aAAwe anocdvieong
Tavuo TV (tensor factorization) mou, avti va extelel v Ta&véunon oe Eexwploté Bua petd
™ dnwovpyia Twv Tvdxwy Topayéviwy (factor matrices) 6mwe cuvndiletal, EVOWUATMVEL
évoy emimhéov Opo o@dhuatog tadvounong oty dladacio Tng mapayovTtonoinong mou Wog
odnyel xatevdeioy xou ye peyaritepn axplBela otny tehixn tpdBiedm. ‘Etot, xatolfyouue oe
éva evialo meoBAnua BedTiotonolinong Ye Ty Veor TNg XAAoMS Yio UERIXE a6 ToL BEQOUEVA TT|
oTypy g mapayovionomone. Anotehéoyota oe mpayuoTixd dedouéva emBeBatdyvouy TV
AMOTENECUATIXOTNTA TNG TEOTEWOUEVNS HEVOB0L o amodexviouy wg amodidet e&loou xahd
ue pevddoug tedeutalac T voroyiog uéow piag mo amhig mpocEyyiong.

Agleigc KAedia

Tapayovionoinon Tavuoty, Peudelc eldnoelg, xovmvixd dixtua, unyavixd uddnon






Abstract

Social media usage for news consumption has grown excessively during the last years.
Along with it came the spread of large amounts of "fake news" that are deliberately
written to deceive readers. Due to the serious consequences of mass misinformation,
fake news detection is considered an urgent technological issue in need of automated
solutions. In related literature, we can find several attempts to detect fake news only
from its content, but their performance is generally considered non-satisfactory. Hence,
we need to incorporate auxiliary information, coming from the network, in order to be able
to identify misinformation more accurately. Our intuition is that the network connections
of users that share fake news can be discriminatory enough to facilitate the detection of
fake news. Consequently, the aim of this thesis is to detect fake news using network-
based information and some labeled data. Firstly, we present a novel tensor-based way of
representing the news pieces using only the friendships between users who have shared the
news. Then, we wish to exploit this representation and a set of labels we have in hand,
by developing a tensor factorization method that associates the class information of some
posts with their latent representations. Finally, we end up with a unified optimization
process that integrates a classification error term inside the factorization itself. Results
on real-world datasets demonstrate the effectiveness of our proposed method and suggest
that it can become competitive against existing state-of-the-art methods, by employing
an arguably simpler approach.

Keywords

tensor factorization, fake news, social networks, joint optimization, machine learning,
CP decomposition.






Evyagiotieg

H epyaoio autr elvon o anotéheopo cUAROYIXNG BOUAELAS xou Wlog CUVERYASIUC TOU OE
ONoL ToL GTABLA TNG AEtToVEYNOE XATd TNV dmodr| pou ue TeéTo unodetypotixd. Ogelle hoindy
éva peydho euyapioted atov Ap. TIidpyo IHoholpa xau tov I'idpyo Katolunpa, epguvntéc
oto Ivetitolto Iinpogopurc Tniemxowwviay tou 'E.K.E.®.E Anudxeitog, tou ye Borin-
oV OTNV EXTOVNOT] TNG OITAWUATIXNG AUTAC HE TepdoTiar 6pedn xou TpoYuula, APLERMVOVTAS
dmAeTo YEOVO o OXEPN Yio TNV TapaywYY evog amoteAéopatog mou va éyel afla. Toug
ELY PO TG YTl Y€oa amd TIC CUMBOURES ol TIC OONYIEC TOUG HE EXOVOY VO VIO LoGEL0
HENOC LAC TIEOLY HATLXC EQELVITIXNG OUSDAS XOU HECO ATO TNV TEOPIVT] AY AT TOU €Y OLV YL
TO AVTIXEUEVO TOUC, UE EXOVOLY VO Y UTHOW X0k EYW UE TT) OELRA LOU TNV OAT) EQELUVITIXT] Ola-
duxacto. ‘Omolo eumodlo %t oy TEOEXUTITE NTaY TAVTA OE ETOWOTNTA, TNV XUpLoAeio pe yapTl
xou e LOAUBL HoTe v To Eemepdoouye, o Ue x0plo uéAnua vo Bondnoouy euéva tny (Blar var
xatovoriow ot Bddog dheg TG epeLVNTIXES Xat YodnuaTxég évvolec. Auty 1 cuvepyasio pou
€dwoe tepdoTia WINom xou eviouslaoud va ouveyiow ot pla avdloyr epeuvnTixy Topela. O
foeha enione va euyoploTHow Tov avarthnewth xonynty Tou EMIT Ap. T'iddpyo Xtduou yia
TNV UG TOGUVY oy Wou €delée avahauPBdvovToag auThY TNy gpyasia xaL TNV enlong Uy
npoYuula Tou va pe Pondioer oe Véyata SLadxac Tid xS Xol 0TOV TEOTO TAPOLGIAOTS
NG OLTAGUATIXAS.

Ylyoupa 6ha autd dev Var pmopoloay va elyav cUUBEL Ywelg TV aUEPIOTY CUUTAEACTACT),
evidppuvor xou aThELEY, LAY xou xupiwe cuvancdnuotixy, and toug yovelc wou Koateptvo xou
Idpyo xou tov adep@od pou Iavtedy), oe ok o 0Tddar TN Lwnhg xow TWV GTOUBWY YOV Xol
yio aUTO Tov AdYO 1 epyacia etvon apiepwuévn ot autols. ‘O,TL €y XaTopEREL UEYEL OTLYUNS
xa O,TL TEOXELTAL VoL xatopepw Ya elvan ydpn oe exelvoug. Puod evyaplotd Tig Qileg Lo,
TIOU €XAVAY UTEROY A TOL POLTNTIXE WOV YEOVLAL, X0l TOUG GUUGOLTNTES HOU, TIOU Ue éuooy Vo
UMV OTOATAw VoL TAAEDw TOTE YLl TIC LWOEEC UOU ol EVal XUAUTEQO HEANOV XoIOC Xal VLol TIS
UETENTES WPES DLaBAoUATOC TOL polpaoTrxaue Topéa Bondnvtag o évag tov dhhov. Télog,
v gpyaoia auth Yo Hlela va TNV aPleptcw xou 6TNY xOhANTY pou ¢iln ‘Ohya mou Ytov
TdvTa TOGO YEOVLOL BITAN OV, XoL TTOU ToL AGYLa BEV apxolV Yl Vo Teptypdpouy ndco tuyeen
elyon Tou TNV €xw otn Lwi| you.
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Extevic EAAnvixA Ilepiindn (Greek Summary)

H aZoonueintn adinon e xefone v géowv xonvxhc dixtiwone (social media) o
Baoux| Ty EVNUERWONE OE GUVOLACUOS UE TOV XAOVIGUO TNG EUTLOTOCUVNG GTA TORADOCLUXS
wéoa palixic emxoveviag, 0 HEYIAT Toy0TNTA BAdooNS TV Pneloxdy EWNoEDY XonOS
XL TOV TEPAOTIO OYXO TNS TANEOYORiag TOU XUXAOPOREL GTO BLAdiXTUO, €YOUV EMLOEVMOEL
10 TEOBANUA TV Aeyopevwy Peudnyv eldfioewy (fake news). Iaveupwndixh épeuvo 26.000
atouwy Tou Selhydn to 2018, emBefoucdvel 6T oL Peudelc edVioEic EEATAWMVOVTAL ToyUTOTAL
oe oAbxhnen v Evpdnn, pe 1o 85% twv ouypeteydviwy va Jewpel Tic Peudeic eldroeic éva
cofapd TpdBAnua Tou yehlel avtwetonione [24]. Katd avtdy tov tpémo, xatadewvieton 1
VALY XAOTNTA AVATTUENG QUTOUOTWY PEOBWY aviyveuons twv Peudmy ewroeny ue Bacixd
GTOYO TNV TREOCTACIA TWY VALY VWOTWY oNd TNV TORATANEOPOENOT.

H duoxoMa g auvtopatng aviyveuong Peudny ewdfoewy ota social media ogelietan xu-
el oe dvo ouviothoes: (i) ou Peudelc ewdroelc eivon oxomnipwe yYpopupéves xotd TedTO TOUL
uropel v e€omatioel Toug avoryveooTee (ii) to nepleydpevo Twy edHoEmY Propel Vo TouiAAeL
6c0ov agopd TN Yeyoatohoyio xou Tov teomo yeuphc. o mopddelypa, éva aAndvéd yeyovog
unopel va mopouclac el péoa oe éva TapamAavnTixd Thaiolo Yo va utootreiydel xdTt Peu-
0éc [6, 7]. Katd ouvénela, éva govtého unyovixric uddnone mou aviyvelel Peudelc eldhoelc
ATOXAELC TG UECOL OO TO TMEQIEYOUEVO, UTOREL VaL UMV TEOTPEREL Tol XAAVTEQO ATOTEAEGUATA.
Avt autol, umopolue va enw@eAntolue and CUUTANEWUATIXES TANEOQORIEC TOU TapdYo-
VT Ao TO B{XTUO, OTWE Lo TURABELYUA TO TROPIA TWV YENCTOY TOU AAANAETLOPOLY UE TIS
ewdnoelc ota social media, yio va e€dyouue axpBéoTtepa amoTEAEGUATAL.

To mpdfBinua tng aviyveuong Peudwyv ewdroewy ota social media €yel pehetndel extevidg
ot BPBhoyeapio. Mropolue va Swoxplvoupe tpelc Baowés mpooeyyioeic ol onoleg Bacilo-
vtow: 1) oTo mepleyuevo ii) oto dixtuo xou iii) oto mepleydpevo xou oTo dixtuo (UBEIBKES
mpooeyyioel). Ol npooeyyioeic mou Basilovton Uévo 6T0 TEPLEYOUEVO ETUXEVTPOVOVTOL TNV
avAALOT| TOU TEPLEYOPEVOL TwV eEWdfoewY (.. Ae&hbYlo, oUVTOEN) Xou oTNV aviyvevon uo-
TiBwv péow pedddwy enelepyaoioc puowhc Yhwooos (NLP) [8, 9, 28]. Qotdoo, npoxepévou
vou Toporydo0V LXAVOTIOLNTIXG. amoTEAEoUATA, anattelton Tpoxadoplopévo medio oplool, x4t
mou elvor 80oxoho va emitevydel oty nepintwaon Ty Peudny ewroeny egutiog Tng Towxtho-
wopploc Toug [11].

Ov npooeyyioec nmou BaoiCovtar oto dixTvo €€dyouy TANEOYORIEC ATd BLAUPORETIXOUG
TOMoUg BIXTUWY Tl omolol BNULOVEYOUVTNL ATO TOUG XPVOTES TOU AAANAETLOPOVY UE TIG El-
djoele, Omwe elvon o dixtua diddoone (diffusion networks) 1 ta dixtua oyéoewv (relationship
networks) [7]. Tevixd, ot uédodol nov Boaoiloviar oto dixtuo €youv xahitepee eTBOOELC OE
duVULIXG TERBAAROVTA XoU ETOUEVWLE EfVaL XATUAANAOTERES Yot TOV EVTOTLOUS YUKV edroe-
ov [12]. Téhog, oL VBEWXEC TEOoEYYIOEC OTOYEVOUV Vol GUVBUACOUY To TAEOVEXTAULATI TGV
HovTéAwY ou BacilovTon 6To TEPIEYOUEVO XU OTO BIXTUO, EVOWUATMOVOVTIS GE VA HOVTENO
T600 T YAWOOXE YopaxTNEo Td 600 xat TIC TANPopopiec Tou dixtiou [13].

1.1  Avtuxeipevo tng AmAOUATIXAS

To napandve oe cuvduoopd Pe to otL i) ot yeRoteg dadpapatilouv xadoplotind pdro
otov Tpémo dddoone Twv Peuddv ewdroewy [7] ii) ot yeRotec powpdloviar TANpogopiec pe

13



14 Chapter 1. Extevijc EAAnwvixij Hepidngn (Greek Summary)

dAhoug mapoupotous yerotee (gihoug) [14] xou iii) o yapoxtnelotind tou dixtdou elvon on-
HoVTXd 6TNV xatnyoponoinon ¥ ta&wvounon tov Peudoyv edfoewy [15], unodnhovouy 6t N
dlepeliynon Twv dixTiWY oyéoewy UeTadd TwV YeNo TV Vo UTopoloE Vol SLEUXOADVEL CNUAVTL-
%4 TNV xatnyoplonoinoy twv Peudny ewdnoewy. Q¢ anotéleoud, 0TV TAPOVGH BITAWUATIXY
gpyaoio, oToyelouue Vo EXUETOAAEUTOOUE TIC TANEOYORIEC TIOU TEOEEYOVTAL Ao TIG PLALEG
HETOEY TWV YENoTMV, X0l VoL AtodelEOVUE T OTOUBUOTNTA TOUS 0TO TEOBANUA TG avlyveuoTg
TV PeudV edoEWY.

YT¢ TEPLOGOTERES TMEQLNTWOELS, oL TUTXES pédodol TopayovTonoinong 1) anoclvieong ta-
VUO T exTEAOUVTOL OE Un-emiPBAenouevo teptBdAloy xou Bev ennpedlovton and TNy TAnpopoplo
e xhdong mou unopel va etvor Stordéaiun yio pepixd amd ta dedopéva. Avtilétng, Bxog pag
0T6Y0¢ elvon pe TN yenorn LePOdwWY TopayOVTOTONoNE TAVUOTY|, VO XATACKEVACOUNE TVAXES
OUVTEAECTWV UE eMlyvwoTn xhdong. Oewpolue Twg 1 YeNon TS TAneogoplac TS xAdong
xoTd TN OLdEXELd, XoL Oyl MET, TN Owdixacia TG mapayovronoinong, unopel va odnyroet
TNV ToEAY WYY OXPUBEC TEPWY AVITARIC THCEMY YL TOV EVIOTUOUO TWV PEUdWY EWBACEWY e
ueyaAUtepn adlomotia.

1.2 3uvelwcgopd

Ye auth TN Simhwpatixy epyacio tpotelvoupe wal VEo NU-ETBAETOUEVT TROGEYYLOT YLot
v tTa€wvéunon tev Peudny ewdfoewy ota social media, v omoia ovoudloupe CLASS-CP.
H pédodog auth hauBdvel unddn tig oyéoelg Quilag HETAE) TV YENOT®Y X0t TNV TANeoQopia
e xhdomne (etixéteg xAdomg). Avti va EXTEAECOUUE TNV ToRoy OVTOTOINGT) X0 TNV Tadvoun-
on Eexwplotd, omwe cuvndileton, n CLASS-CP tic evowpatdvel oe po eviabor dladuxactio
Behtiotonoinong. Ou xdpeg cupBoiéc authg g epyaociog elva oL TopoxdTe:

o Ilpoteivouye €va V€O TpOTO AVAMURAGTACTC TWYV EWNOEWY UE TAVUCTES UECK) TV QLAWY
TWV YENOTOV

o Avantioooupe pio Swadixacia Tapayovionoinong TavuoTh Yio TNV aviyveuor) Peudmy
elfocwy nou Baclletan oe TANEogopleg SixTOOL XU OE ETIXETEC XAdONC

o Eiodyouue v tovéuncn oty Sdixacior Tng mopoyovTonoinong, €VOWUATOVOVTIC
péoa o aUTHY TNV TANEoopia TNS xAdong

o AZioloyolue tnv anédoon ot mpayUatixd cOvoha SeBOUEVLV Xat EMOELXVOOUUE TNV
AMOTEAEOUATIXOTNTA TN EVEO0U

O xdduxag yioo TNy mpotevduevn uédodo elvan avouytdg xou dradéoiwog oto https://
github.com/FrossoPap/class-cp/.

1.3 Oewpntxd Ynofadpo

1.3.1 TIIapayovionoinoyn TavuoTi

‘Evog tavuotig elvon évag mohudido tatog mivaxag 1 éva yevixevpévo didvuoua. H wdén
(order) evbe tovuoTh elvon 0 apLIPOE TWV SLACTAGEDY TOU, ETOUEVMS EVOC TAVUC THC TEWTNG
Taéne ebvon Sdvuopa, évag Tavuo Trg dedTepng TAENC efvan BLOBLAC TATOC TiVaXaG, EVE OL TAVU-
0Tég TRlTNE TAENG Xou dvey ovopdlovtal Tavuo Tég LmAdTteene TaEng. ‘Evag tavuothc r-tdEng
ovopdleton mpdtov Badpol (rank-one) edv anocuvtiVetar auoTNEd 010 EEMTEPXG YIVOUEVO
7 SLAVYUOUATOV.


https://github.com/FrossoPap/class-cp/
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1.3 Bewpenuxd Trdfadeo 15

H nopoyovrtonolnomn tavuoty| enoonolelton eXTeEVOS ot TeofArota unyavixic udinong
Y10l TNV OVOTOEAGTACT) TOALOLACTATKY Bedopévwy. Mia Tunixy| Tpocéyyior napayovionoinong
tovuoth elvou 1) Canonical/Parafac § CP [16], nou anocuvdétet tov tavuot o€ éva oOvolo
rank-one TavUOTOY, OTKWC TEQLYPAPETUL AETTOUERECTERN OTNV ToEdypapo 1.3.4. Mot axour
TopayovTonolinoy Tou yenowonoteiton eupénc, eivon 1 Tucker [17], n onolo anocuvdétel Tov
TvuoTH o€ évat o0VoLo EEXWELOTHOVY TVAXwY cuvteheotodv (factor matrices) yio xde téén
TVUOTH xou o€ évay TavuoTh-tuphvar (core tensor). Mua mio mpdogatn npocéyylon elivon o
olyopripuoc RESCAL [18] mou mapdyet wor povadixy| avomopdotaot yio xdde dtapopetiny
oyéom mou mopoucldlouy T dedopévar METAED TOUC Xl TOEOUCLALETAL AVUAUTIXOTEQA OTNV
Tapdypago 1.3.3.

1.3.2 XYnpeloypapio

Yy mapovoa Simhwuatiny epyacio Yo yenowwonoioouye Ty axdiouvdn onueloypapio:
oL xePoNioL UMY paPXd Ypdpata dnhidvouy évay tavuoth T € RIXIXK Oy diodidotaror
mivoxeg avTimpoownebovial and xegolala yedupata, énwe 1o A. To uxed yeduuota, 6mwg
10 v, UTOdNAGYOLY Blaviopata. To otowyelo (1, j) evoc mivoxo A onuewdvetar pe a;j. Tiow vor
avatpé€ouye ot Yeopun @ evoe mivoxa A yenotponotolye to a;. Opolng, éva otowyelo (4, j,
k) evoc tavuoth T Vo onuewwdel we Tij,. Emniéov, 1o vec(A) elvan 1 diavuouatonoinon tou
A, o tehecThC ® BNnAdVEL To Yivouevo Kronecker xan o teheotic © To ywopevo Khatri-Rao.

I'woépevo Kronecker

Av o A elvou évoc mivaxac mxn xaw o B évag nivoxac pxq téte to yivouevo Kronecker
A ® B opileton o:

CLHB e alnB
A®B= : . : (1.1)
amlB e amnB
I'woépevo Khatri-Rao

To ywoépevo Khatri-Rao opileton we e€ng:

AoB= (Az‘j®Bij)¢j (1.2)

0L TUO OVONUTLIX,

A1 ®Bi | Ap @By

AGB=
A ®Bay | Ag ® By

(1.3)

1.3.3 ITapayovronoinon RESCAL

H nopayovtonoinon RESCAL [18], anotekel éva véo povtého naporyovionoinong tavuoTh
TIOU XAHOXOVETOL TOAD X0Ad og Yeydho aptdud dedopévwy xau uropel vo mopdyel state-of-
the-art anotehéopata oe TOAG TpoBAfuota unyavixhc udinong [46, 62, 64]. Avahutixdtepa,
dedouévou evic tavuoth X', xdde slice tou Xy, napayoviomoleiton cOppova pe 1o [18] we edhc:

X~ ARAT k=1,...,m (1.4)
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6mou A elvon €vog TVoxag IXT TOU EUTERLEYEL TIC XPUPES OVATAPAO TACELS TWV I OVTOTHTWY
Tou TEoBAAUaTOS xou Ry elvon €vog TVaxag IXT UE TS XPUPES AAANAETUOPAOELS TWYV T' TOEAL-
yoviwy (factors) otn k Sudotaon tou tavuoth. Ou nivaxeg A xou Ry, vroloyilovton ye tny
enihuon Tou axdhovdou TEofBAAuaTO EAdyLC TOTOINONS:

g}}i%nk F(A, Ry) + g(A, Ry) (1.5)
OToL 1
f(A,Ry) = 3 %: || Xy, — AR AT |3 (1.6)

elvon T0 TEOBANU ENAYIOTWY TETEAYWVLY TN TAUEAYOVIOTOINoNG Xou

9(A, B = (NI + 3 IRl (1)
k

elvar 0 6pog xavovixonolnone mou mpooTtideton Yl va anogevyVel 1 unepuovielomolnom
(overfitting) tou povtélou.

Mn apvnTixy nopayovionoinon RESCAL

To oyeoloxd dedouéva OTWE AWTE TOU TORAYOVIOL OO TA XOWWVIXE BIXTUA UToEOoVY
yevixd va Yewpnoly we un apvntxd [49]. Enopévec, ta dedopévo oto dixd yac npéBinua
unopoly va mopoyovionondoly yenollonolwvTac wiar Un opvnuxy exdoyr; tou RESCAL
[49]. Apyxd, avomoploTtdvoude tar SEBOUEVA YENOLLOTOWVTOS vay TovuoTh Teltne tééng,
T € RIXIXE Kéde slice tou T, Taparyovionoleltan ¢ eENG:

T, ~ ARAT, k=1,...m (1.8)

omou A eivan €vog Tivaxog NXT ToU EUNEPLEYEL TIC XPUPES AVATOQUCTAOELS TWY I OVIOTHTWY
xou Ry elvon évag mivoxoag rXr ye Tic xpupéc oANAEdpdoelc Twv I napayéviwy (factors)
ot k dudotaon tou tavuoth. O mapducteor A xou Ry unoloy(lovton ye tnv eniluor tou
axérovdou mpofAfuatog elaylotonoinong:

Irélr}}%ri f(A,R) + g(A, Ry) (1.9)
OTOL T
F(ARy) =Y |ITk — AR, AT} (1.10)
k

elvon T0 TEOBANUA ENAYIOTWY TETEAYWVLY TN TAPAYOVIOTOINoNG *ou

9(A, Re) = MallAllF + Ar D [ Rill} (1.11)
k

0 6po¢ xavovixononong. Ou un apvnTixéc evnuepwoels yia Toug mtivaxeg A xou Ry, avtiotolya
elvou, oOppova ye [49]:

T T
A+ Ax 2 e ARy, + Ty Al (1.12)
A(S; ReATART + RTATARy] + Aal
ATTL A
1.13
Ry = Br* AR AT A T AR, (1.13)

ITo” 6hot aLTA, OL U KEVNTIXES TOEOYOVTOTOLACELS TAVUC TRV Teoc¥ETOuY emTAéOV Te-
ploptopole ol onolol Umopel vor pac 0dNYNRoouy o€ TOAOTAOXOUG TVUXEC GUVTEAEGTMY TOU
ATOUTOVY TEPLOGGTERO YEOVO YLoL EVIULERMOT], TpoXahGVTS {NThuato xAhydxwone [60].
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1.3.4 Ilapayovrornoinorn CP

H napayovronoinon Canonical /Parafac (CP) napayovtonolel évay tavuot o éva ddpol-
oua TavVo TGV e ToL Baduol. I tapdderyua, dedouévou evog tavuoth Teltng t8eng X €
RIXTXE Héhoupe var Tov exppdoouue o¢:

R
X~) aoboc (1.14)

r=1
omou R elvan évag detinde axéponog, o 10 e€MTEQIXO YIVOUEVO TWV OLUVUOUATOV XL &, €
R b, € R ¢, € RE yior =1, ..., R. Axohouddvtac touc optopole twv Kolda xou Bader
[26], n (1.14) unopel va ypagel oe popr| Tivaxo yio xdde pio and tic Tpel T8EELS ToL TaVUoTH:

X(l) ~ A(C O] B)T,
X@ ~B(Co AT, (1.15)

1.4 Opwopoég tou IlpofBAruatog

Ye autéd 1o TEOPANUe €youue éva olvolo posts/eldfoewy P = (p1,p2,..pp) TOU €youv
xowonoinel and yeRotes, éva olvolo dixtiwy gikac G = (g1, g2, ..gp) UETOHEY AUTHOV TV
XENOTWV %ot €vat GUVOAO ETIXETOY ¥Adone Y = (y1, Y2, ..U1), K | < p. 3tdyoc pog ebvar va
mpofiédoupe amoteheouaTind TNV ¥Adon TwV eWbfoeny ywelc etxéta. H Abon autol tou
TpofAuaTog eYElpEL Tor oxO oLV EQELYNTIXG EPWTHUATAL

o (E1) Il pmopolue va emwgerndolye amd tor dixtuo @uhioc mou dnuioupyriooue yia
TNV AMOTEAEOUATINY TAELVOUNOT TV EWONCEWY;

o (E2) Ilc umopolv ol diadéoiues eTixétec xhdong twv EWOHCEMY Vo 0dnYrfoouy ot
axplBéoTepa anoTEAECUATA;

1.5 IIpotewodpevn MeéBodog 1: Ilapayovronoinorn NN-
RESCAL

To npdto povtého nou avartLloue yenoweonolel T un apvnuxr tapayovionoinon RE-
SCAL nou mapovsidotnxe otny napdypapo 1.3.3. 'Ectw dti ddétoupe 2n aprdud ewdrnoewy
(posts) mou éyouv avaptniel ota social media, ot 2p and autéc pe eTETEC XNAONC Xou OL
unolownes 2(n — p) yweic, 6mov p < n. Trdpye (coc aptdude Peuddv xar ooy eldrioewy.
Apywd, dnuiovpyolue 800 TavuoTES TRITNG TEENS YENOWOTOLWMVTAS BLAdLXY VaTAEds Too
Yiot T HOVIEROTOMNON TWY GIMOY TV XeNoTOV: X fake) € RYVP mou nepiéyel to olvolo
TwV posts-ewdrioewv Tou éyouv emonuoviel we Yeudeic xan X(peqr) € RVMP pe tic ewdroeic
Tou €youv emonuoviel wg akndeic. Ta posts-ewdroelc avamaplo THVTOL UE TiVaXES YELTVINOTC.
Me ) o70{Bodn auTOY TRV TVEXWY, TOV €Vay UETE TO GANO, SLOHOPPOVOUPE TOUS TOVUC TEG
ue tov axéiouvdo TpodTO:

1, av o yenotne j €xel alknhemdpdoet pe to fake post k
X(fake)ijk = xaL 0 yenotne i axolouvdel tov yerotn j (1.16)
0, OAALOC
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ouoiwg,
1, av 0 YpHone j €xelr aAniemidpdoet pe to real post k
X(Teal)ijk = xan 0 yprotne i axolovdel tov yeriotn j (1.17)
0, OAALDC

LNUELOVETAL TS OTAV ONAWMVOUPE OTL €Vag YeNoTNng €xel aAANAemdpdoel e éva post,
auTO onuadvel OTL ExeL xdvel xoworoinon To avtioTtotyo post/eldnon oto Tpopik Tou oTa so-
cial media, otnv nepintwon pag oto Twitter. Xtn cuvéyeia, epapudlovue N un apvnTiXY
napayovronoinon RESCAL otouc tavuotes X fare) %0 X(reqr), BE TOV TPOTO TOU TOPOUOL-
dotnxe oty nopdypeapo 1.3.3. Q¢ anotéheouo TN TOEAYOVIOTOMNONG, XATIUAYOUUE GTOUG
mivoxeg Afgpe € R™WT xow Apeqr € RWT avtiotoiya, péon tov axdloudwy un opvntixdy
EVIUEPWOEWY TIOL TEOXUTTOLY oVUpuva Ue T elomoelg (1.12) xou (1.13):

Sk X(fake)kAfake Rie + X (fake)h Afake R
Afake([Zk Rk(Afake> f4fake]:z%1 + Rk(Afake> AfakeRk] + )\AfakeI

Afake < Afake *

(1.18)
6Tou .
Ry, + Ry, % Zk Afak:eX(fake)kAfake (119)
A?akeAfakeRk (Afake)TAfake + ArRy
pide i
Areal < Areal * X Xreay e Areat B + X rean Arear B (1.20)
rea rea Amal([Zk Rk( real)TATealR% + Ry (Areal) Areale] + /\ArwlI
oTou .
Ekz A lX(real)kAreal
Ry < Ry * = 1.21
" g AzealAreale (Areal)TA'real + ARRk ( )

Ta posts mou dev yenowonodnxay cto train set wg slices Twv TavuoT®Y, avAxouy
oto test set xou dev €youv axdpo etxéta. ‘Eotw ot €youue éva oOvoro mvixwyv M =
{P1, P2, ... Pyn_p) }, pe xdde mivoxa vo avtioTolyel oe éva dLapopetind post ywplc etiéta,
6mov Py € RV xau idx € [1,2(n — p)]. O mivoxac Py, dnuouvpyeiton yio x&de post idx
w¢ e€ng:

1, av 0 xeNone j €xel aAAnAemidpdoet pe to post idx
Plige),. = xan 0 yprotne i axolouvdel tov yeriotn j (1.22)
0, OAALC

311 ouvéyela, tpocdétouue to post Pig, € R amd 1o test set otouc tavuotéc X fape)
ol X(,,eal) w¢ éva véo slice ato téhog Tou xdde tavuoTy. Tehwnd, xatahyouue oToug VEoug
TovUOTES X{fope) € RUXUX(PHD) 5y Xrear) € R () gytisrone. Metd v mpocdfxn
Tou test post xou 6TouC BVO TaVUGTES, ExTEAOUE TN Un apvNnTXn Tapayovtonoinon RESCAL
GTOUC TAUVUOTEC X(fak,e) ol X(real) YL VO TTORAYAYOUUE TOUC VEOUC TIVAIXES TOPAYOVTWY

/fake € R™ xau A, € R péow twv oxdhoudmv un apvntixdyv EVNUERMOE®Y TOU
npoxUTTovy Eavd and Tic edlomoeg (1.12) xou (1.13):

/ — A Zk fak:e kAf‘lkeRk + X(fake)kAfakeRk’
k k
Jake Jake A/fake([Zk RkAfake,A/fakeRT + RkAfake,AlfakeRk] + AA}akeI

(1.23)
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6mou /
Zk fake (fake)kAfake
Ry, < Ry * (1.24)
A/]”jgzkeA/J‘akeRkA/]‘Y;ke/A}ake + /\RRk
nol
A o A % Zk real kATeale + X(real)kAreale (1 25)
reat real A;‘eal([Zk RkA;:chalAlreale + RkA;:chal/A;‘eal Rk] + )\Alrealj
6Tov
X/ Al
Ry, < Ry, * Zk real (real)k“*real (126)

T / T !
ArealArealeAreal Areal + )\RRk

Aedouévou 6TL 1 euxheldelor andoTooT anoTEREL YVOOTH UETELXN YLl TOV UTOAOYIOUO TNG
AMOGTUONG TOU YENOUWOTOLELTAL TOXTIXG OE TopOUOLL TROBARTA UTOAOYLIOUOU SLopopds [50,
51, 52], uroloyiloupe v TEOBAedYN pe tov axdroudo tpdéno: Eotw | 1 axdpo dyveo
enxéta xdde post, ye [ € [0, 1], 6mou to 0 deiyver éva ahndéc post xou to 1 éva peudéc. H
ETXETOL TOU TPOXVUTTEL WG EENC:

| — 1, Ed HAfake B Alfake” < HATGCLl B A;“ealH
0, AANLOC

Télog, apoupolue tov mivoxa Pig, amd toug X(fake) xou X(’real), TPOGUETOVUE TOV ENOUEVO
nivaxa Pigg41 amd to obvolo mvdxwy M xal 6Toug 600 TavuoTéS ol emavolaBdvoupe T
Sodixacta yioo Tor undhowna 2(n — p) posts. OAdxhnpoc o ahybprduoc yio T Sodixacio
pafveton otov Alyderduo 1.

Qotdoo, 6mwe galvetan oty Toedyeapo 1.7, T0 HOVTEAO AUTO BEV XATUPEPVEL VAL OLVL-
xvevoel ue axeifeta Tic Peudels ewdroelg oo péoa xowmvixig dxtiwong. Emniéov, yia v
TUEAY WYY TWV TEAXWDV ATOTEAECUATOV TEENEL VoL TEEEOUUE TECTERLC PORES TOV oAy deLiuo
napayovtonoinone NN-RESCAL, yeyovog mou au€dvel Tny TOAUTAOXOTNTA XAk TOV GUVOALXO
XpOVo umoloylopol e tehxic meoPhedne. Luvenwg, ouveyllovye ye Ty avdntudn evic
deltEPOL, Xt OTwE Vo SElEOVUE MO AMOTEAECUOTIXOD, HOVTEAOU TOU ToEOUCLALETOL OTNV
EMOUEVT] TTUPAYPAPO.

1.6 IIpotewodpevn Médodog 2: CLASS-CP

Me Bdon tn onueoypagpio ToL ToEOLCLEC TNXE 0TNY ToEdyeapo 1.3.2, yio Tn wovielonoln-
o1 TWV 0E00UEVLY Va YPNOWOTOLAGOVUE TNV axOAOLVT| BUABIXTY] AVATUEAC TACT] UE TAVUO TEG:

1, av o yehotne k €yel ahiniemidpdoet ye to post i
Tijr = xou 0 yenotne j axohoudel Tov yerotn k
0, AAALDC

‘Onwg xou TEoNYouHévee, OTay évag YeNotne oANAEmdpd ue €vo post, autd onualver ot
el xdvel xowonoinon to avtiotoryo post/eldnon oto mpogih tou ota social media, oty
nepintwor| pac oto Twitter.

H npotewvoépevr pédodog mpdxetton yiot cLVOLACUS BLO BACIXMDY BLUBLXACLEY TOU ATAVTOVY
ot epwthoelc (E1) xou (E2) avtiotowyo: (i) napayovtonoinon tavuoth xou (ii) Behtiotono-
{nom g amddooNE UE EVOWUATMDON ETIXETOV XAJONE. XE AUTH TNV €pYuoid, YENOWOTOLOVUE
xou emextelvoupe Ty TpdTuny topayovionoinon CP [16]. To dudypoppa tne CLASS-CP o-
mewoviletan oto oyfua 5.1. Katopyny, xataoxeudlouvye €vay TELoBLEOTATO TAVUOTYH antd T
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dixtua puhiog TV YeNoThY Tou €xouy ahknhemidpdoet Ye Tic eldroelg, dnhadh T € RPX4X,
H nopayovtonoinon CP evég tétolou tavuoty| unoloyileton pe v oxdiouvldr uédodo twv
ehayloTwY TETPUYOVLV:

minAaBac HT - [[A7 Ba Cﬂ H2 )

6mov 0 A € RPX" avamaplotd tov nivaxa topaydviey (factors) twv edfoewy, B € R**" xou
C € R¥*" avamaplotoly Toug TVOXES TopayGVTWY TV Yenotey xou 7 etvar o Badudc (rank)
TNE TPy ovIoToinong.

Ity e€orywyn) TAnpogoploy mou oyetilovTal Ue TNV XAAoT EVOOUATOVOUUE GTT| BladLxa-
ola BehtioTonoinong évay dpo o@dhuatog xatnyoplomoinong tou Poacileton 6ToUg ToEdYOVTES
Tou mivaxa A. ‘Onwg Yo det&ouye, o mivaxog cuvteeotov A ennpedleton and évay Ta&voun-
. Luvdéovtog Tic Ypouués Tou A (Tou avtioToolv OTIC EWHOELS) YE TIC ETXETES XAAONG
TV avtioToywy ewfoewy, hauBdvouue wa tpocéyyion tou tavuoth T mou Bacileton o€
AUTEG TG ETLXETEG.

H vnéddeot| pag elvon 6tL o1 etdnioelg pe dla xAdomn Yo polpdlovTtal Topduoloug TopdyovTeg
[20]. Enouévee, eEVoUATOVOLUE Ty TANpogopia oyetixd e Ty xAdon otn dadixaocia g
TUEAYOVTOTOINONG TOU TAVUGTY|, (OTE VO UETAXWVACOVUE EWNOELS TNG (Blag ¥AdoNE To xOoVTd
ot Aavddvouoa (latent) mepioy touv npofhiuatoc. Trodétoupe 6T UTdpyEL €vog Tivaxog
ouvvteheotdv W € R™€, 6mou 1 elvan 0 apidudc twv mopayovtwy xou ¢ elvon o oprdude tov
ETXETOY *AdoNG. AuTdg 0 Tivaxag CUVTEAECTOY amodldeL ETIXETES 0TI EWONOELS, Bactlouevog
OTIC YPOUUES TOL Tivoxa oLVTEAESTWY A, dnwe cupPaivel ot €va xowvd TedBAnua TopeuBornc
(regression), dnhadr Y = AW.

EniAvon tou npoBAjuatoc xowrg BekTtiotonoinong

Y& oUVEYEL TV TOEOTEVW, €yovtag évay TavuoTth T € RPXMW M you éva 6UVORO ETIXETMOV
Y € RX¢ énou 1 0 aprdude tov eidfoeny pe etxéte ue 1 < p, %ot ¢ 0 apldude ToV ETXETOY,
Aovouye 1o mpofBAnua BeAtiotonolnong Ye TNV mopaxdtw e&icwon:

A,I;iCI}W J(A,B,C) +g(A,W) (1.27)
OTou

f(A,B,C)=|T - [A,B,C]|?

T0 TEOPBANUO TV EAAY(OTOV TETEAYWOVWY YL TNV TOQXYOVTOTONOT TOU TUVUCTY| Xol
g(A, W) =\, ||Y — DAW|? (1.28)

ebvor T0 opdhua TeéBhedne Tou Twopnth, 6nov D = [I1¥ 0P=D] € RIXP yau A, eivan pio
UTIER-TIOPAUETEOC YLaL TOV €AeYY0 NG enidpaong Tou o@dhuatog Tadvéunone ot Peiticto-
nolnon,.

Advouye to npdBinua ehaytotonoinone e elowong (1.27), yenoulomoudvtag Ty ano-
dott| wédodo evolhaooduevwy elayloTtov tetpaydvey (ALS). Yty napayovrtonoinorn CP,
n pévodoc ALS datneel otodepolc Toug mivaxes TapayOVIWY EXTOC and €vay xol ADUVEL WG
npog autdv. H f oe popprh nivaxa (évog mivaxag yio xde td€n) unopel va Audel we e&hc:

T(l) ~ A(C ®© B)T,
Ty ~ B(C®A)T, (1.29)
T ~C(B®A)".
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Evnpépwon nwvdxwy cuvielecotwyv B xou C

Tty evnuépwon tov mvdxony B xo C, ayvoolye tov debtepo dpo e ediowone (1.27)
xou ANovoupe Ti¢ avtiotolyeg e€lomoels 6nwe oty eglowon (1.29). H npooéyyion ALS xpatdet
otadepolc toug A, C Avovtog we mpog tov B, xadoe xou toug A, B A)vovtog we Tpog Tov
C.Av Zpy = (COA) xu Zgy = (BO A), t6t€ and nic (1.27) o (1.29) propolue va
Yedouye:

min |75 — BZ(TQ)HQ (1.30)
o

mcin HT(g) — CZ(T?))Hz

(1.31)

H Moon ot (1.30) xan (1.31) divetan and [26] ondte oL evnueptoeic twv B xaw C unopoly
VoL YRAPTOOV WG:
B= (Z(T;)Z(Q))—lzg)T@) (1.32)

pidodn
C = (Zg)z(g,))*lzg)T(g) (1.33)

Evnupépwon nivaxa cuvielectov A
Eotw Zyy = (C ® B). Tty evuépwon tou mivoxa ouvieheotdv A, ouvdudlouue
(1.27) xou (1.29) xou ypdpouye:
. T |2 2
min | Ty = AZE |+ Iy = DAw . (1.34)

H e€iowon (1.34) unogel vor hudel mo ebxolo ov 0 AOGOUUE GTN DLAVUCUATOTONUEVT,
woppy) . Téte n (1.34) unopel v ypagptel we:

min ||oec(Ta) — (Zay © Lee( )| + [vee(v) - (WT & Dyec(a)|*. (1.35)

Eotw G = (Zq)y @ Ip) xu L = (WT ® D), téte n Mon e (1.35) unopet va umohoyiotet
e0xola xau 1) evnpépwon tou A dlvetan and:

vec(A) = (GTG + LTL)_l(GTvec(T(l)) + LTvec(Y)) (1.36)

Evnuépwon nivaxa cuviehectov W

I va Beodue v evuépwon tou W, ayvoolue tov npdto 6po tne (1.27) ondte xou
AOvouye:
min ||Y - DAW|[. (1.37)

H eniluon e (1.37) wc npoc W pog diver tnv evnuépwon tou W:
W= (ATDTDA) AT DTY (1.38)

O ahyopriupoc e pedédouv CLASS-CP gaivetan otov Ahyoprduo 2. T'a vo utohoylooupe
ta A, B, C xou tov mivaxo cuvteheatodv W o alydprdpoc extedel eVOAMUOCOUEVES EVNUE-
PWOELG HEYPL VoL CUYXAIVEL OE €Val XQLTHELO 1) VoL PTACEL OE Eva HEYLOTO apLdud emavaAhPewy.
Q¢ xpithplo YenoonololUe TN oxenikn aAdayn 1 ornolo pnopel va unoloylotel oe xdie
enavahndn wg e€ig:

‘(fnew + gnew) - (fold + gold)’
Jfotd + Gold

(1.39)
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1.7  IIepopatixry ASohoynon

1.7.1 Acdopéva

INo voo a€lohoyrioovye Ty mpotewouevr pédodo, TEaYUATOTOWCOUE TERdUOTA UE dVo
dnuboto cUvoha dedouévmwy mou €youv HON yenowonoimndel otn Pihoypagio [21, 22]. Ta
oLVoAa BEBOUEVRY TpogpyovTal and dUo mhatpopues, to BuzzFeed xau to PolitiFact, xou
TEPLABAVOLY TOGO TO TEQIEYOUEVO TWV EWHCEWY 660 XL TANEopopie dixthou, pall ue
eT€TeC xAdong mou Belyvouv yia xdie eldnom Eeywpeiotd edv elvan Peudrc 1 adndrc. To
TepleyOuevo tepthauPBdvel TAnpogopieg Tou oyeTilovTol UE TO TEQLEYOUEVO TOU EWBNOEOYEA-
pol dpdpou, OTwE 0 TITAOG, O CUVTAXTNG XU TO XEUEVO, EVG OL TANEOQopleg dSixTOOU
nepthauPdvouy ototyelor OTWE To TEOPIA TV YENO TV, Ol PLhieg Toug ot 1 dpac TNELOTNTA
TOUG.

[t Ty 0€lohéYNoY| WoC YeNOWOTOOVUE HOVO TIC TANEOPORIEC TOU BIXTUOU, Xol CUYXE-
xpwéva tar dixTua puAiag HETAE) TWV YENOTWOV TOL €YOLUV AVIPTNOEL TIC OYETXES ELONOELC.
IMpoxeuévou va yewwiel to uéyedog xou 1 CTOLUBXOTNTA TV BEDOUEVLYV, XATALYOUUE TOUG
enoteg pe Padud kopfouv < 3. 310 TENOC, XATAANYOUUE UE dVO TOVUOTEC OLOO TACEWY
182x1449x1449 o 240x1697x1697 yioo oo obvola dedopévey BuzzFeed xou PolitiFact a-
viiotoa. Ta otatiouxd y xdde cOvoho Sedouévemy mapouctdlovTol AETTOUERNS GTOV
nivoca 6.1.

1.7.2  Ileipopatixeg pudunioelg

I var yetprioouue Ty anddoom g pedodou emAEyoupe TI¢ UETEIXEC afloAdY oG preci-
sion, recall, F1-score xai accuracy oL onoleg ypnoulonololvToL cLUY VA GE TaEOUOoLd TEOBA -
T [21, 11, 7]. To mpdto 80% twv edfoewy elvon o olvolo exnaidevone (train set) xou to
urohotro 20% etvar To ovvoho eréyyou (test set). O apriudec twv ewdhoewy Tov yopaxtneilo-
vial w¢ aAndelc woolton pe Tov aptdud autedv mou yopaxtneilloviar we Peudelc. Extelolue
Ta mewpdparta 10 gopée, aveldptnTa yiot xdde cOVORO BEBOUEVOY Xal XUTAYRAPOUUE Tol UECL
AMOTEAECUATAL.

Apwdnog ocuvieAscTOV

ITpotol cuyxpivouue tnv CLASS-CP ue dhhec mpooeyyioeic, petpdue tny enidpoon tou
apldgol TV Topayoviny oto atoteAéopata. Aoxwalovye yiar = 2, 3, 5, 10, 15, 20. 'Eva
peyohltepo T au&dvel Tov Ypeovo utoloyiopol Tng mapayovtonoinone. H xolbtepn cuvohixd
enidoon EMTUYYAVETAL YL T = 5 0TS QalveTon 6To oo 6.2 xou To aprivouue €ToL Ylol To
UTOAOLTTOL TELOGUOLTOL.

EniSpaon peyéedoug cuvolou exnaidsuong

Emmiéov, e€etdlouvue tig emdodoeic tng CLASS-CP oe oyéon pe tov apriud twv dedo-
UEVOYV UE ETIXETEC TOL YEMOLLOTooLVTAL 6To oTddlo Tng exmaidevong. To oydua 6.3 mo-
povoldlel tig xaumbdieg pddnong vy tn yetexh) F1 oe oyéon ye tnv avoloyia dedouévwy
exntoddeVoNg UE ETXETEC OE AUPOTERA Tal OUVOAA Bedouévwy. Amd To Yed@nua, UTOPOUUE
vor Bo0UE OTL 660 TEPIOCOTERA ETUONUACUEVA DEGOUEVO EXTIABELONE YENOWLOTOOVUE, TOGO
xohOtepn 1 anodoot). To (Blo potio mapatnpelton xou oTIC GAAES UETELXES.
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Y nep-napdUeTEOG Ay

H tuy tne unep-napauéteou opiletar k¢ Ag = 1, ondTE T0 GQAAUA TNG XATNYORLOTOINOTC
oupfdiiel to (Blo otr ddixacia BehtioTonomong.

Xeobvog extéleong

Kéie enavéindn otov CLASS-CP ohoxhnpwveton o€ AMyoTepo amd €va AETTO XL YEEL-
alovtar xotd péco 6po Aydtepa amd 10 Aentd yio vor pTdoouye oe oUYXALOT.

1.7.3 Amnoteiéopata
Yuyxpelvoupe tov npotewvouevo alyoprduo CLASS-CP ye tic axdrovdeg uedddoug:

e NN-RESCAL: To np®to poVTéNO TOU ovanTOEOUE PE TN YENON NS UN opVNTIXNAC
napayovionoinong RESCAL énwe neprypddope otny napdypago 1.5.

o SVM: IIp6tuno poviéro nou Booiletoan oe Mnyavéc Awovuopdtwy Yoo thene (SVM)
OTIC oTolES ELOAYOUUE TIC YPoUUES TOU TavuoTh T o€ Hop®T BlavuoUdTOV.

o CP+SVM: H »loowy| nopayovtonoinon CP ue évav ypouuixd tavounts SVM.
[Tpdxerton yio pio dradixacio 500 Prudtwy. Yto tpwTto Brua unoloyilovue Toug Tivaxeg
oLVTEAEGTOY oL pog Biver 1 maparyovtonoinon CP (yweic enlBiedn) xou oto dedtepo
Briwo exmoudetovue Evay Tagvount SVM e elcodo 1toug CUVTEAEOTEC TOU TEMOTOU

BruaTog.

o CP+k-NN: H nopayovronoinon CP ye tadvounth k-xovivdtepwy yertévoy (k-NN).
Axoloudolue v Bra Braduascio 6mwg otny CP+SVM adhhd avti yio tagivounti SVM
xenotpornototye talvounty k-NN. ‘Onwe npotelvouy ou [25, 27], opiloupe o k ioo ye
Vv TeTRaYLVIXT pila Tou peyédoug Tou cuvéhou exmaldeucng dnhadY) k = /p.

o TriFN: Ipoxeiton yio wa oOyypovn uédodo aviyveuong Peudnv eldrioewy 1 omolo yern-
owonotel xou cLVOLALEL TANEOYORIES amd TIC AAANAETUOPAOELS TWV YENOTWOV Xl TOUS
ex00TeC TV ewnoewy. To anoteléopata mopdyovtal unohoyllovtac Ty oAAnAeEdp-
Nom €EL ETEPOYEVOY TopopéTewy. Xenowonololue Tic Bleg puduioeis alloAdynong
Tou Tpoteivovton and Touc Shu et al. [23] dote va unopécoupe vo cuyxpivoupe To
anoteAéopatd pog pe autd tng TriFN.

o Content-SVM: Ilpétuno povtéro odxou Aé€ewv (bag-of-words) mou Baciletoun oto
TEPLEYOUEVO TOU XEWEVOU MOTE Vo cuYXpWel pe Tig mpoavagepieioeg uedddoug mou
Baotlovtan oe mAnpogopleg dixtlou. Apyixd ywellouue to xeluevo xdde eldnong oe
MéZec. X ovvéyea, vrohoyilovye Tov aptdud Twv Popmy tou xdle AN/ bpog ey-
paviletan oe xdde €yypago. Kdde dpoc Vewpeiton ¢ éva Eeywplotd YopaxTnelo 1o
X0l XAUTOAYOUUE VO XUTAOXEVELOUUE €vay Tivoxa EYYRAPuV-AEEewY 0 omolog Tehxd
dlvetan w¢ eloodog ot €vav tavount SVM.

JUYRELTIXA ATOTEAECUATA

To oyfua 6.5 xau ou Iivaxeg 6.3 xan 6.4 delyvouv tn obyxplon yetold tne CLASS-CP
X0l TWV TEOAVAPEROUEVLY HEVOBWY Yial TIG OLapopeTixég petpixés. O mivaxoag 6.5 delyvel ta
anoteréopata yia T pévdodo Content-SVM. And autd, unopolue va x8VOUUE TIC TopaxdTe
TEATNENOELS:
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H NN-RESCAL omod{det yeipdtepa xi and tnyv tuyaio tpdBiedn ondte Ty agopolye
oo TAL YEUPHUATA GOYXELONG.

H amhf npocéyyion pe SVM bivel ta uhmidtepa anoteréopata 6To precision ahhd etvou
O aBUVOUT OTIC GAAEC UETEIXEC.

Ou mivaxeg 6.3 xau 6.4 delyvouv nwg 1 CLASS-CP anodider onpovtind xoldtepa and
Tic SVM, CP+SVM xou CP+k-NN xou ota 800 oOvora PolitiFact xouw BuzzFeed.

H CLASS-CP unepéyet e TriFN ot yetpiny| precision xou yio o 500 chvola.

H yprion tou CP dev BeAtiwvel Ty anédoor tou SVM otny nepintwon tou PolitiFact.
Avtideta, yio 10 oOvoro dedouévwy BuzzFeed, to povtého CP+SVM gaivetan va €yet
XxaAUTERT om6d00T o oyéon ue To Bacixd poviého SVM. Yuvende, unopolue vo ToUue
OTL UTdPYEL Wit avavTLoToLy o 6TNY Tdom anddoong LETOEY TV 800 GUVORLY SEBOUEVLV,
otay yenowonolelton 1 anAr tapayovionoinon CP. Ané tny dAAr, to povtého CLASS-

CP gobvetan va mapdryet mopouolo anoteAéoyata xat ot 600 GUVOAA BEBOUEVWYV.

I to PolitiFact, to CP oe cuvduaoud pe 1o k-NN gaiveton va €yel xahOtepn anddoon
on6 to CP+SVM. Etny nepintwon tou BuzzFeed nopoatneodue to avtideto. Kou nd
napatnpeiton avavtiotolyio oty tdon anddoone Yetal TV 800 GUVOAWY SEBOUEVKV.
Trodétoupe mwe AUTO OPEINETAUL OTIC THIES TWV TORUUETEWY TOL EVAL EVOWUATOUEVES
otov SVM. ITtdovede ye tnv npocopuoyy (tuning) autdv twy TopauéTewy vo nalpvoue
TOEOUOLOL ATOTEAESUOTO X Yio Tor 000 datasets.

Ye abyxplon ue tig dAieg pedodoug,  CLASS-CP napdyet upnidtepa voluepo amdxhl-
one (uetadt 0.058 xon 0.146). Autd utodnhdvel 6T ta onueia dedouévey (data points)
nou mapdyovion and TNy xAdon-CLASS-CP uropolv va eZaniwdolv oe yeyahbTepn o-
n6o oo ond TOV WEco 6p0, oe clyxplon, Yio mapddelypa, we to TriFN (mou mopdyel
andxhon petall 0.013 xon 0.040). e xdnowo Badud autd propel vo anododel oto
oyeTxd uxpdtepo uéyedog Selypatog mou yenowomnoteitar ota tewpduatd pog (BA. E-
vétnta 6.1) mou unopel va 0dnyfoel oe peyahlTEPES amoxAioelc YETOED TwV oNuelwY
OEDOUEVLV.

To yovtého Content-SVM mopdyel ixavomoinuxd anoteAéoyato 08 OYECT UE TIC U-
nohoineg mpdTUNEG UeVodoug Tou PBacilovtan oe mAnpogopleg dixthou. Emopévwg, 7
TpocUixn tng TAneogoplac Tou mepieyouévou oto poviého CLASS-CP mou avantiEo-
ue, Yewpeiton yehhovtixy enéxtacy authc TS epyactiog.

Ta mopandve anodewxviouy nwe (i) ypnotwomowdvios Lovo dedouéva BixTiou X PepL-

xéc euxétec xhdong, (ii) mpooétovtac v mAnpogopiac xAdong ev péow xou Oyt UETE TN
dradixaoia naparyovtomoinone tou tavuoth xou (iii) pe pixpd apriud napaydvimy Tou odnyo-
OV 6 GUVTOHOUS YPOVOUSG UTOAOYLOUOU, UTOPOVUE Vo ETLTUYOUUE €Eloou Xahég eTBOTELC e
state-of-the-art teyvixéc, énwg etvou 1 TriFN, nou anoutel Tov cuvBLaCUS TOAAGDY ETEROYE-
VOV TANROQYOELOY Xai TOAOTAOXOUS UTohoyiopols. AauBdvovtoac autd unddr, uropolue vo
emBefodTovpE TNV oYXy Hog UTOUEST OTL 1) BlepebVNoY TWV BIXTLKY YETAED TWV YENOTWV
umopel va elvon yproun oty dladuacio aviyvevong Peuddyv eldroenmy.

1.8 Xvunepdopoata xow MeAhovtixeg Ilpoextdoeig

Ye auth TN SLmAWUTIXY EpYaoio, avTl VO EQUPUOCOUUE YWELOTA TNV ToEXYOVIOTOoNoT

xan TNy togvounon, omwe cuvniiletan, mpotelvouue pio pédodo mou Tig cuvdudlel oe Lo
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xow) dladacio exudinong v Ty aviyveuor Peuddy ewdroewy ota social media. Auth
1N TeooéyYlon yenotdonolel ta dlxTua GLAlag TWV XENOTWY TOL €Y0UV UAANAETOPAOEL UE TIS
eonoelg, xS xan €val GUVOAO ETIXETWY XAAoNE Tou elval SladEoUUES VLot OPLOUEVES AT TIG
ewnoelg. Ilpoxewwévou vo cuvdLdooLUE AUTES TIC TANEOYORIES, TEOTEIVOUNE Uidl EMEXTAOT)
e medTUTNE Wedodou mapayovtonoinong tavuoty CP, 1 onola evowmuatdvel Tig eTéteg
x\dong oty (Bla TNy taparyovonolnor. Me autd tov Tpémo xatohfyouue ue emtuyla o uio
NU-ETUPBAETOUE VY] TOEOYOVTOTIOMOT) TAVUGTY 1) OTolaL €YEL ETUY VWO TNG XAJOTC.

Ioc v a€lohdynon tng uedddou, Siedhyae telpduota ye 500 dnudoia chVoha BEBOPEVWYV.
Ta anoteAéouata XATADEVOOLY TN CNUACIN TNE EVOWUATWONS TV TANEOPORLOY TNG XAAOTS
oTN QAo TNG Tapayovionoinong, coav wlo eviada Swadwacta. EmBeBaiwoay eniong tnv apyixr
wog undieon, 6T dnhady), o TEOTOC UE TOV OTolo oL YpNoTeg CUVBEOVTIL PETAED TOUC EYEL VOl
XAVEL QUECT UE TNV EYXVROTNTA TWV EWHCEWY UE TIC onoleg aAAnAemdpoLy oTa social media.

Q¢ yehhovtixn mpoéxtaot), emugolue va diepeuviicoupe tov Badud otov onofo  CLASS-
CP Behtudveton 6tav npootidevial o€ aUTRY TEPLOGOTERES TANEOYORIES, TOCO amd TO BixTULO
600 o and To TEPIEYOUEVO TwY eWdfoenwy. Emniéov, oyedidloupe vo allohoyhoouue tny
amodOCT TNG TROCEYYLONC oG OE TEPLOCOTERES BATELS BEBOUEVLY XAV Kol VoL BLEPEUVHCOUUE
NV enidpaot) Tou YEYEVOUC TV BEBOUEVKY OTT BUVATOTNTA XAUIXWOTNE TOL aAyoplduou. e
uedodoroyd eninedo, Yo oy evilagépov va Slepeuynloly VEOL TROTIOL AVATURACTACTG TWV
OLrd€oLuwy TANEOQPOELY UE TAVUOTES, TEOXEWEVOU VO EVOWUATWUOOY GTNY TEOTEWOUEVT
uédodo.






Introduction

Over the last years, there has been a remarkable increase in global social media usage
for news consumption: 68% U.S. adults got news on social media in 2018, as opposed to
2012, when only 49% of them had seen any news at all on social media [1]. In Greece,
71% of adults prefer social media as a source of news to TV or print and similar patterns
are observed in the rest of Europe [3]. In an attempt to benefit from these numbers, many
online platforms are generating large volumes of fake news, i.e., news with misleading
information, both for political and financial gain [5]. A European survey of 26,000 adults in
2018, confirmed that fake news is widely spread across Europe and 85% of the participants
believed that fake news is a serious problem [24]. All the above, illustrate the great need
for truthfulness in online news articles and raise the challenge of developing automatic
fake news detection methods to protect readers from misinformation.

The difficulty of automatically detecting fake news on social media lies mainly in the
following two factors: (i) fake news is deliberately written to deceive readers and (ii) fake
news content can vary in topics, writing styles and mediums. For instance, a truthful fact
may be presented in the wrong context to back up a deceptive claim [6, 7]. Consequently,
a model solely based on the news content may not give the best results. Instead, we
could benefit from supplementary information generated by the network, e.g., the users
interacting with the posts, to extract more accurate results.

The problem of detecting fake news on social media has been studied extensively in the
literature. We can distinguish three main approaches: i) content-based, ii) network-based,
and iii) hybrid. Content-based approaches focus on analyzing news content and detecting
language patterns via natural language processing (NLP) tasks [8, 9, 28]. News content
features can be further categorized into linguistic-based and visual-based. Linguistic-based
features derive from the text content itself, such as the news headline, vocabulary, syntax,
frequency of words, unique words and punctuation [7]. Visual-based cues come from
visual elements such as images or videos that are often manipulated to provoke a certain
reaction. Such cues were exploited by Huh et al. in [57], where they proposed a learning
algorithm for identifying visual image alterations, trained by using only a large dataset of
real photographs. The most common issue with this approach, however, is that it requires
closed domains, with pre-defined users and context to produce satisfying results. This can
become a challenge when dealing with fake news and may explain the rather limited use
of content-based methods alone for fake news detection on social media [11].

Network-based approaches extract information by constructing different types of net-
works, where the nodes can be users, news articles or social media posts. For example,
friendship networks show the follower/followee structure of users [7]. In diffusion net-
works, nodes represent users and edges show the way information is spread between them
[66]. Another type of network that has been used in fake news detection is the stance
network in which nodes represent all the social media posts relevant to the news and
edges show the similarity of stances [34, 12]. Interaction networks are built of nodes
representing publishers, users or news, and the edges show the interactions among them
[15]. Existing network metrics, such as degree or clustering coefficient [66] can then apply
to these networks as feature representations. Alternatively, the latent node embeddings
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can be learned with factorization techniques [54] or network propagation approaches [34].
Network-based methods perform better in dynamic environments, thus they are better
suited for identifying fake news which expands across topics and domains [12].

Finally, hybrid approaches aim to combine the advantages of content-based and network-
based models by incorporating both linguistic and network features in a complementary
way. In [13], Ruchansky et al. incorporated in a single model the articles’ text, the tem-
poral behavior of users along with temporal textual and user features by using neural
networks. Tri-relationship embedding framework, called TriFN [23], models publisher-
news relations and user-news interactions simultaneously, with the help of news content
embeddings for fake news classification. Additionally, Conroy et al. [2] proposed guide-
lines for a hybrid fake news classification approach that combines linguistic features with
network-based behavioral data.

2.1 Thesis Objective

The above challenges combined with the facts that i) users play a decisive role in the
way fake news spread [7], ii) users share information with other similar users (friends)
[14] and iii) network features are important for the classification of fake news [15], suggest
that the investigation of relationship networks between users could facilitate in debunking
a fake story. This thesis aims to exploit the information deriving from users’ friendship
networks and prove their importance in detecting fake news.

In most cases, the standard tensor factorization methods perform in an unsupervised
setting and are not aware of labeled data that might be available. Through tensor fac-
torization methods, our goal is to build class-aware factor matrices and reveal the hidden
information behind users’ friendship networks that can differentiate fake from real news.
We believe that incorporating class information during the factorization process and not
in a separate step could help produce discriminatory representations that identify fake
news with higher reliability.

2.2 Contribution

In this thesis, we propose a new semi-supervised approach for classifying fake news
posts found on social media, called CLASS-CP, that takes into account the follower/-
followee structure of users and the class label information simultaneously. Specifically,
instead of using tensor factorization and classification separately, as is often the case, this
method integrates them in a single optimization process. The main contributions of this
thesis are:

o A novel tensor-based way of modeling news through users’ friendships

e A simple but competitive model for detecting fake news based only on network
information and some available labeled data

o We integrate classification into the tensor factorization process, achieving class-aware
modeling of data for fake news classification

e We evaluate the performance on real-world datasets and show the effectiveness of
our method
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As we will show below, our proposed technique introduces an alternative tensor-based
model for representing news posts only through structural information; thus, it can become
useful for several other domains where we have little to no content information (e.g.,
biology and medicine). The code for the proposed method is publicly available at https:
//github.com/FrossoPap/class-cp.

2.3 Thesis Layout

Chapter 3 presents the literature work related to fake news detection and joint opti-
mization. Chapter 4 introduces tensor factorization techniques and presents the notation
that we will use throughout the work. Chapter 5 describes the problem and presents the
proposed factorization method. Following this is Chapter 6 that presents the datasets
used, the results from the experiments, and the comparison with other methods. Finally,
Chapter 7 summarizes what we have achieved in this thesis.


https://github.com/FrossoPap/class-cp
https://github.com/FrossoPap/class-cp




Related Work

3.1 Fake News Detection

Fake news is not a new problem. The media ecosystem of fake news has evolved
through the years from newsprint to radio, television, online news and more recently, social
media that have led to an information environment where they can spread uncontrollably.
Because of the serious impact and social consequences of receiving and sharing of false
information, fake news detection has drawn a lot of attention in recent literature. Different
types of automated methods have been developed to tackle the problem. On online news
media, fake news is identified with the help of methods that mainly rely on the news
content. On social media, auxiliary information coming from the social context can be
exploited in order to identify a fake news piece with greater accuracy. In this section
we will present fake news detection techniques that can typically be content-based, social
context-based or both.

3.1.1 Content-based

Content-based approaches focus on finding patterns coming from news content. Gen-
erally, in terms of its content a news piece consists of the following basic elements [7]:

Source: the publisher/news platform or author of the news piece

Headline: a short text title that describes the main subject of the article

Body text: the main text content that describes the details of the news story

Image/video: provides visual cues to support the main body text

Given these features, several types of representations can be employed to discriminate
between fake and real news. In most cases, news content features that we can usually
work with, come either from linguistic cues (e.g., vocabulary, syntax, writing style, etc)
or from visual cues (e.g., videos, images, etc).

Linguistic cues

Fake news is intentionally written in a way that can easily confuse and delude the
readers. Thus, it comes naturally to look into the linguistic patterns that characterize the
article’s text and may give hints of misinformation. Linguistic-based features are obtained
from the text content in terms of article structure on different levels (e.g., characters, words
or sentences). For example, Hosseinimotlagh et al. [28] proposed an unsupervised tensor
modeling of the problem, based on term frequency and spatial relations between terms
and articles. Guacho et al. [29] introduced a semi-supervised model via tensor embeddings
that use spatial/contextual information about news articles. Gupta et al. [30] proposed a
classifier to estimate tweet credibility from features such as the number of words, URLs,
hashtags, emojis, presence of swear words and pronouns. Horne et al. [33] employed
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an SVM-based algorithm using stylistic, complexity and psychological features of both
title and body text to classify real, fake and satire news. However, good performance
of linguistic-only methods requires closed domains with predefined context and users.
This can become quite restrictive, given that fake news expands across many topics and
domains.

Visual cues

Visual cues come from visual elements such as video and images that support the
main body text in news articles [7]. When maliciously altered, they can become very
popular and facilitate in the fake news propagation. Visual and statistical features can be
extracted to identify patterns in fake images either visually (clarity score, diversity score,
similarity distribution histogram, etc) or statistically (image ratio, multi-image ratio, hot
image ratio, etc) [56, 7]. In another work, classification models that rely on user-based and
tweet-based features were used to distinguish fake from real images of Hurricane Sandy
[55, 7]. In a more alternative approach, Papadopoulou et al. [59] recently developed an
online tool that collects and performs calculations on information surrounding the video,
rather than analyzing the visual elements of the video itself, and then creates a verification
report for fake video detection.

3.1.2 Social context-based

Aside from the use of text that derives directly from the content of news articles or
posts, supplementary social context features coming from the surrounding environment of
fake news can be extracted, such as the users’ engagements or the networks they create
with each other.

We can further divide social context features into user-based, post-based and network-
based features. User-based features come from user profiles and are used to calculate
their credibility or other user-level characteristics [66]. For example, Castillo et al. [35]
exploited features from users’ posting and reposting behavior, in combination with text
and citations to external sources. Shu et al. [43] suggested measuring users’ sharing
behaviors on social media and then comparing explicit and implicit profile features, to
reveal their potential to detect fake news. Post-based features are extracted from users’
responses and engagements to social media posts in terms of stance [34], topics [36], or
credibility [35]. Tacchini et al. [12] identified fake news based on users who “liked”
them using logistic regression and a Boolean crowd-sourcing algorithm for classification.
Then, Della Vedova et al. [45] extended this work and complemented it efficiently with
a content-based method when little social context information is available. On the other
hand, network-based features derive from the construction of different networks, such as
diffusion networks [66], co-occurrence networks [13], etc.

Existing models that take into account these context-based features can be classified
into stance-based and propagation-based [7]. Stance-based models make use of the users’
implicit or explicit stance towards a news post. Explicit stances are extracted from the
users’ direct response to a post such as the “like” button on Facebook. Implicit stances are
automatically extracted with stance detection tasks that can decide from a post whether
the user is in favor of, neutral toward, or against the main idea or event presented in a news
article [4]. On the other hand, propagation-based models are based on the assumption that
news credibility is highly relevant to the credibility of social media posts, on which several
propagation methods can be applied [34, 7]. For example, Gupta et al. [31] proposed
a PageRank-like credibility propagation algorithm on a multi-type network consisting of
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events, tweets, and users by encoding users’ credibility and tweets’ implications. Jin et
al. [32] proposed to detect news’ sub-events, then build a three-level credibility network
consisting of events, sub-events, and messages, propagate the credibility value of each
entity on the network and formulate the process as a graph optimization problem to infer
the events’ credibility.

3.2 Joint Factorization

We can find several joint factorization techniques in the literature that are context-
aware or class-aware. Context-aware approaches integrate contextual information into
factorization to solve mostly recommendation tasks. For example, Li et al. [37] suggested
seeing context as a user feature that is dynamic and developed a probabilistic latent rela-
tion model that combines context and the user’s long-term preferences. In the same way,
Rendle et al. [38] proposed the use of Factorization Machines (FMs) to model contextual
information for context-aware rating predictions.

Class-aware approaches add information of class into the factorization process. For
instance, Katsimpras and Paliouras [41] extended RESCAL factorization to produce a
semi-supervised factorization technique that adds a classification error term in the stan-
dard factor optimization process for node classification. Cao et al. [39] proposed semiBAT,
a semi-supervised brain network analysis approach based on constrained tensor factoriza-
tion. In the same concept, Xiao et al. [40] introduced a semi-supervised non-negative
matrix factorization method that associates a class label with each base vector, for image
representation.

As stated above, all these methods are optimized to perform in domains different from
fake news detection. Our framework extends the class-aware methods and aims to build
a less complex but still effective fake news detection system that exploits the friendships
among users and the class-label information available for some news, in a joint factor
optimization process.






Preliminaries

4.1 Notation

A tensor is a multidimensional or N-way array. The order of a tensor, also known as
ways or modes, is the number of its dimensions, therefore a first-order tensor is a vector,
a second-order tensor is a matrix, and tensors of order three or higher are called higher-
order tensors. An r-order tensor is of rank-one if it can be strictly decomposed into the
outer product of r vectors. Throughout this thesis, we will use the following notation: the
uppercase calligraphy letters denote tensors, e.g., 7 € RI*/*K_ Matrices are represented
by uppercase italic letters like A. Lowercase bold letters, like v, denote vectors. The (%,j)
element of a matrix A is denoted by a;;. To refer to the i-th row of a matrix A we use a;.
Similarly, an element (%,j,k) of a tensor 7 will be denoted as 7jjy.

Kronecker product

If A is an mxn matrix and B a pxq matrix then the Kronecker product A ® B is
defined as:

a11B e alnB
AB=| : . (4.1)
amB - amnB

A known matrix operation property that involves the Kronecker product is:

(A ®B)(C®D) = AC  BD. (4.2)

Khatri-Rao product

Proceeding with the same matrices, the Khatri-Rao product is defined as:

AOB=(A; ®By)) (4.3)

ij
and more analytically:

A1 ®By ‘ A @By
Ay ®Ba1 | Ay ©@ By

AGOB= (4.4)

4.2 Tensor Factorization

Tensor factorization or decomposition provides a scheme for expressing a tensor as a
sequence of elementary operations between new, often simpler, tensors or arrays. The
domain of social media networks is characterized by high dimensional, sparse data that
challenge the process of extracting valuable information efficiently. Tensor factorization
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Table 4.1: Table of Notation

D number of posts
U number of users
T tensor € RPXuxu
Tijk an element (4,j,k) of tensor T

v vector

A matrix

a; the i-th row of a matrix
& Kronecker product

Khatri-Rao product

has brought significant performance results in such cases, compared to traditional distance
measures that are used to compute the similarity of entities, such as Euclidean distance
or cosine similarity [61, 62]. It can be applied in many ways on data arrays for extracting
and better comprehending their hidden properties. Thus, tensor factorization has wide
applications in latent variable learning and can be extensively used in machine learning
problems to calculate hidden features of multidimensional data.

A standard tensor factorization approach is the Canonical/Parafac, or CP [16], that
decomposes a tensor into a sum of rank-one tensors, as described in more detail in Section
4.3. Another widely used factorization called Tucker [17], decomposes a tensor into a
set of separate factor matrices for each tensor mode and one core tensor. A more recent
approach is RESCAL tensor factorization [18] that generates a unique representation for
every relation in the data.

4.3 The CP Factorization

The Canonical/Parafac (CP) decomposition factorizes a tensor into a sum of rank-one
tensors or the sum of outer product of vectors. According to Kolda [26], given a third-order
tensor X € R/*/*K we may as well write it as:

R
X%ZaTobrocT (4.5)

r=1

where R is a positive integer, o is the vector outer product and a, € R!, b, € R’, ¢, € RE
for r =1,...,R. Tensor X can then be written in matricized form [26]:

X(l) ~ A(C © B)T,
X ~B(CoA)T, (4.6)

The standard algorithm for computing the CP decomposition is CP-ALS, that guar-
antees a good trade-off between convergence rate (number of iterations) and iteration
cost [26, 65]. In cases of big sparse tensors, computing the CP decomposition can get
very costly. Consequently, the efficient computation of CP by exploiting the sparsity of a
tensor has gained recently significant research interest [65].
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Figure 4.1: CP Decomposition of a Three-Way Array [26]

4.4 The RESCAL Factorization

RESCAL factorization, proposed by [18], is a tensor factorization model that takes the
inherent structure of relational data into account. RESCAL scales very well to a large
number of data and has produced state-of-the-art results mainly in link prediction and
entity resolution tasks [46, 62, 64]. RESCAL expects the first two tensor modes to be
symmetric as a constraint to decompose a three-way tensor [62, 63].

In more detail, given a tensor X € RIX/XK where the first two modes are identically
created by linking together the entities of our problem (e.g., users) and the third mode
holds the relations between them, each slice X}, is factorized according to [18] as:

X, ~ ARRAT  for k=1,...,m (4.7)

where A is an nxr matrix that contains the latent-component representation of the entities
in the domain and Ry is an asymmetric rxr matrix that models the interactions of the
latent components in the k-th predicate. The factor matrices A and Ry are computed by
solving the following regularized minimization problem:

114171}%1]1 f(A, Rg) + g(A, Ry) (4.8)
where .
AR = D1 = AR AT (4.9)

is the tensor factorization least-squares problem and
1
9(A, Be) = SAIAIF + D 1Rll7) (4.10)
k

is the regularization term that is added to prevent overfitting of the model.

j-th entity

i-th entity M
A
R

k-th relation

Figure 4.2: RESCAL Factorization into the Factor Matrix A and the core Tensor Ry, [49]
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4.5 Non-Negative RESCAL Factorization

Relational data like social network data can generally be considered as non-negative
[49]. For this reason, tensorial data can be factorized using a non-negative version of
RESCAL factorization which was developed by [49]. Following the notation described in
section 4.1, given a tensor 7 € RIX/*K "each slice T}, is factorized as:

T, ~ ARLAT  for k=1,...m (4.11)

where A is an nXxr matrix that contains the latent-component representation of the entities
in the domain and Ry is an asymmetric rxr matrix that models the interactions of the
latent components in the k-th dimension. The factor matrices A and Ry, are computed by
solving the following regularized minimization problem:

Xf}{,ﬁ f(A, Ry) + g(A, Rg) (4.12)
where T
F(A, Ry) = ||Tk — AR AT I3 (4.13)
k

is the tensor factorization least-squares problem and

9(A, Re) = MallAllF + Ar D [ Rill} (4.14)
k

is the regularization term that is added to prevent overfitting of the model.
According to [49], the non-negative updates with the least-squares cost function for
matrices A and Ry respectively are:

S TeARE + T ARy,
A+ A 4.15
" A(S) ReATART + RTAT ARy + Aal (4.15)
T
Ry + Ry A TiA (4.16)

ATARkATA + ArRy,

However, non-negative tensor decomposition brings forth additional limitations that
may result in sparse factor matrices that require more time to update, introducing a
scalability issue [60].

4.6 Problem Definition

Following the above notation, we can model the problem of detecting fake news on
social media that was presented in Chapter 2 with a set of posts P = (p1, p2,..pp), & set of
user-user friendship networks G = (g1, g2,..9p) and a set of labels Y = (y1,y2,..y;), with
I < p. Our goal is to efficiently predict the labels of the unknown posts. The solution to
this problem raises the following challenges or questions:

o (Q1) How can we take advantage of the friendship networks we created to efficiently
classify the nodes?

o (Q2) How can we exploit the available label information of some nodes to enhance
the analysis?



Network-Based Tensor Factorization with Label
Information

5.1 Method Summary

Our initial goal is to develop a method that successfully answers to question (Q1).
Hence, we first try to generate discriminatory factor matrices using two different factor-
ization techniques: (i) the non-negative RESCAL factorization and (ii) the CP Factoriza-
tion. RESCAL factorization has produced state-of-the-art results in recent classification
problems [18, 48, 46]. However, experimental results presented in Chapter 6 suggest that
in our case the RESCAL factorization does not provide indicative enough representations
for the tensorial data. Therefore, we proceed with the CP factorization that, as shown,
interprets the available friendship networks more accurately. Finally, we answer to ques-
tion (Q2) by developing an extended version of CP that combines a classification error
term with the standard factorization in a unified optimization process.

5.2 Model 1: NN-RESCAL Factorization

The first model we developed uses the non-negative RESCAL factorization that was
presented in Chapter 4. Say that we have 2n number of posts available, 2p of them are
labeled and the rest 2(n — p) is unlabeled, with p < n. The dataset is balanced, i.e., there
is an equal number of fake and real posts in the dataset.

