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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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Περίληψη

Σε αυτή την εργασία µελετάµε τις αλληλεπιδράσεις µεταξύ ϕαρµακευτικών ουσιών. Πιο

συγκεκριµένα, εξερευνούµε τη πληροφορία που µπορεί να αντλήσει κάποιος µέσα από τον

γράφο γνώσης που προκύπτει αν ϑεωρήσουµε κάθε ϕάρµακο ως κόµβο και κάθε αλληλεπί-

δραση δύο ϕαρµάκων ως ακµή µεταξύ των αντίστοιχων κόµβων — τη γνώση αυτή ονοµάζουµε

δικτυακή ή γραφική πληροφορία. Παράλληλα αξιοποιούµε τον χηµικό τύπο από τη δραστική

ουσία ενός ϕαρµάκου για να αποτυπώσουµε τις χηµικές ιδιότητές του και να εξάγουµε αυτό

που ονοµάζουµε στη συνέχεια ως χηµική πληροφορία. Στόχος µας είναι να συγκρίνουµε τη

δικτυακή πληροφορία µε την χηµική πληροφορία πάνω στο πρόβληµα της εκτίµησης αλλη-

λεπιδράσεων µεταξύ ϕαρµάκων. Για να το κάνουµε αυτό, επιστρατεύουµε δύο µεθόδους που

εµπνεύστηκαν από τον χώρο της µηχανικής µάθησης, και συγκεκριµένα από τον τοµέα επεξ-

εργασίας ϕυσικής γλώσσας : το mol2vec και το node2vec. Οι µέθοδοι αυτοί µας ϐοηθούν να

παράξουµε διανυσµατικές αναπαραστάσεις — τόσο ϐάσει της χηµικής πληροφορίας, όσο και

της δικτυακής πληροφορίας — από τα ϕάρµακα που έχουµε στη διάθεσή µας. Αξιοποιούµε

αυτές τις αναπαραστάσεις για να αναπτύξουµε και να εκπαιδεύσουµε ταξινοµητές ϐασισµέ-

νους σε νευρωνικά δίκτυα οι οποίοι µε δεδοµένο ένα Ϲεύγος ϕαρµάκων ως είσοδο, δίνουν

ως έξοδο µια εκτίµηση για το αν τα ϕάρµακα αυτά αλληλεπιδρούν. Μέσω της σύγκρισης

των αποτελεσµάτων των ταξινοµητών µας σε ένα κατάλληλο σύνολο ελέγχου κατορθώνουµε

να παράξουµε χρήσιµα συµπεράσµατα για τα γραφοθεωρητικά χαρακτηριστικά που προσ-

διορίζουν για ένα ϕάρµακο του γράφου γνώσης (γράφος γνωστών αλληλεπιδράσεων) αν είναι

προτιµότερο να µελετηθεί ϐάσει της χηµικής ή της δικτυακής πληροφορίας που υπάρχει

διαθέσιµη για αυτό. Για τα πειράµατά µας χρησιµοποιούµε τη ϐάση δεδοµένων DrugBank

και στη πορεία της εξόρυξης και προετοιµασίας των δεδοµένων µας επιστρατεύουµε διάφορα

εργαλεία της υπολογιστικής χηµείας, όπως τα RDKit και PubChem καθώς και τη ϐιβλιοθήκη

NetworkX για να επεξεργαστούµε υπολογιστικά γράφους δεδοµένων.
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SÔnoyh thc ErgasÐac

0.1 Eisagwg 

Stìqoc thc paroÔsac ergasÐac eÐnai h melèth twn allhlepidrˆsewn metaxÔ �armˆkwn

kai, pio sugkekrimèna, h sÔgkrish thc qhmik c plhroforÐac pou mporoÔme na exˆgoume

apì th moriak  dom  thc drastik c ousÐac twn �armˆkwn me th domik  (  diktuak ,  

grafik ) plhroforÐa thn opoÐa exˆgoume apì ton grˆfo pou prokÔptei an �ewr soume ta

diˆfora �ˆrmaka wc kìmbouc o opoