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Abstract

This thesis compares network information against chemical information for the prob-
lem of drug interaction prediction. Drug interactions can be studied as a network, with
the drugs represented as nodes, and interactions as edges. There is also the additional
information of the chemical formula of each drug. We apply two embedding mechanisms,
mol2vec and node2vec, on the problem of predicting Drug-Drug Interactions (DDIs). These
mechanisms, respectively, convert drugs into vectors using the chemical information of
the underlying chemical compound and the network information from the graph of drug
interactions. Our goal is to compare Single Link Prediction models that are based on each
embedding method by exploring the topological features of the drug interactions graph
that make each approach more efficient in making correct predictions. We base our ex-
periments on the DrugBank data set and use various computational chemistry tools such
RDKit and PubChem, along with NetworkX, in order to create the chemical and structural

embeddings for each drug.

Keywords

Drug-Drug Interaction Prediction, DrugBank, Network Embeddings, Chemical Em-

beddings, Graph Topological Features, mol2vec, node2vec
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IlepiAnypn

e auth] Vv epyaocia pedetdpe 1ig addndemdpdoeig petaiy eappakeutikov ouoiov. ITo
OUYKEKPIPIEVA, §ePEUVOULE T MANPOPOPIA TTOU PUITOPEL VA AVIATOEL KATTO10§ PECA Ao TOV
YPAPO YV®OONG ITOU IIPOKUITIEL AV Ye®@prjooule KABe pAapako g KopBo kat kabe aAAnAerni-
Spaon 6U0 PUPRAK®V GG KT PETASU TV aviiotolX®V KOPB®V — Tr] yVOOor] autr) ovopaloupe
Siktuaxkn 1) ypagikn mAnpogopia. [TapdAAnAa adlonolovpe Tov XNIKO TUITO ard 1) §paotik)
ouoia evog PAPHIAKOU Y1d VA AITOTUIIOOOULE TIG XNHIKEG 18101 TéG ToU Kat va e§ayouie autod
TTOU 0VONAdOUPE OTr OUVEXELA WG XKL TANpodopia. ZToX0g pag eivatl va ouyKkpivoupe )
81ktuakr) mAnpodopia pe v XNUIKn mAnpogopia mave oto rmpoBAnpa tng eKtipnong alin-
Aerubpacewv petadu eappdkev. Ta va to kdvouyie auto, ermotpatevoupe dUo peboddoug rou
EUIVEUOTNKAVY A0 TOV X®MPO TG PNXAVIKNG PAONnong, Kat OUYKEKPIEVA Al TOV TOPEA ETTES-
epyaoiag @uolkng yAwooag: to mol2vec kat to node2vec. Ot pébodot auvtoi pag fonbouv va
rapdadoupe S1aVUOPATIKEG AVATIAPACTACELS — TO00 BACEL NG XNIIKAG MAnpogopiag, 6oo Kat
g d1ktuakrg mMnpogopiag — and ta edpuaka nou £xoupe otn 61abeor) pag. Afloroloupe
AUTEG TIG AVATIAPAOTACELS Y1d VA avarttugoupe Katl va eKatbeuoouile tagivournteég Paotopié-
VOUG 0t Veup@Vvika Siktua ot oroiot pe dedopévo éva {eUyog @appdrav ©g €i0odo, Givouv
®g £5060 pa exktTipnon yia 1o av ta edppaka avtd aAAndermdpouv. Méow tng oUYKPlong
TV ATIOTEAEOPRATOV TOV TASIVOUNTOV pag ot éva KatdAAndo ouvodo eAéyxou katopBovoupe
va rapdfoulie XPrjoia CUPMEPAOHRATA Yid Td YPAPOBe®PpnTIKA XAPAKINPIOTIKA IOV ITPOO0-
b1opidouv yia éva pdppnaxo Tou ypadou yvaong (Ypadog yvootov aAAnAermdpdoenv) av ivat
MIPOTIHOTEPO va PeAetnBel BAoel g XNUIKNG 1 tng O1KTUAKIG MANPo¢popiag mou Umapyet
61abéomun yua auvto. Ma ta nepapatd pag xpnopornotovpe ) Baon debopévov DrugBank
Kat ot ropeia g £§6puing kat rpostopaciag v dedopévev pag ermotpatevouiie Stapopa
epyaleia g UTIOAOY10TIKEG XNeiag, onwg ta RDKit kat PubChem kabwg kat ) B1B8A1001kn

NetworkX yia va erne§epyaoctoUpe UTOAOYIOTIKA YPAPOUG Sebopévav.

Agterg KAe1ba

AMAnAerudpdoesig Pappdkav, Aiktuakeg Avaripaotacelg Pappakev, Xnuikég Avanapaotd-
oelg Pappakev, Fpagpobenpnuika Xapaktnpiotkd AAAnAemdpdoswv Pappakev, DrugBank,

mol2vec, node2vec
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SOnoyh thc Ergasbac

0.1 Eisagwg

Stigoc the paroOsac ergasbac ePnai h meléth twn allhlepidr'sewn metax® arm’kwn
kai, pio sugkekriména, h sOgkrish thc ghmik ¢ plhroforDac pou mporoOme na ex"goume
api th moriak dom thc drastik ¢ ousbac twn arm’kwn me th domik ( diktuak,
grafik ) plhroforBa thn opoPa ex"goume api ton gr-fo pou prokOptei an ewr soume ta
di*fora “rmaka wc kimbouc o opoPoi sundéontai metaxO touc me mia akm gia k'je gnwst
allhlepbdrash pou égei anakalufieb. Gia na k’noume aut th sOgkrish, epistrateOoume
th “sh dedoménwn DrugBank [1] gia na exorOxoume “rmaka kai allhlepidr’seic ,ste na
kataskeu“soume ton grfo gn shc mac. AkoloOjwe, grhsimopoioOme dOo mejidouc pou
asbzontai ston algirijmo  word2vec [2] api ton g,ro thc Epexergasbac Fusik ¢ Gl ssac:
to mol2vec [3] kai to node2vec [4]. Oi mejodoi autoD a mac ohjsoun na kwdikopoi -
soume k'je “rmako api ton gr'fo gn,shc mac se mia dianusmatik anapar“stash api
pragmatikoOc arijmoOc “sei thc ghmik ¢ kai thc diktuak ¢ plhroforBac antDstoiga.

DhmiourgoOme treic taxinomhtéc asisménouc se éna neurwniki dbktuo dOo epipédwn oi
opoboi pabrnoun wc ebsodo tic dianusmatikec anaparast™seic api: th ghmik plhroforba,
th diktuak plhroforba kai ton sunduasmi ghmik ¢ kai diktuak ¢ plhroforBac antbs-
toiga. AfoO ekpaideOsoume ta sust mata aut”, exet"zoume thn apidos touc se éna sOnolo
deigm’twn eléggou pou apomon, noume api ton grfo gn,shc mac. Pio sugkekriména, ex-
et"zoume tic epilogéc tou k'je taxinomht kai melet'me di“fora grafojewrhtik™ qarak-
thristik™ pou touc antistoigoOn _ste na ex"goume sumper’smata sgetik® me to pou up-
ertereb ustereb k'je montélo. Me auti ton tripo katorj,noume na perigryoume kai
na sugkrbnoume th sumperifor” enic sust matoc ektbmhshc allhlepidr’sewn arm“kwn
pou asbzetai sth ghmik gn sh me éna antbstoiqo sOsthma pou grhsimopoieb th diktuak
plhroforba. Onom“zoume ton sunduasmi thc ghmik ¢ kai thc diktuak ¢ plhroforBac wc
ubridik plhroforba , kai to antbstoiqo montélo wc ubridiki taxinomht
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Figure 1. Debgmata ekpabdeushc pou prokOptoun api tic allhlepidr'seic arm™kwn, me th
morf sOzeuxhc dianusmatik,n anaparast’sewn, grhsimopoioOntai gia thn ekpaBdeush tou
neurwnikoO diktOou.

0.2 Mejodologba

Api to apojet rio thc DrugBank ex"goume sunolik™ 14,624 “rmaka kai 1,389,184
monadikéc allhpidrseic metaxO aut,n twn arm”kwn. Api ta deoména aut” krat"'me ekePna
mino ta “rmaka pou parousi“soun toul"giston mba allhlepbdrash me k™poio “llo “r-
mako, krat,nac étsi 3,753 “rmaka kai 1,207,953 allhlepidr”seic * oi allhlepidr'seic
mei jhkan diiti grei"sthke na afairésoume api th gn,sh éna mikri sOnolo arm“kwn to
opobo den ebnai sumbati me ta ergaleba pou perigr-foume sth sunégeia. Ton teliki gr'fo
pou prokOptei onom™zoume efex ¢ pl rh grfo

Gia na ex"goume tic ghmikéc anaparast'seic api k'je “rmako, prépei pr,ta na
roOme ton ghmiki tOpo tou kai sth sunégeia na anakalQOyoume th plhroforba sqetik™
me th moriak dom thc drastik ¢ tou ousPac. Gia ton skopi auti grhsimopoioOme thn
uphresba PubChem [5], éna api ta ergaleba thc opobac déqetai wc eDBsodo to monadiki
anagnwristiki kje arm”kou api to apojet rio thc DrugBank kai epistréfei ton ghmiki
tOpo tou me th morf ~ SMILES [6]. Sth sunégeia axiopoioOme th iblioj kh RDKit [7] thc
Python ste na metatréyoume aut th morf ghmikoO tOpou se mia dom pou onom’zetai
MOL kai ousiastik™ periégei kwdikopoihménh se pPnakec geitnBashc th dom tou ghmikoO
morbou. Sto shmebo auti, ePmaste étoimoi na efarmisoume éna proekpaideuméno montélo
mol2vec ! gia na par’xoume é&na di"nusma 300 diast"sewn wc th ghmik anapar’stash gia
K'je “rmako ston pl rh grifo

Wc proc tic diktuakéc ( grafikec) anaparast’seic, den greiazimaste proepexergasba
twn dedoménwn mac. QrhsimopoioOme apeujeDPac ton algirijmo tou  node2vec, o opoboc
ekpaideQetai pr ta se énan grfo gn shc kai sth sunégeia grhsimopoiebtai gia na anti-
stoigbsei k'je kimbo tou se éna di"'nusma 128 diast’sewn ¢ th diktuak anapar”stash.

lht’(ps://github.(:om/samoturk/mol2vec/'[ree/mas'[er/examples/models
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0.2 Mejodologba

Ed,, wstiso, up“rgei @na shmantiki priblhma: den mporoOme na ekpaideOsoume &na mon-
télo node2vec ston plrh grifo . Pio sugkekriména, o algirijmoc tou node2vec exet'zei
th geitoni” k"je kimbou ston gr*fo, diatreqontac tugaBa monop“tia, ,ste na kataskeu’-

sei dianOsmata ta opoPa rDskontai se mikriterh apistash metaxO touc (p.q. euklebdia
apistash) itan antistoiqoOn se kimbouc tou gr’fou me imoia geitoni". Auti shmabnei iti
ekpaideOontac to montélo ston pl rh grfo a p'roume dianOsmata ta opobPa a &goun
enswmatwmenh meésa touc, se énan shmantiki ajmi, th plhroforba api ilec tic allh-
lepidrseic tou gr-fou. K'ti tétoio a tan apagoreutiki gia ta peir"mata pou akolou-

oOn, kaj.c den a ebgame th dunatithta na qwrDsoume ton pl rh grfo se sOnola ek-
pabdeushc, epal jeushc kai eléggou. Gia na IOsoume auti to priblhma efarmizoume
deigmatolhyba, krat,ntac ilouc touc kimbouc kai epilegontac tugaba na diathr soume

mino to 1% twn akm,n tou pl rh grifou . To apotélesma a onom”zoume gr'fo deigmatol-
hybac, kai prikeitai gia énan grfo me 12,080 akmeéc. 'Opwc gbnetai antilhpti sth sunégeia,

o grfoc pou proékuye, par” thn éntash thc deigmatolhyPac, katorj,nei na ekpaideOsei

ton taxinomht pou asbzetai sth diktuak plhroforba me exairetik epitugba. M’lista,

meésw thc deigmatolhybac pou k“noume katorj,noume na exasfalbsoume thn ex ¢ shman-
tik idiithta gia tic diktuakéc anaparast’seic mac: ta dianOsmata prokOptoun igi api

tic "mesec allhlepidr’seic metaxO twn arm’kwn, all” api ta upiloipa grafojewrhtik™
qarakthristik™ pou perigr'foun mia geitoni” tou gr-fou « akrib,c autoO tou eBdouc ta
garakthristik® a prospaj soume sth poreba na melet soume kai na sugkrbnoume gia na
anakalOyoume periogéc tou  pl rh grifou oi opobPec a katastoOn th ghmik plhroforba
an terh thc diktuak ¢ plhroforbac ( to antbjeto) gia thn pribleyh allhlepidr"sewn

metaxO arm’kwn.

Sto shmebo auti mporoOme na esti"soume sta deBgmata ekpabdeushc kai ton tripo
pou grhsimopoioOntai api touc taxinomhtéc mac. Eidikitera, éloume na anaptOxoume
sust mata ta opoPa a déqgontai wc eDsodo éna eOgoc arm™kwn, kai wc éxodo na éqoun dOo
dunatéc timéc oi opobec antiproswpeOoun thn Oparxh mh miac allhlepbdrashc metaxO
twn arm’kwn eisidou. Epoménwc, epilegoume na dbnoume wc ebsodo sta neurwnik™ mac
montela th dianusmatik sOzeuxh api tic anaparast™seic twn arm’kwn, ipwc aPnetai
sto di\gramma 1. To neurwniki dbktuo tou sq matoc apotup,nei th dom tou montélou
pou grhsimopoioOme gia touc treic taxinomhtéc me “sh th ghmik , th diktuak , kai thn
ubridik plhroforba. ProtoO progwr soume, imwc, me thn ekpabdeush twn montélwn mac
prépei na IOsoume éna akimh priblhma pou prokOptei api to sOnolo twn dedoménwn
pou eqoume sth dijes mac: den gnwrbzoume kanena arnhtiki deBgma. Analutikitera,
ewroOme wc etiki deBgma ekpabdeushc éna suzeugméno di'nusma pou proékuye api mia
pragmatik akm tou pl rh grifou , den éqoume imwc antbstoigec "mh pragmatikec" akméc
ston grfo gia na mac d,soun ta arnhtik® debgmata. Qrei“zetai, sunep,c, na k'noume
“lIh mia deigmatolhyba ,ste na par’xoume neec "arnhtikec" akmec ston gr'fo mac gia na
par"xoume arnhtik™ debgmata ekpabdeushc api thn sunénwsh twn antbstoiqwn dianusm™twn
« rontbzoume oi tugabec akmec pou par'goume na mhn up’rqoun dh ston grifo wc
pragmatikéc allhlepidr'seic.

‘Eqontac etoim™sei ta etik™ kai ta arnhtik® debgmata gia ton pl rh grifo , ePmaste
étoimoi na ekpaideOsoume kai, épeita, na exet'soume thn epPdosh twn taxinomht.n mac.
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Qwrbzoume ta dedoména mac se sOnola ekpabdeushc, epal jeushc kai eléggou me posost®
65%/5%/30%.

0.3 Peiramatik™ Apotelesmata

Class Classier Precision Recall F1 Score Category mol2vec node2vec  Hybrid
. mol2vec 091  0.89 0.90 Experimental 87 94 96
Negative Samples  jeovec 090 094 0.92 Approved 85 93 94
(Class 0) Hybrid 096 094 0.95 Investigational 87 94 95
Vet Approved 88 94 97

Positive Samples mol2vec 0.88 0.91 0.89 Withdrawn 87 96 97

node2vec 0.96 0.93 0.94 e

(Class 1) ) Illicit 87 95 96
Hybrid 0.93 0.95 0.94 Nutraceutical 91 90 97

(a) Classi cation Report  gia touc treic taxinomhtec (b) SOgkrish thc posostiabac akrbbeiac twn

probléyewn k'je montelou gia k'je kath-
gorba arm“kwn

Figure 2. Axiolighsh thc Epbdoshc twn Taxinomht,n

Sthn enithta aut parajétoume ta shmantikitera apotelésmata api ta peir"mata mac.
O pbnakac 2a periéqei to classi cation report  pou prokOptei api thn axiolighsh twn mon-
telwn mac sto sOnolo elégqou « oi arnhtikéc allhlepidr seic apotup, nontai me th ki"sh
0 kai oi etikec allhlepidr’seic api thn kI'sh 1. Sto par’rthma A parajetoume ta lep-
tomer stoigeba sqetik™ me ta dedomeéna ekpabdeushc, epal jeushc kai eléggou gia touc
treic taxinomhtéc, en, sto parrthma B parajétoume ta pl rh dedoména sqetik™ me ton
pPnaka 2b, parousi“zontac mia analutikiterh axiolighsh wc proc thn akrbbeia k“je mon-
telou gia k'je monadik kathgorba arm”kwn. H kathgoriopobBhsh twn arm“kwn dbnetai
api th DrugBank kai exuphreteb ste na k’noume eidikiterec sugkrbseic sto sOnolo twn
arm”kwn, ipwc gia par"deigma na melet soume thn axiopistba thc ghmik ¢ kai thc diktu-
ak c plhroforbac wc proc thn anaz thsh allhlepidr"sewn itan emplekontai peiramatik”,

kthniatrik™ “rmaka.

MporoOme na diakrBnoume iti o ubridikic taxinomht ¢ égei shmantik™ kalOterec epidi-
seic se ilec sqgedin tic sugkrbseic me ta “lla dOo sust mata. To gegonic auti upodeiknOei
iti up’rgei mh epikaluptimenh gn, sh api tic dOo prossegPseic (ghmik kai diktuak
plhroforba) h opoba ebnai wfélimo na sunduasteb « par” to gegonic iti megal,nei shman-
tik™ to m koc thc ubridik ¢ dianusmatik ¢ anapar“stashc kai, kat™ sunepeia, duskoleOei
h ekpabdeush twn neurwnik .n mac diktOwn me tic eisidouc megalOterwn diast’sewn. Minh
exaPresh sthn uperoq tou ubridikoO taxinomht apoteleD to megalOtero precision tou
node2vec montélou wc poc ta etik® debgmata, k'ti pou mac odhgeb sto sumpérasma iti h
diktuak plhroforba ebnai isquriterh sthn anagn,rish twn arnhtik.n deigm™wn kai thn
apofug twn false positive probléyewn.

O pbnakac 3a parousi“zei th sOgkrish thc méshc tim ¢ api di*fora qarakthristik™
twn deigm’twn elégqou, kai o pPnakac 3b perbeqei thn apiklish KullbackeLeibler an"mesa
stic katanoméc pou orbzontai api tic swstéc kai tic lanjasménec ektim seic twn taxinomht, n
mac. O iroc average mean degree anaféretai sth mésh tim api to sOnolo pou prokOptei
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0.3 Peiramatik™ Apotelésmata

Metric mol2vec  node2vec Hybrid
Average Min Degree 518.06 470.07 517.01
False Average Max Degree 1137.02 1143.09 1163.44
Prediction Average Mean Degree 827.54 806.58 840.22
Average Core Di erence 237.17 266.10 242.34
Average Betweenness Centrality 4.57e*06 6.99e+06 6.76e+06
Average Min Degree 519.66 593.45 512.09
Correct Average Max Degree 1083.25 1143.96 1078.67
prediction Average Mean Degree 801.45 868.713 795.38
Average Core Di erence 228.50 196.01 231.80

Average Betweenness Centrality 1.39e+06 1.29e<06 1.44e<06

(a) SOgkrish grafojewrhtik,n garakthristik,n wc proc sunola deigm”twn eléggou pou orbzontai api
thn epilog (swst lanjasmeéenh) k'je taxinomht

Classi er Correct False

Average Degree 0.018 0.047
Min Degree 0.019 0.199
Max Degree 0.010 0.110
Core Di erence 0.013 0.103
Betweenness C. 0.109 0.071

(b) Apiklish KL an"mesa stic katanomeéc

deigm’twn twn taxinomhtn mol2vec Kai

node2vec (timéc megalOterec api 0:1 emfanb-
ontai me entonh graf )

Figure 3. Qarakthristik™ apoteléesmata an” kathgorba pribleyhc (Swst Lanjasménh)

an upologbsoume to meéso iro api touc ajmoOc twn kibwn pou apartbzoun k’je eOgoc
pijan.n allhlepidr’sewn (deigm“twn) sto sOnolo eléggou. 'Omoia, 0 iroc average min
degree perigr-fei th mésh tim api ton el"gisto ajmi k’je eOgouc sta deBgmata eléggou
kai 0 iroc average max degree anaféretai sth mésh tim api touc mégistouc ajmoOc.
Akimh, htim tou betweenness centrality upologbzetai mino giatic etikéc allhlepidriseic
(deBgmata pou apotup,noun pragmatik allhlepbdrash metax® arm™kwn), en, o iroc core
di erence anaféretai sthn apiluth diafor™ twn kecores an"mesa stouc dOo kimbouc pou
apartbzoun éna debgma allhlepbdrashc.

Akimh, ta diagr'mmata 4a kai 4b apotup,noun th diamirfwsh thc méshc tim ¢ tou
recall wc proc ton el’gisto ajmi (min degree) kai to core dierence twn deigm’twn. Pio
sugkekriména, se aut” ta diagr'mmata, o "xonac x kajorbzei poia debgmata eléggou sum-
metéqoun sth diamirfwsh thc tim c tou recall : epilegoume ila ta debgmata pou éqoun to
upi elegqo garakthristiki (el"gisto ajmi core di erence ) na ePnai mikritero Bso thc
tim ¢ pou egei 0 "xonac x gia k'je shmebo thc grafik ¢ par“stashc « epomenwc gia x=0
den summetégei kanéna debgma, en, gia th mégisth tim tou x (dexiitero shmebo thc grafik ¢
par’stashc) summetéqoun ila ta debgmata.

To di"gramma 4a mac ohj” na ex’goume éna polO qr simo sumpérasma: ta debg-
mata sta opoba to “rmako me tic ligiterec allhlepidr’seic (kimboc tou grifou me ton
mikritero ajmi sta "kra miac akm c) eqei arijmi allhlepidr'sewn mikritero api éna
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(a) Recall over Min Degree (b) Recall over Core Di erence

Figure 4. Diagrrmmata me th metrik recall gia montéla pou asbzontai stic anaparast™seic
thc ghmik c, thc diktuak ¢ kai thc ubridik ¢ plhroforbac.

kat,fli » sto di"gramma diakrBnoume to kat, fli auti na rbsketai kont™ ston arijmi 350

« sunist” kalOtero upoy fio gia tic mejidouc pou asBzontai sth ghmik plhroforba se
sOgkrish me tic mejidouc pou ekmetalleOontai th diktuak plhroforDa. Prikeitai gia

mia logik upijesh, kaj,c "rmaka ta opoba éqoun mikr parousba se enan gr'fo ebnai
logiki na mhn mporoOn na axiopoihjoOn api diktuakéc proseggbseic. Wstiso, to gegonic
iti mporoOme na epibebai ,soume thn upijesh peiramatik” kai, akima perissitero, na orb-
soume kai eéna kat fli gia ton arijmi twn allhlepidr'sewn ebnai idiabtera shmantiki gia

thn ergasba mac.

Melet ntac ta diagrrmmata 4a kai 4b mporoOme na ektim soume iti ta montéla mac
k’noun pio axiipistec probléyeic gia debgmata pou parousi"zoun gambhli core diere
ence. Epiprisjeta, gia gamhliterec timec sto core di erence twn deigm“twn o taxinomht ¢
node2vec petugabnei parimoia epPdosh me ton ubrdiki taxinomht , gefur nontac to " sma
pou kerdbzame sundu”zontac th ghmik me th diktuak plhroforba.

0.4 Sumper’smata

'Egontac oloklhr,sei ta st™dia thc exiruxhc kai epexergasbac twn dedomenwn mac ste
na par"xoume tic ghmikec kai tic diktuakéc anaparast™seic gia ta “rmaka thc DrugBank ,
thn ekpaPdeush twn taxinomht,n mac kaj,c kai touc kOklouc peiram“twn anaforik® me
thn an”lush twn epilog,n twn montélwn mac wc proc ta di“fora garakthristik™ tou pl rh
grifou , mporoOme na sunoyPsoume se aut thn enithta ta shmantikitera sumper’smata
pou ex"goume api thn ilh poreBa mac.

Katarg'c, ofebloume na anagnwrbsoume iti to priblhma thc anaz thshc armakeu-
tik,n allhlepidr'sewn ektePnetai se polO megalOtera “jh api ekePna pou eDgame thn eu-
kairba na exereun soume. Qili"dec “rmaka gia ta opoba den éqoume akima gnwstéec allh-
lepidr”seic periménou ,ste na summetéqoun kai aut™ ston grifo gn,shc, mazb me tic sundé-
seic touc me “lla “rmaka pou antDstoiga anaménoun thn anak’luy touc. MporoOme
wstiso na ektim soume th poiithta twn dedoménwn thc DrugBank , kaj,c to apojet rio
arm”kwn kai allhlepidr’sewn sto opobo asist kame apodebgjhke api thn an“lus mac
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ektenéc kai idiabtera gr simo gia ta peirmat” mac.

AXDzei epbshc na stajoOme stic exairetikéc epidiseic tou algorbjmou  node2vec . Pio sug-
kekriména, to gegonic iti par” thn afabresh tou 99% twn akm_n api ton pl rh grifo oal-
girijmoc kat™fere na par“xei dianusmatikéc anaparast™seic pou od ghsan se exairetik”
epbpeda m’jhshc ta neurwnik™ mac upodeiknOei th dOnamh tou  node2vec na anakalOptei
th plhroforba api th geitoni”~ k'je kimbou enic grifou, akima ki an lePpei h suntrip-
tik pleionithta thc argik ¢ plhroforBac, kai na odhgeb se axiipistec ektim seic gia thn
Oparxh mh pijan,n akm,n.

Se antbjesh me tic dianusmatikéc anaparastseic, gia tic opobec gnwrbzame ek twn pro-
térwn api th sqgetik ibliografba iti éqoun dh efarmosteb epitughména se sust mata
pou problépoun allhlepidr’seic metaxu armkwn, den eDgame k™poia éndeixh protoO ek-
telésoume ta peir'mata mac gia thn antbstoigh grhsimithta twn ghmik,n anaparast”sewn
mésa api ton algirijmo mol2vec . Parilaut’, o sqetikic taxinomht c kat"fere na petOqgei
exbsou shmantikéc epidiseic sthn anagn,rish etik n kai arnhtik n allhlepidr"sewn.

To kOrio htoOmeno thc ergasbac aut ¢, &baia, den ePnai h exatomikeuménh meléth k’je
sust matoc, all” h sOgkrish thc ghmik ¢ me th diktuak plhroforba gia ton skopi thc
pribleyhc allhlepidr'sewn arm“kwn. Wc proc ton stigo auti, mporésame na ex"goume
idiabtera gr sima sumper’smata, me kurbotera ta ex c:

" O taxinomhtc mol2vec parousi'zei kalOtero recall gia deBbgmata me gamhlitero
el"gisto ajmi kimbwn, meqri o ajmic autic na xeper“sei éna kat,fli ipou tite
epikrateb o taxinomht ¢ node2vec . Akimh, o taxinomhtc node2vec epitugq nei p°nta
kalOterec epidiseic itan melet™tai wc proc to core dierence twn deigm“twn (allh-
lepidr'sewn).

H katanom thc tim c tou betweenness centrality sta debgmata gia ta opoba égine
swst pribleyh emfanbzei shmantikec diaforec an"mesa sta montéla mol2vec Kkai
node2vec.

Qamhléc timéc thc paramétrou core dierence kajistoOn ta deBgmata twn allh-
lepidr’sewn kalOterouc upoyhfbouc gia mejidouc pou asbzontai sth diktuak
plhroforba « m’lista to montélo node2vec kataférnei na t'sei sthn perbptwsh
aut akimh kai tic epidiseic tou ubridikoO montélou.

Gia meg’lec timéc thc parametrou core dierence h ghmik plhroforba mporeb na
sunduasteb me th diktuak ,ste na elti,sei thn epbdosh tou taxinomht .

Téloc, gbnetai emfanéc mésa api ta peirmat™ mac iti to ubridiki montélo, to opobo
sundu”zei th ghmik me th diktuak plhroforba, ebnai saf,c isquritero api api ta mon-
tela thc ghmik ¢ kai thc diktuak ¢ plhroforbac wc proc th swst anagn,rish twn etik,n

arnhtik n allhlepidr'sewn.

Klebnontac, katagr'foume merikec api tic shmantikiterec mellontikéc epekt”seic pou
a mporoOsame na melet soume ste na exereun soume peraitérw to priblhma thc prib-
leyhc allhlepidr'sewn metaxO arm“kwn kai th sOgkrish metaxO tou ilou pou pabzoun
h ghmik kai h diktuak plhroforba.
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Pribleyh tou tOpou thc allhlepPdrashc: to priblhma pou melet'me mporeP na
epektajeD se mia pio sOnjeth ékdosh ipou den arkiumaste sthn anagn, rish miac
allelepbdrashc metax® duo arm’kwn, all” prospajoOme na ektim soume kai to
ebdoc thc an"mesa se éna orisméno pljoc api anagnwrismenec kathgorbec ¢ er-
gasbec ipwc h [8] apoteloOn qarakthristik™ paradebgmata aut ¢ thc proséggishc.

H méleth se autin ton toméa a apaiteDb saf,c pio aneptugména montela pribleyhc
kai Bswc odhg sei se pio saf grafojewrhtik™ stoigeba anaforik™ me thn uperoq

thc grafik ¢ api th ghmik plhroforba (kai to antbjeto).

Anab”jmish tou tripou deigmatolhybac gia arnhtikéc allhlepidr'seic: gbnetai safec

sta peiramatik® mac apotelésmata iti ta montéla mporoOn na anagnwrbsoun me
shmantik™ megalOterh eukolPa ta arnhtik® deDgmata se sOgkrish me ta etik” deBg-
mata. Ja tan grsimo sunep.c na exereun soume kalOterec mejidouc gia na
par’xoume tic arnhtikéc allhlepidr’seic mac me stiqo th kalOterh ekpabdeush
twn taxinomht,n mac. Mlista, sto g,ro thc pribleyhc thc kathgorbac twn allh-
lepidr'sewn, kai igi apl,c thc Oparx touc, @goun anaptugjeD dh axillogec méjodoi
kataskeu c arnhtik,n deigm~twn [9].
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Chapter

Introduction

1.1 Motivation

The combination of more than one drugs can often improve the outcome of a treate
ment that would be based on a single one [10]. Also it is very common for patients that
su er from comorbidities to follow a multiple drug scheme. Yet, there can be adverse
e ects in those combinations, which occasionally might be toxic. While many drug ine
teractions have been discovered, there are potentially new ones that could be predicted
with computational methods, before their laboratory investigation [11]. Thus predicting
DrugeDrug Interactions (DDIs) is important for the wellsbeing of patients. The problem of
drug interaction prediction with computational methods is usually reduced to the problem
of link prediction in a network of interactions. Additional features, such as structural,
physicochemical and biochemical characteristics of chemical compounds could potene
tially increase the accuracy of predictions; the usefulness of such properties is already
proven in the eld of drug discovery [12].

Usually, notable approaches to create systems that predict drug interactions either
exploit the knowledge graph of the already known DDIs, or study the chemical features of
compounds that are related to the drugs of interest. This is where an important question
arises: when is it preferable to choose the network information over the chemical features

or the opposite in order to study possible interactions in a set of drugs? And
further more, is there su cient gain in combining these sets of characteristics (graph and
chemical) for the purpose of creating even more e cient systems for link prediction in the
area of drug interactions?

1.2 Field of Study

Our work is focused on single link prediction between drugs. We study the embede
ding of a drug's chemical formula towards vector representations that encapsulate the
properties of chemical compounds. We also study the embedding of the network infore
mation that we extract when we consider each drug to be a node in a graph of drug
interactions; interactions are denoted as edges in this type of graph. We utilize these
embedding methods in creating machine learning models that attempt to predict intere
actions between drugs. Our interest is not just to isolate those methods and separately
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evaluate their e cacy in creating link prediction systems; we delve into the network of
drug interactions and compare the two embedding mechanisms in order to discover which
are the network properties that make each approach more e cient than the other when

it comes to predicting DDIs. For example, we could assume that a drug for which there is
plenty of network information (e.g. a high degree node in our graph) is a great candidate
for network embedding methods that work on exploiting this kind of knowledge. On the
other hand, a drug that may seem isolated in the network of drug interactions (perhaps
a newly discovered compound with only a few known interactions), may be more suitable
for chemical embedding methods. We study various graph properties, such as the dee
gree, core di erence and betweenness centrality of nodes and edges in order to discover
parts and characteristics of the interactions graph that will help us compare in detail the
chemical and the structural methods of embedding drug information.

1.3 Contribution

In this work we make the following contributions:

" Comparison of two drug interaction prediction methods. One based on network
information and and the other on chemical information. node2vec and mol2vec
were used for embedding network and chemical information respectively.

Inedepth study of topological features that in uence the accuracy of the two link
prediction models. In particular, we focus on what renders chemical information
more useful than network information when it comes to drug interaction discovery.

Experimental Evaluation of the link prediction methods on a graph created from
DrugBank's [1] drug interactions.

1.4 Thesis Structure

The rest of this thesis is structured as follows:

" Chapter 2.1 provides a literature review regarding notable works in the elds of Link
Prediction, Network Analysis and Drug Interaction Prediction. This chapter also
provides the reader with the essential de nitions behind the concepts discussed in
this thesis.

Chapter 3 explains the details behind our experiments, as well as how we proceed
with the data mining operations that are needed in order to prepare our source
data for mol2vec and node2vec. Finally, we discuss the way in which we compare
network against chemical information for the purpose of DDIs prediction.

Chapter 4 presents the results of our experiments: crosseexperiment study allows
for comparisons between embedding types in regard to topological characteristics of
the samples, while detailed reports on each classi er's predictions provides inedepth
analysis of each embedding model's behavior on the test samples.

Diploma Thesis



1.4 Thesis Structure

Chapter 5 summarizes the most important observations from our experiments; we
also draw our conclusions from the work we did for this thesis. Finally, we suggest
ideas for future work on the topic of comparing chemical against network informas
tion for the problem of drug interactions prediction.

Appendix A contains information about the dataset and classi cation report for
each one of our experiments that are based on: mol2vec, node2vec and hybrid
embeddings.

Appendix B provides a detailed evaluation of each one of our classi ers per Druge
Bank's drug categories (see subsection 3.2.1)

Appendix C presents a complete report on our hybrid classi er's choices over key
graph characteristics.
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Chapter

Literature & De nitions

2.1 Literature Review

Link Prediction in graphs is a well researched area [13], with many applications in
social networks analysis [14, 15] and drug interaction prediction [16], to name just two
prominent ones.

Predicting missing (from existing knowledge) or future edges of a network can be based
on graph features, upon which matrix and tensor factorization can be applied [17, 15].
Such methods have also been applied to graphs that evolve in time [18]. Node and edge
embedding methods are widely used to create features for classi cation [19]. Lately graph
neural networks have become popular in link prediction [20, 21].

Link prediction has also been used for drug interactions, with methods varying from
predicting the presence or absence of an interaction, to methods the predict the type of
an interaction a in multierelational network [22, 23]. Moreover, many methods have been
proposed that employ additional features apart from graph based features, for instance
the usage of chemical information has been proposed in [24]. Also a hybrid method
that combines multiple types of information, including structural information has been
proposed in [20]. Finally, for multi relational link prediction there are approaches based
on graph neural networks [8].

This thesis focuses on the di erence between chemical and structural information in
DDI prediction, and in particular how the network topological features could render one
of these types of information more useful for discovering new interactions.

2.2 Prerequisites

In this section we present the fundamental de nitions, algorithms and graph mea-
sures that we use in this thesis. We do not include all the concepts that are required for
someone to understand this document and for that reason a familiarity with data science
and machine learning topics is important for e ciently going through this thesis.

Kullback Leibler divergence KL divergence [25] is a nonesymmetric statistical measure
of how one probability distribution p is dierent from another distribution Q over the
same variable x. Denoted by Dk (PkQ), for discrete probability distributions P and Q KL
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divergence is given by:

X [
(k)= Pelog % @.1)

KL divergence will prove particularly useful in chapter 4, were we will compare the
distributions of the graph characteristics of the samples sets that are de ned by the
choices of our classi ers.

2.2.1 Machine Learning & NLP Concepts

Shallow Neural Networks Feed forward neural network models with only one hidden
layer are called Shallow Neural Networks (SNNs). The information stored in the hidden
layer after the training of the network is considered to be the projection of the raw data
input of the network towards a new representation of features. Essentially, when an input

is given to the network, the values that are formed in this hidden layer can be used to
produce an embedding for that input.

word2vec Proposed in 2013 by Tomas Mikolov and his team of Google researchers,
word2vec [2] is a NLP technigue that uses a neural network model in order to capture
the relations between words in a large corpus of text. Each unique word is embedded
into a xedesize vector of real numbers; words that are semantically similar should lead to
vectors that also satisfy a metric of similarity (e.g. euclidean distance or cosine similarity).
These vectors are called word embeddings, and the models that are used to produced them
are called Vector Space Models (VSMs). There are two major algorithmic approaches for
the word2vec paradigm, based on Shallow Neural Networks:

" Continuous skipegram: the model attempts to predict the most semantically tting
surrounding window of context words when a word is given as an input. The archie
tecture behind the skipegram approach weighs nearby context words more heavily
than more distant context words inside the surrounding window of context words.

Continuous bageofewords (CBOW): the model attempts to predict the current word
of a sentence from a window of surrounding context words. The order of these
context words does not a ect prediction of the model this property is known as
the bageofewords assumption.

node2vec  Inspired by word2vec, node2vec is a machine learning algorithm for produce
ing node embeddings, by mapping the nodes of a graph to a lowsdimensional space of
features that maximizes the likelihood of preserving their network neighborhoods [4].
To achieve this goal, node2vec simulates biased random walks based on an e cient
networkeaware search strategy where the nodes appearing in the random walk de ne
neighbourhoods. The search strategy accounts for the relative in uence nodes exert in a

network.
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mol2vec  Mol2vec is also a variation of word2vec. This algorithm encodes chemical
compounds as vectors through training an unsupervised machine learning approach on
a so called corpus of compounds that consists of all available chemical matter [3]. The
result vector representations of molecular substructures are close for chemically related
substructures, just like vector representations of semantically related words are close in
a word2vec model's embeddings.

For example, gures 2.1a and 2.1b show the 2D and 3D representations for the
chemical compound of Clozapine: the rst atypical antipsychotic approved for treatment
of schizophrenia. These gures were generated by the PubChem website 1. The purpose
of mol2vec is to embedd the chemical structure of compounds like clozapine into a vector

of real numbers.

(a) 2D Structure of the chemical compound of (b) 3D Conformer of the chemical compound
Clozapine of Clozapine

Figure 2.1. Representations of Clozapine from PubChem

2.2.2 Computational Chemistry De nitions

SMILES Notation SMILES (Simpli ed Molecular Input Line Entry System) is chemical
notation system based on principles of molecular graph theory [6]. Given a chemical

graph from which hydrogen atoms have been removed and cycles have been broken in

order to turn the graph into a spanning tree T, SMILES is a string that we obtain by
concatenating the symbol nodes that we encounter in a depthe rst traversal of T. For
the example of Clozapine, the corresponding molecular formula and canonical SMILES

notations are respectively:
CisH19CINy

and

CN1CCN(CCL)C2 = NC3 = C(C = CC(= C3)C)NC4 = CC= CC= C42

MOL Data Structure RDKit's [7] MOL data structure, is essentially an MDL Mol le; a
le format for holding information about the atoms, bonds, connectivity and coordinates

1ht'[ps://pubchem.ncbi.nIm.nih.gov/compound/135398737
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of a molecule. Stored in what is called a "mol le ", this data structure holds some header
information, the Connection Table (CT) containing atom info and the bond connections
and types of a chemical compound, followed by sections for more complex information.
We use MOL data structures as input for the mol2vec model in order to produce the
chemical embeddings of drug chemical compounds.

2.2.3 Graph Metrics

The following paragraphs brie y present the most important graph metrics that we use
in both our Link Prediction experiments and comparisons between chemical and network
embeddings in regard of their usefulness in DDIs prediction.

Node Degree & Degree Centrality The degree of a node in the graph denotes the nume
ber of edges that are connected to it. Also, the Degree Centrality of a node is equal to its
degree; this is the simplest one of the centrality measures that we use. We only focus on
the variations of these metrics for unweighted and undirected graphs since our graph of
drug interactions ts this category.

Clustering Coe cient The local clustering coe cient ([26], [27]) for a node v; of an
undirected graph G = (V;E) is
n 0
2 €k - Vj;Vk 2 Ni;ejk 2E
Ci = 2.2
' ki(ki 1) *2)

where we consider N; to be the neighbourhood of vj, de ned as the set of its immedie

ately connected neighbours (nodes):

n (o]
N; = vj:eijZE_eji 2E (2.3)
and k; is the size of N;. The clustering coe cient essentially quanti es how close are
a node's neighbours to being a clique (complete graph). The average clustering coe cient
of a graph, is given by: X
_1

C cy (2.4)

n

where n is the number of nodesin G.

Eigenvector Centrality Eigenvector centrality ([28]) computes the centrality for a node
based on the centrality of its neighbors. The eigenvector centrality for node iis:

Ax = X (2.5)

where A is the adjacency matrix of the graph G with eigenvalue . The Perron Frobenius
theorem ([29]) establishes that there is a unique and positive solution for this equation if
is the largest eigenvalue associated with the eigenvector of the adjacency matrix A.
In other words, Eigenvector Centrality quanti es the transitive in uence of nodes on
the graph. Edges originating from highescoring nodes contribute more to the eigenvector
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centrality of a node than edges from lowsscoring nodes. A high eigenvector centrality value
means that a node is connected to many nodes who themselves have a high eigenvector

centrality.
Closeness Centrality The closeness centrality [30] of a node v is given by the reciprocal
of the sum of the shortest path distances from v to all the other n 1 nodes of the graph.

Since the sum of these distances depends on the number of nodes in the graph, closeness

is normalized by the sum of minimum the n 1 possible distances.
_ n 1
C(V) = Pr——— (2:6)
u=1 d (u! V)

Closeness centrality is a way of identifying nodes that have the capacity to convey
information very e ciently through a network.The closeness centrality of a node denotes
its average farness (inverse distance) to all other nodes. Nodes with a high closeness score
have the shortest distances to all other nodes of the graph.

Node Betweenness Centrality In graph theory, betweenness centrality is a measure of
centrality in a graph based on shortest paths. For every pair of vertices in a connected
graph, there exists at least one shortest path between the vertices such that either the
number of edges that the path passes through (for unweighted graphs) or the sum of the
weights of the edges (for weighted graphs) is minimized. The betweenness centrality for
each vertex is the number of these shortest paths that pass through the vertex.

De ned in the NetworkX documentation 2: betweenness centrality of a node v is the
sum of the fraction of allepairs shortest paths that pass through vV
X (sit ]
s;tjv)
ca(v) = T (2.7)
s;t2v S

where V is the set of nodes,  (s;t) is the number of shortest ~ (s;t)epaths, and  (s;t jv) is
the number of those paths passing through some node votherthan s;t. Ifs=t; (s;t)=1,
andif v2s;t; (s;tjv)=0][31].

Edge Betweenness Centrality In chapter 4 we use the edge betweenness centrality,
which, for an edge e of the graph, is calculated by the sum of the fraction of allepairs of
the shortest paths that pass through e:

X (stie)

= — - 2.8
- (e) s;it2v (S; t) e

where V is the set of nodes, sigma(s, t)? is the number of shortest ~ (s;t)spaths, and  (s;t j e)
is the number of those paths passing through edge e [30].

2 https://networkx.org/documentation/networkx- 1.10/reference/generated/networkx.algorithms.centrality.
betweenness _centrality.html
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KeCores Given a graph G and an integer K, the Kecores of the graph are connected
components that are left after all nodes that have degree less than k have been removed.
Also, the keshell is the set of vertices of a graph that are part of the kecore set but not

part of the (k+1)score set. For each keshell set, we assign k as the kecore value to each
node of that set. In our experiments we will refer to the Core Dierence of our drug
interactions graph's edges as the absolute dierence of the kecore values of the nodes

that are denoted by that edge of the graph (where the edge also expresses an interaction
between the underlying drugs).

Diploma Thesis



Chapter

Methodology

This chapter describes all of our link prediction experiments, along with the steps
we follow in order to prepare our data for these experiments. Although the primary
goal of this thesis is to explore topological features that render network embeddings of
drugs more useful than chemical embeddings, and vice versa, for the problem of DDIs
prediction, it is crucial that we prepare a complete set of experiments that will form the
basis for our comparisons between the embedding methods. At the same time, these
experiments constitute a case study for the application of mol2vec and node2vec on the
DrugBank dataset for predicting drug interactions.

3.1 Experiment Design

For each drug, we create two embedding vectors: a network and a chemical based
representation. Next, we use three neural network classi ers to predict DDIs: a classi er
based on graph (network) embeddings, another classi er for chemical embeddings, and a
hybrid classi er that is based on both network and chemical embeddings. We evaluate the
performance of each classi er in chapter 4, and proceed to compare their DDI prediction
behavior against various network topological features on the network of drug interactions.

The embedding mechanisms we use on drugs are inspired by Natural Language Proe
cessing techniques and are both variations of word2vec [2]. The result in both cases is a
vector that encapsulates information derived from either network or chemical properties.
In order to create DDI prediction models, we train the neural network classi ers to accept
as an input the vector embedding from pairs of drugs, and predict whether an interaction
exists between them.

3.1.1 Chemical Embeddings

We discussed in 2.2.1 that mol2vec creates vector embeddings from drugs, by traverse
ing the molecular structure of a drug's underlying chemical compound, in a similar fashe
ion to word2vec's traversal of a sentence of words. Our set of unique chemical compounds

which is presented in 3.2.1 consists only of a few thousand chemicals; a number
which is su cient when we explore drugs and their interactions, but is not enough to
train an e cient mol2vec model. Therefore, in our experiments we use a prestrained
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model of mol2vec to produce the chemical embeddings of the drugs in our dataset

3.1.2 Network Embeddings

After harvesting DrugBank's drug interaction graph and then extracting a sample sube
graph (see 3.2.2), we train a node2vec model on the sampled graph and use it to produce
the structural embeddings of all the drugs in the dataset. The embedding mechanism of
node2vec is presented in 2.2.1.

3.1.3 Training Samples

Since the experiments focus on predicting drug interactions, we consider two cates
gories of samples: positive and negative. Positive samples refer to observed interactions
between drugs, and negative samples refer to interactions that have not been observed so
far, i.e. a closed world assumption. The input to a classi er is a pair of drugs, represented
as a vector, for all of our models. The output is the presence or absence of an interaction,
denoted by classes 1 and 0 respectively. Figure 3.1 displays how drugs vi and v; can form
a training sample for our neural network classi ers, through the concatenation of their
embedding vectors; the desired result from the classi er should be 0, if this is a negative
interaction (meaning that these drugs do not interact), or 1, in the opposite scenario.

Note that each DDI leads to two di erent vector concatenations depending on the order
that the concatenation is done; in the following experiments we included both options to
generate positive samples. Acquisition of positive samples was straightforward. However,
to create negative interactions it was assumed that unobserved interactions do not exist,
and thus the graph was sampled for pairs of nodes that do not form edges. We chose to
created balanced sets for training and evaluating the classi ers by sampling a number of
negative samples equal the number of the positive samples.

3.1.4 Experiments & Evaluation

In total, we evaluated three classi ers based on the same neural network architecture
of a feed forward model with two hidden layers.

~ A mol2vec classi er based on mol2vec embeddings.
" A node2vec classi er based on node2vec embeddings.
" A hybrid classi er based on both mol2vec and node2vec embeddings.

The aim is to compare chemical and structural information when used for DDI predice
tion. For this purpose, along with commonly used metrics in classi cation, we also use in
chapter 4 network topological features such as node degree, kecore values and betweene
ness centrality, in order to identify which topology characteristics make each approach
more e cient in the problem of link prediction.

lhttps://github.(:om/samoturk/moI2vec/’[ree/mas'[er/examples/models.
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Figure 3.1. DDls, in the form of concatenated vectors of drug embeddings, are used as
training samples for our classi ers.

3.2 Data Harvesting

3.2.1 Drug Interactions Graph

We extract our dataset from DrugBank [1] (version 5.1.9), a drug interactions reposse
itory that is human curated. The dataset includes 14,624 drug entries and 1,389,184
unique DDIs. We keep only the drugs that have at least one known interaction, and we
also exclude (a relatively small number of a few hundred) drugs that have chemical come
pounds that are incompatible with the tools that we use for our data mining processes
(i.,e. PubChem) and are described in this section. After the data cleaning, we obtain a

set that comprises of 3,753 nodes and 1,207,953 edges, and it will be referred as the full
graph . Table 3.1 contains the DrugBank entries that have the most interactions in the
dataset; interactions are denoted in the form of tuples: (id1;id>).

Drug Name # Interactions DrugBank Categories DrugBank ID
Quinidine 2402 approved, investigational DB00908
Clozapine 2379 approved DB00363
Chlorpromazine 2369 approved, investigational vet approved DB00477
Amitriptyline 2298 approved DB00321
Imipramine 2287 approved DB00458
Doxepin 2236 approved, investigational DB01142
Clomipramine 2217 approved, investigational, vet approved DB01242
Haloperidol 2214 approved DB00502
Methylene blue 2203 approved, investigational DB09241
Nefazodone 2196 approved, withdrawn DB01149

Table 3.1. DrugBank drugs with the most interactions. DrugBank ID refers to the datae
set's unique identi er for each drug.
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Graph Nodes Edges Avg. Degree Clustering Co. Conn. Components Diameter

Full 3,753 1,207,953 643.73 0.621 1
Sampled 3,753 12,080 6.44 0.005 799

Table 3.2. Basic Properties for full graph and sampled graph

Graph Degree C. Eigenvector C. Closeness C. Betweenness C.
Full 0.1715 0.012 0.5030 0.00027
Sampled 0.0017 0.011 0.1556 0.00049

Table 3.3. Average Centrality Measures for full graph and sampled graph

When we refer to structural information regarding DDIs, it is critical to make the
distinction between direct edges which denote drug interactions and information that
derives from the rest of the properties the two interacting drugs (nodes) share. There is
no point in creating node2vec embeddings over a graph that holds all the direct edges
between interacting drugs, because that information which is essentially the train and
test set of the following experiments will in ltrate in the structural embeddings. What
we do instead, is take a small sample of the full graph that contains the same number
of nodes and only 1% of its edges. We will refer to the result of this process as sampled
graph . We train the node2vec model on the  sampled graph and then use it to create the
structural embeddings for our experiments.

3.2.2 Graph Sampling

Sampling 1% of the edges of the full graph , serves two purposes. First, it showcases
the ability of node2vec to capture graph properties of the original graph, from a subset
of edges that is smaller by two orders of magnitude; this fact is presented in detail in
section 4. The second and most important purpose is the removal of direct links between
interacting drugs. The graph information that we wish to use in our experiments needs
to depend on properties between interacting drugs minimizing the e ect of the edge that
directly links the corresponding graph nodes. Closeness centrality in table 3.3 con rms
that the sampled graph has been stripped o most of the direct edges, raising the average
distance between nodes of the graph and, therefore, setting a level of di culty for our
model to identify interacting drugs through graph information that does not include the
direct edges. Figure 3.3a provides a more detailed view on closeness centrality [32] for
both graphs; for the case of more than one connected components we use the Wasserman
and Faust formula [33].

Table 3.2 depicts some basic properties for the full and the sampled graph, and table
3.3 contains the average centrality measures. Also, DrugBank labels drugs with the
categories shown in table 3.4; note that some drugs belong to more than one category.
Interestingly, drugs that belong to di erent categories also seem to di erentiate on a
graph/topological perspective (avg. node degrees and std. of node degrees).

The average node degree of the full graph re ects a high density of drugeinteractions,
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Category Frequency Degree (mean, std.)

Approved 2,179 787.54 540.90
Investigational 1,585 635.09 541.51
Experimental 853 480.82 447.84
Vet Approved 309 731.11 578.32
Withdrawn 190 871.08 492.24
lllicit 123 870.91 503.60
Nutraceutical 63 282.95 337.05

Figure 3.2.  Histogram and KDE for Node Table 3.4. Full Graph's Drug Cates

Degrees in full graph gories
(a) Histogram and KDE of Closeness Centrality in (b) Histogram and KDE of Eigenvector Centrality
full graph and sampled graph in full graph and sampled graph

Figure 3.3. Closeness Centrality & Eigenvector Centrality in full graph and sampled graph

thus an average drugs interacts with 600 other drugs. Also, gure 3.2 reveals that there
is a considerable number of drugs that have only few known interactions, as well as many
drugs with thousands of identi ed interactions.

Although reducing closeness centrality in the sampled graph is one of our goals,
we also need to keep enough edges to train node2vec embeddings to be useful for the
classi cation. Thus we considered the eigenvector centrality of the full graph and the
sampled graph . Edges originating from highescoring nodes contribute more to the score
of a node than connections from lowescoring nodes. A high eigenvector score means that
a node is connected to many nodes who themselves have high scores [34]. Figure 3.3b
shows that sampling the full graph did not result in big di erence at nodes' eigenvector
centrality. We can say that nodes in the full graph that not only have many connections
to other nodes, but are also connected with other nodes of importance in the sense of
eigenvector centrality continue to hold this characteristic in the sampled graph.

3.2.3 Data preeprocessing

node2vec embeddings Starting from DrugBank's drug IDs, we use various tools in
order to obtain the chemical and the structural embeddings (see Figure 3.4). With the
NetworkX library [35] we create a graph data structure out of DrugBank's data the

full graph  and we also use the implemented sampling methods to create the sampled
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graph . We train node2vec on the sampled graph , setting the algorithm to embed nodes to
vectors of 128 dimensions. Once the node2vec [4] model is trained, we apply it on each

drug (node) to produce the corresponding node2vec (structural) embedding.

Figure 3.4. Data Processing Pipeline: steps between DrugBank data and nal embeddings
for each drug

mol2vec embeddings To compute the mol2vec (chemical) embeddings, we must rst
use PubChem's services and acquire the isomeric SMILES notation for each drug [5].
PubChem is a large repository of chemical information that is free to access, and also
o0 ers various tools for searching and studying chemical compunds; speci cally, we utilize

the PubChemPy 2 library for Python. We use RDKit [7] to convert each SMILES entry to a
MOL data structure [36], a widelysused chemical structure le format in which adjacent
lists and adjacent matrices are mostly used to describe a chemical compound's structure.
Finally, we apply mol2vec [3] on the MOL data structures, using a preetrained model, to
embed drugs to vectors of 300 dimensions.

At this point, we are ready to proceed with our experiments. We have completed the
data harvest of DrugBank's contents, and we have also created a unique network (or
structural) embedding as well as a uniqgue chemical embedding for each drug. We used
the sampled graph to train the node2vec model that produced our network embeddings,
however these embeddings also refer to the  full graph , which is the only graph that we
should be concerned about from this point and forward; the sampled graph has ful lled

its purpose.

Zhttps://pubchempy.readthedocs.io/en/latest
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4.1 Classier Evaluation

Table 4.1a displays the classi cation report of the three models on the test set; nege
ative interactions are denoted by class 0 and positive interactions are denoted by class
1. We used a 65/5/30 split on all samples (positive and negative) of the Full Graph for
training, validation and testing we applied a random split, with the exception that all
of the edges in the sampled graph (which are also present in the  full graph ) ended up on
the training set. Also, we make sure that both variations of an interaction sample (ree
garding the order of the concatenation of the corresponding drug embeddings) are always
included in the same set. Appendix A contains detailed information about the data used
for training, evaluating and testing the classi ers, as well as their detailed classi cation
reports. Appendix B provides the complete data behind table 4.1b, presenting a detailed
evaluation of each classi er's accuracy for each drug category.

Class Classier Precision Recall F1 Score Category mol2vec  node2vec  Hybrid
Negative Sambles mol2vec 0.91 0.89 0.90 Experimental 87 94 96
( Clgss 0 P node2vec 0.90 0.94 0.92 Approved 85 93 94
Hybrid 0.96 0.94 0.95 Investigational 87 94 95
Vet Approved 88 94 97
Positive Samples mol2vec 0.88 0.91 0.89 Withdrawn 87 96 97
node2vec 0.96 0.93 0.94 Illicit 87 95 96
(Class 1) ! ici
Hybrid 0.93 0.95 0.94 Nutraceutical 91 90 97

(a) Classi cation Report (b) Accuracy percentage comparison for each

drug category

Figure 4.1. Classi cation Report & Accuracy Comparison per Drug Category

Table 4.2a compares the average value of useful graph properties of the test samples,
and table 4.2b provides a comparison between the KullbacksLeibler divergence of the
distributions of test sample properties for the correct and false predictions of mol2vec
and node2vec classiers.  Average mean degree refers to the average of all means of the
node degrees of the test samples; similarly average min degree denotes the average of
all minimum degrees between all test interactions, and average max degree denotes the
average maximum degree. Also, betweenness centrality in this section is calculated only
for positive samples, and refers to the corresponding edge betweenness centrality (and
not the node betweenness centrality that is reported in section 3.2).
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Metric mol2vec  node2vec Hybrid
Average Min Degree 518.06 470.07 517.01
False Average Max Degree 1137.02 1143.09 1163.44
Prediction Average Mean Degree 827.54 806.58 840.22
Average Core Di erence 237.17 266.10 242.34
Average Betweenness Centrality 4.57e*06 6.99e<06 6.76e+06
Average Min Degree 519.66 593.45 512.09
Correct Average Max Degree 1083.25 1143.96 1078.67
Prediction Average Mean Degree 801.45 868.713 795.38
Average Core Di erence 228.50 196.01 231.80

Average Betweenness Centrality 1.39e°06 1.29e<06 1.44e+06

(a) Comparison of average graph properties of interactions grouped by each model's prediction

Classi er Correct False

Average Degree 0.018 0.047
Min Degree 0.019 0.199
Max Degree 0.010 0.110
Core Di erence 0.013 0.103
Betweenness C. 0.109 0.071

(b) KL Divergence between mol2vec and
node2vec sample distributions (values over
0:1 in bold)

Figure 4.2. Result Metrics by Classi er Choice (Correct or False)

Note that all of the gures in this section do not plot a function directly on a variable
of the corresponding samples characteristic, but show the classi cation value (accuracy
or recall) over the set that includes all samples that have a characteristic value that is
equal or less than the variable of xeaxis for each point of the plot. This means that the
value of 0 of the xeaxis refers to an empty set of samples, where the greatest shown value
of the xeaxis refers to all the samples of the test set.

The higher performance of the hybrid classi er compared to the other models in the
classi cation report suggests that there is knowledge on DDIs that is unique for both the
chemical and the structural embedding methods. Combining the embeddings to train
the hybrid model trading this abundance of information with higher vector dimensions
that are known to hinder the learning capabilities of neural networks leads to a better
predictor. The only exception here is the higher precision on positive interactions for the
node2vec classi er; hinting that the node2vec classi er shows a greater ability to identify
negative interactions properly and maintain a lower number of false positives choices
through the evaluation phase. Figure 4.3a con rms our assumption that drugs with few
known interactions (possibly newly discovered compounds) make better candidates for
chemical based predictors when recall is more important than accuracy; identifying more
true interactions by trading some false positives may be a good trade o for a chemical
researcher. The gure even sets a threshold value at a Min Degree of 350 where node2vec
begins to perform better than mol2vec in terms of recall.
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(a) Recall over Min Degree (b) Recall over Core Di erence

Figure 4.3. Recall plots for mol2vec, node2vec and hybrid Classi ers for min degree and
core di erence of sample interactions

(a) Recall over Avg. Degree (b) Recall over Max Degree

Figure 4.4. Recall plots for mol2vec, node2vec and hybrid Classi ers for avg. and max
degree of sample interactions

Figures 4.3b ans 4.5b show that for low core di erence values of sample interactions
the node2vec classi er performs as well as the hybrid classier in terms of recall and
accuracy. The fact that node2vec classi er reaches hybrid model's e ciency means that
chemical embeddings, when it comes for test interactions with low core di erence, show
no unique knowledge to add to structure embeddings' learning capabilities. Also, all
models seem to perform better for lower values of core di erence.

The sections that follow will focus on each classi er separately as we attempt to explore
the topological characteristics of the samples that lead to correct and false estimations of
our classi ers.
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(a) Accuracy over Min Degree (b) Accuracy over Core Di erence

Figure 4.5.  Accuracy plots for mol2vec, node2vec and hybrid Classi ers for min degree
and core di erence of sample interactions

(a) Accuracy over Avg. Degree (b) Accuracy over Max Degree

Figure 4.6.  Accuracy plots for mol2vec, node2vec and hybrid Classi ers for avg. and max
degree of sample interactions
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