First, we create two third-order tensors by using a binary representation for the mod-
eling of the users’ friendships: X{ f41e) € R"*"*P that contains the train set with the posts
labeled as fake and X(,.¢,;) € R"*"*P that contains the train set with the posts labeled as
real. Posts are represented as user-user adjacency matrices. Fake news can be considered
as a distortion bias on information manipulated by its authors and is usually modeled as
a binary classification problem [47]. Therefore, in order to decide whether or not a news
article is fake, we form our tensors in the following way:

1, if user j has interacted with fake post k
X fake),;, = and user i follows user j (5.1)
0, otherwise
likewise,
1, if user j has interacted with real post k
X(Teal)ijk = and user i follows user j (5.2)
0, otherwise

Note that an interaction with a post means that the user has shared or posted the respec-
tive news pieces on their social media profile, in our case, on Twitter.

Next, we apply the non-negative RESCAL factorization on tensors X(fqre) and X(year),
the way it was described in Chapter 4. As a result of the factorization, we come up with
matrices Afqpe € R and A,cq € R"T respectively through the following non-negative
updates according to (4.15):
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Sk X(fake)k Agake RE + X(Tfake)kAfakeRk
Agake (g BiAT e Asake Ry + B Ay Agake Bi) + Aago 1

Afake — Afake *

where -
Afak;eX(fake) kAfake

Rk — Rk *
A?akeA fakeRkA?akeA fake + ARR

and

Zk X(real)kAreale + X(j,:eal)kAreale
Areal([Zk RkAZealAreale + REAT Areal Rk] + )‘A

real

Areal — Areal * (55)

1

real

where -
Areal X(Teal) kAreal

AT ArealeAT Areal+)\RRk

real real

Ry + Ry * (5.6)

The remaining posts that were not used in the train set form our test set, in which
posts have no labels. Suppose the test set is a set of matrices M = {Py, Pa, ...P2(n_p)},
each matrix corresponding to a different unlabeled post, where Py, € R"*" and idx €
[1,2(n — p)]. A matrix Py, is created for each post idx as follows:

1, if user j has interacted with the post idx
Plide),; = and user i follows user j (5.7)
0, otherwise

Next, we add a post, Pig, € R"*", from the test set to the X{yqre) and X{eq) tensors
as a new tensor slice. Finally, we end up with new tensors X(’ fake) € Rw*ux(P+1) apd
X(’re al) € Ru*ux(P+1) pregpectively. After the addition of the test instance in both tensors,
we run the non-negative RESCAL factorization on tensors X(/fake) and X(’Tml),
the new factor matrices A/fake € R and A/, € R"*" through the following non-negative

updates according to (4.15):

to produce

Zk Xéfake)kA}ake Rf + Xg?ake) kA/fakeRk

Ao — Alpre * 5.8
fake fake A/fake([zk RkA%keA}akeRg + RgA/fj;keA/fakeRk] + )\A/fakel ( )
where AT x o
Ry «— Ry, * fake*(fake)k** fake (59)
A/f];keAlfakeRkAlf];keA/fake + )\RRk
and
’ / Zk Xéreal)kA;"eale + Xé?eal)kA;eal Rk
Arcat € Area* R AT A RT+ RIAT AT R~y 1 00
Teal([Zk k4real“treal + k “*real” real k’] + Al
where AT IXE l)kA’ l
Ry, < Ry real“* (rea rea (5'11)
A;"J;alA;"ealeA;"ZalA;"eal + )\RRk

Given that the Euclidean distance is a regularly used distance metric for numerical
data [50, 51, 52], we calculate the prediction in the following fashion: Suppose [ is each
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post’s yet unknown label, with [ € [0, 1], where 0 signifies a real post and 1 a fake post.
The label is derived as follows:

| = 17 if”flfake - }ake|’<: H14T€al'_'j4;ealH
0, otherwise

Finally, we remove the matrix P4, from X( Fake) and X( ) We add the next matrix from

real
the matrices set M in both tensors, and we repeat the same procedure for the rest 2(n —p)

posts. The full algorithm for this model is shown in Algorithm 1.

However, as shown in Chapter 6, this model does not succeed in accurately detecting
fake news on social media. In addition, to produce the final results we need to run
four times the factorization algorithm which increases complexity and computation time.
Therefore, we proceed with a second model that is presented in the following section.

Algorithm 1 NN-RESCAL: Given 2n number of posts, 2p of them are labeled, with p < n,
and a set of matrices M = {Pl, Py, ... Py(_p)}, where Pig, € R*" and idx € [1 2(n — p)],
compute fxfakea14real)f1

fake> Teal

Require: Tensors X t41) and &{,¢q) according to (5.1),(5.2) and set of matrices M =
{P1, Py, ...Py5—p) } created according to (5.7)
1: Initialize zdm = 1
2: repeat
3:  updateAfqre using Eq. (5.3)
updateA, ., using Eq. (5.5)
add Pjgz to X(fake) as a new tensor slice
add Pjgz to X(yeqp) as a new tensor slice
updateA’s,;, using Eq. (5.8)
updateA! ., using Eq. (5.10)
nl = norm of (Afqke — A’fake)
10:  n2 = norm of (Area — A1)
11: | = (nl < n2)
12:  remove P, from X tqpe)
13:  remove P, from X cq)
14: until idx > 2(n-p)

© % > g

5.3 Model 2: CLASS-CP Factorization

Experimental results have shown that CP factorization is able to (i) represent the data
in a more compact way compared to RESCAL, with little loss of information and (ii) im-
prove classification accuracy, especially in a low dimensional feature space [44]. Therefore,
as a next step, we choose to build an extension of the standard CP factorization [16]. Our
goal is to associate the class labels of data samples with their latent representations for
better classification results. We suggest that if we make the factorization aware of the
class information, the prediction model will become more accurate.

Following the notation described in 4.1, we are going to represent the available friend-
ship networks with tensors. For our modeling, we are going to use a binary representation
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with a third-order tensor, T € RPXuxXu;

1, if user k has interacted with post i
Tijk = and user j follows user k
0, otherwise

Again, when users interact with a post, it means they shared or posted it on their social
media profile, in our case, on Twitter.

5.3.1 Method overview

The conceptual diagram of CLASS-CP is depicted in Figure 5.1. Firstly, we build a
three-dimensional tensor from the friendship networks between users that have engaged
with the news posts, namely 7 € RP*“** (note that CLASS-CP is able to accept higher
modes as well). The CP decomposition of such a tensor is computed by the following
least-squares loss:

mlnA’Bzc HT - [I:A? B7 C]]H2 Y

where A € RP*" represents the posts factor matrix, B € R*¥*" and C' € R“*" represent
the users factor matrices and r is the rank of the factorization.

To extract class-related information we integrate into the optimization process a clas-
sification error term that is based on the latent factor A. As we will show, in the learned
latent space, a classifier biases the posts-factor matrix A. By linking the post vectors in A
to class labels, we get an approximation of the 3rd-order tensor 7 that is based on these
labels.

With a set of labels available for some of the posts, our intuition is that similarly
labeled posts are going to share similar factors [20]. Based on this intuition, we integrate
class-label information into the tensor factorization process itself, in order to move posts of
the same class closer in the latent space. We assume that there is a matrix of coefficients
W € R*™ ¢, where r is the number of factors and c¢ is the number of class labels. This
coefficient matrix assigns labels to posts based on the factor matrix A as in a common
regression problem, i.e., Y = AW.

cLAss
LABELS
Post R

slan it
o

Figure 5.1: The Conceptual Diagram of CLASS-CP

5.3.2 Solving the joint optimization problem

Following the above, given a tensor 7 € RP*"X" and a set of labels Y € R*¢, where
[ is the number of labeled posts with | < p, and ¢ is the number of class labels, we solve
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the optimization problem presented in (5.12).

i F(AB.O) + g(AW) (5.12)

where

f(A,B,C) =T - [A,B,C]|?

is the tensor factorization least-squares problem,
g(AW) = X [[Y — DAW|? (5.13)

is the prediction error of the classifier, where D = [I!® 0*®P=0] ¢ R>P and )\, is a
hyperparameter to control the influence of the classification error in the optimization.
Note that g(A, W) is produced with respect to the current values of the post factor matrix
A.

We solve the minimization problem in (5.12), using the efficient alternating least-
squares method (ALS). This approach alternately fixes and solves factor matrices following
update rules. The update rules are derived by setting the gradient of (5.12) with respect
to each factor matrix to zero. For CP, the ALS method fixes every factor matrix except
one and solves for it. The matricized form of f (one per mode) can be written as:

Tay~ A(CO BT,
Ty ~ B(C®A)T, (5.14)
T ~C(B® AT

Recall that the @ operator denotes the Khatri-Rao product.

Updating factor matrices B and C

To find the updates for B and C, we ignore the second term of (5.12) and we solve the
respective equations as presented in (5.14). The ALS approach fixes A and C to solve for
B, and A, B to solve for C. Let Zy) = (C ® A) and Z(3y = (B ® A), then by combining
(5.12) and (5.14) we can write:

min |7 - BZ(E)H2 (5.15)

and
. T 112
min HT(3) —CZ(3)H (5.16)
The solution to (5.15) and (5.16) is given by [26], so the update of B can be found as
follows:

|7 = B2 = (T — BZE)" (T — BZy) =

(5.17)
T T poT T T T
=TT ~ToBZe — 2B 1o + 20)B" BZ
Given (5.17), the solution to (5.15) that gives us the update of B is:
9(5.17) T T T | pT T T

= 2052y + 2B" Z5Z(3 = 0= B = (Z{5yZ2)) "' Zip) T

and in the same way, the update of C is:
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Updating factor matrix A

Let Z;) = (C' ® B). To find the update for factor matrix A, we can combine (5.12)
and (5.14) and write:

min |7, - 427, |+ 1y — pawy?. (5.20)

Equation (5.20) can be solved more easily in vectorized form. Then (5.20) is written
as:

mjn Hvec(T(l)) —(Z1y® Ip)vec(A)H2 + Hvec(Y) -wte D)vec(A)H2 : (5.21)

where I, is the pxp identity matrix. Let G = (Z1) ® 1) and L = (W’ ® D), then (5.21)
can be written as:

mjn Hvec(T(l)) - Gvec(A)H2 + ||lvec(Y) — Lvec(A)|? (5.22)

which is a common linear regression problem. Then, (5.22) can be solved as follows:

(vec(T(l))T - vec(A)TGT)(vec(T(l)) — Gvec(A))+

+ (vee(Y)T —vee(A)TLT) (vee(Y) — Lvec(A)) =

= ’Uec(T(l))Tvec(T(l)) - vec(T(l))TGvec(A)— (5.23)
- vec(A)TGTvec(T(l)) + vec(A)TGT Guec(A) + vec(Y)Tvec(Y)—

—vee(Y)T Lvec(A) — vec(A)T LTvec(Y) + vec(A)T LT Lvec(A)

The solution that gives us the update of A is:

0(5.23)
01
= vec(A)T(GTG + LTL) = vec(T(l))TG + vec(Y)TL

= vec(A)(GTG + LTL) = GTvec(T(l)) + LT vec(Y)

=0= —2U€C(T(1))TG + 2vec(A)T(GTG) — 2vec(Y)T L + 2vec(A)T(LTL) = 0

(5.24)
then, the update of A can easily be found as:
vec(A) = (GTG + LTL)_I(GTvec(T(l)) + LTvec(Y)) (5.25)
where
vee(Tyy) = vec(AZa)) = (Z1) @ Ip)vec(A) = Guec(A) (5.26)
and
GTvec(T(l)) = GTGuec(A) (5.27)

Product GTG can be efficiently computed using property (4.2):

G'G=(Zn o L) (Zay® L) = (2} @ 1)) (Zay ® 1) = (Z}yZq) © (I, I,)  (5.28)
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Updating factor matrix W
To find the update of W, we ignore the first term of (5.12) and so we solve:

min [y - DAW|?. (5.29)

The solution of (5.29) with respect to W gives as the update of W in the following way:
1Y — DAW|? =YTY —YTDAW — WTATDTY + WT AT DT DAW (5.30)

So, the solution to (5.29) that gives the update of W can be found through the following
equation:

d(5.30)
oW
= 2ATDTY 4+ 2ATDTDAW = 0= W = (ATDTDA)~1ATDTY.

=0=-ATDTY - ATDTY + (ATD'"DA+ ATDTDAYW =0 =

(5.31)

The algorithm of CLASS-CP is depicted in Algorithm 2. To compute the factor matri-
ces A, B, C, and the coefficient matrix W, the algorithm performs alternating updates until
it converges to a criterion or it reaches a maximum number of iterations. As a criterion
we use the relative change which can be calculated at each iteration as:

|(frew + Gnew) — (fotd + Gold)|
fold + Goid

(5.32)

Algorithm 2 CLASS-CP: Given a tensor 7 and a set of labels Y, approximate A,B,C
and W
Require: tensor 7, labels Y
Ensure: factor matrices A,B,C and coefficients W

1: Initialize A,B,C,W and hyperparameter A,

2: repeat

3:  updateA using Eq. (5.25)

4:  updateB using Eq. (5.18)

5. updateC using Eq. (5.19)
6
7

updateW using Eq. (5.31)
: until convergence







Experiments & Results

6.1 Datasets

For the evaluation of our proposed method CLASS-CP, we conducted experiments with
two real-world public datasets that have already been used in the literature 21, 7, 22].
The dataset, called FakeNewsNet, is collected with fact-checking from two platforms,
BuzzFeed, via its journalist experts, and PolitiFact. In PolitiFact, journalists and domain
experts review the political news and provide fact-checking evaluation results to identify
news articles as fake or real. FakeNewsNet includes news content, social context features,
and user engagements with fact-checked ground truth labels for the news articles. News
content features include meta-information related to the article’s content, such as its title
and body text. In contrast, social context features include users’ profile information,
relationships, and posts. For our evaluation, we use only social context features, such as
the friendship network, that shows the follower/followee structure of users who publish
related posts.

Table 6.1: Numbers of FakeNewsNet After Deletion of Nodes (engagements refer to posts,
re-posts and replies related with a news article)

H Media Platform BuzzFeed PolitiFact H

# Users 1449 1697

# Engagements 8598 10249
# Social Links 6571 3093
# True news 91 120
# Fake news 91 120

To decrease the size and sparsity of the data, we removed users with a node degree
< 3. In the end, we come up with two tensors of size 182x1449x1449 and 240x1697x1697
for the BuzzFeed and PolitiFact datasets respectively. Statistics on the datasets after the
deletion of the nodes are shown in detail in Table 6.1.

6.2 Preliminary Results

As mentioned in Section 5.2, NN-RESCAL does not manage to produce satisfactory
results in terms of our chosen evaluation metrics. Specifically, as depicted in Table 6.2, on
the PolitiFact dataset, for r = 5 number of factors with the first 80% of news as our train
set and the remaining 20% as our test set, performance for all the metrics is lower than
random choice. Figure 6.1 also presents the accuracy score achieved with NN-RESCAL
in relation to different numbers of labeled instances used in the training stage (20, 40, 60,
80, 100), for a different number of factors (r=>5,10,20) on PolitiFact. We can see that no
other number of labeled instances or factors can achieve better results. Similar patterns
were observed for the other metrics, as well as on BuzzFeed. On top of that, NN-RESCAL
requires the non-negative factorization algorithm to run four times to produce the result,
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and therefore a large number of factors may increase the computation time. Due to all the
above, we proceeded with the development of a second model, CLASS-CP. We present its
performance analysis in the following sections.

Table 6.2: Performance of NN-RESCAL for r=5

Dataset | Precision Recall F1-score Accuracy
PolitiFact | 0.462 £ 0.148 | 0.350 £ 0.123 | 0.394 4+ 0.126 | 0.469 4 0.104
BuzzFeed | 0.440 £ 0.033 | 0.672 + 0.092 | 0.530 4 0.048 | 0.408 £ 0.052
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Figure 6.1: The Accuracy Learning Curve of NN-RESCAL for r=>5,10,20 on PolitiFact

6.3 Experimental Settings

To measure the performance of CLASS-CP, we choose as evaluation metrics accuracy,
precision, recall, and F1-score that are commonly used in similar problems [21, 11, 7]. The
first 80% of news is our training set and the remaining 20% is for testing. The number
of news labeled as true is equal to the number of news labeled as fake. We run the
experiments 10 times, independently for each dataset, and we record the average results.

Number of factors

Generally, a large number of factors r increases the computation time of the factoriza-
tion. Before the methods’ comparison, we wish to choose the optimal number of factors
for the CLASS-CP factorization. Figure 6.2 shows the scores of precision, recall, F1-score
and accuracy for r = 2, 3, 5, 10, 15, 20. As demonstrated, we can get the best overall
performance for r = 5. For a small number of factors, CLASS-CP performs slightly worse,
whereas a large number of factors lowers performance significantly. This may suggest that
less than five of the latent features we extracted are associated with the news veracity.

Impact of training set size

We also explore the performance of CLASS-CP with respect to the size of the labeled
data used in the training stage. Figure 6.3 presents the F1-score achieved with CLASS-CP
in relation to various levels of labeled instances used in the training stage (5%, 10%, 20%,
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Figure 6.2: Behavior of CLASS-CP with Different Numbers of Factors for each Dataset
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Figure 6.3: The Fl-score Learning Curve on BuzzFeed and PolitiFact
30%, 40%, 50%, 60%, 70%, 80%) on both platforms. From the plot, it is evident that the

more labeled instances are used for training, the better the performance. We can also see
that there is no point of convergence to an upper limit for the F1-score. This can be very
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convenient when dealing with data that have a small number of labeled instances available

[42].

Precision

As shown in Figure 6.4, the same pattern is observed for precision and recall.
1
0.8
0.8 -
06 o e 0.6 N ol
0.4 T 04
& PolitiFact = & PolitiFact
0.2 0.2
—&— BuzzFeed —&— BuzzFeed
0 0
5 10 20 30 40 50 60 70 80 5 10 20 30 40 50 60 70 80
Training set size (%) Training set size (%)
(a) Precision (b) Recall

Figure 6.4: Learning Curves for Precision and Recall

Hyperparameter )\,

The value of the hyperparameter is set as A\; = 1 so that the classification loss will
contribute equally to the optimization process.

Execution time

Each CLASS-CP iteration takes less than a minute to finish and we need on average
a few minutes (< 10) to reach convergence.

6.4 Comparison with Other Methods

We compare the proposed CLASS-CP algorithm with the following methods:

NN-RESCAL: The model that utilizes the non-negative RESCAL factorization as
described in detail in Chapter 5.

SVM: A baseline SVM model that is built by using the rows of the tensor T as
input feature vectors.

CP+SVM: A two-step process that combines the original CP factorization with
a linear SVM classifier. Firstly, we use CP to calculate the tensor embeddings of
posts in an unsupervised manner. Secondly, we train an SVM classifier using the
embeddings that were produced by CP in the first step.

CP+k-NN: The CP factorization with a k-NN classifier. We follow the same pro-
cedure as in CP+SVM but instead of an SVM classifier, we use a k-NN classifier.
As suggested by [25, 27], we set k equal to the square root of the size of the training

data, i.e., k = /p.

TriFN: A state-of-the-art fake news detection framework that calculates and com-
bines five components: news contents embedding, user embedding, user-news inter-
action embedding, publisher-news relation embedding, and news classification. We
use the same evaluation settings proposed in [23] to compare the CLASS-CP results
with the ones demonstrated in their work.
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¢ Content-SVM: A baseline content-based bag-of-words model to stand as a compar-
ison against the above-mentioned network-based methods. Firstly, each news piece
is segmented into words from the article’s text. Then, we count the number of times
each word/term occurs in each document. Each term is considered a feature and we
end up with a document-term matrix. These features are then given as input into a

baseline SVM classifier.

6.5 Results

Table 6.3: Performance Comparison on PolitiFact

Metric NN-RESCAL | SVM | CP+SVM CP+ k-NN TriFN CLASS-CP

Precision | 0.462 £0.148 | 1.000 | 0.804 + 0.253 | 0.708 £+ 0.033 | 0.867 £+ 0.034 | 0.872 £ 0.058
Recall 0.350 +0.123 | 0.670 | 0.522 £0.380 | 0.766 £+ 0.066 | 0.893 +0.023 | 0.821 +0.122
F1 0.394 +0.126 | 0.800 | 0.490 4+ 0.168 | 0.735 4+ 0.039 | 0.880 +0.017 | 0.843 £+ 0.089
Accuracy | 0.469 +0.104 | 0.833 | 0.577 +0.055 | 0.725 +0.034 | 0.878 +0.020 | 0.852 + 0.078

Table 6.4: Performance Comparison on BuzzFeed

Metric NN-RESCAL | SVM | CP+SVM CP+ k-NN TriFN CLASS-CP

Precision | 0.440 £ 0.033 | 0.910 | 0.671 & 0.058 | 0.805 + 0.041 | 0.849 + 0.040 | 0.852 £+ 0.143
Recall 0.672 +0.092 | 0.560 | 1.000 0.614 £0.137 | 0.893 £0.013 | 0.830 + 0.146
F1 0.530 +0.048 | 0.690 | 0.803 £0.044 | 0.689 £+ 0.056 | 0.870 +0.019 | 0.835 4+ 0.127
Accuracy | 0.408 +0.052 | 0.750 | 0.750 +0.071 | 0.728 +0.032 | 0.864 4+ 0.026 | 0.839 + 0.118

Table 6.5: Performance of Content-SVM

Dataset | Precision | Recall | Fl-score | Accuracy
PolitiFact | 0.89 0.71 0.79 0.82
BuzzFeed | 0.68 0.72 0.70 0.70

Figure 6.5 and Tables 6.3 and 6.4 show the comparison of CLASS-CP with the afore-
mentioned methods on the chosen metrics. Table 6.5 shows the performance of the baseline
content-SVM method. From these, we can make the following observations:

e The NN-RESCAL performs worse than chance (random guessing), so we exclude it
from the comparison figures.

¢ The model using the CP factorization is preferable to RESCAL in terms of simplicity
and performance. Bad performance of RESCAL may be attributed to the fact that
it requires tensors made up of square slices (7 € RP*"*%) This way, RESCAL
ends up factorizing users, instead of posts, which makes us assume that the final
factorized data is not aware of the posts’ authenticity. On the other hand, CP does
not require square slices, thus we can factorize in terms of posts and end up with
more posts-specific representations.

e Generally, the SVM baseline provides the highest precision results and performs
decently on the other metrics, especially for PolitiFact.
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Figure 6.5: Performance Comparison for Different Metrics

The use of CP does not improve the performance of the SVM in the case of PolitiFact.
In contrast, for the BuzzFeed dataset, the CP+SVM configuration seems to improve
the performance over the baseline SVM model. Consequently, we can say that there
is a mismatch in the performance trend between the two datasets when utilizing
the simple CP configuration. However, the CLASS-CP approach seems to produce
similar results on both datasets.

For PolitiFact, CP combined with k-NN seems to perform better than CP+SVM.
Interestingly, in the case of BuzzFeed, we can notice the opposite. Again there is a
mismatch in the performance trend. This could be attributed to the values of SVM’s
and k-NN’s built-in parameters. We assume that by tuning them we are going to
get similar results for both datasets.

CLASS-CP significantly outperforms SVM, CP+SVM and CP+ k-NN both on Poli-
tiFact and BuzzFeed datasets.

CLASS-CP outperforms TriFN in terms of precision on both datasets.

CLASS-CP performs comparably to TriFN for all metrics in both datasets.
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e In comparison with the other methods, CLASS-CP produces higher deviation num-
bers (between 0.058 and 0.146). This suggests that data points produced by the
clagss-aware CLASS-CP may spread in a higher distance from the mean, compared,
for example, to the state-of-the-art TriFN (that produces deviation between 0.013
and 0.040). To some extent, this may be attributed to the relatively smaller sam-
ple size that is used in our experiments (see section 6.1) that may lead to bigger
differences between the data points.

e The content-SVM model performs decently compared to the network-based base-
lines. Consequently, the integration of content into our CLASS-CP framework is
considered future work.

From these observations, we can conclude that CLASS-CP, through a simple approach,
a small number of factors and by using only one source of information from the network,
performs equally well with the state-of-the-art framework TriFN that needs the combina-
tion of five components coming both from the network and the news content to produce
satisfying results. In other words, (i) users’ friendships on social media are a useful indi-
cator of an article’s accuracy, and (ii) the integration of the class-label information inside
the factorization process can noticeably improve the model’s performance. These conclu-
sions provide a promising new direction for the development of network-based class-aware
frameworks that are more accurate, rely on fewer parameters, and are less complicated
and quicker to produce.






Conclusion

In this thesis, we present a tensor-based method for fake news detection on social media
that relies only on the network of users that interact with the news. At first, we propose
a novel tensor-based representation of the news, that utilizes the users’ follower /followee
structure. In order to exploit this information, after rejecting the RESCAL factorization
due to unsatisfactory performance, we develop an extension of the standard CP factor-
ization that integrates the available class-label information into the tensor factorization
itself. Finally, we end up with a class-aware semi-supervised tensor factorization.

Our detailed experiments on two real-world public datasets show that our method,
CLASS-CP, through a relatively simpler computation approach, can become competitive
in terms of performance when compared with state-of-the-art network-based methods. The
results confirm our initial intuition, that the friendship networks of users can accurately
identify the truthfulness of the news they share on social media. The results also prove
the significance of the class-label information when it is incorporated into the factorization
process, as a unified optimization step.

As an extension, we aim to investigate the performance of CLASS-CP when more
features, both from the network and the content, are included. Moreover, we intend to
apply our approach to more datasets as well as to investigate its scalability in relation to
the size of the data used. Finally, another interesting direction would be to consider new
ways of representing the available data using tensors in order to incorporate them into the
proposed framework.
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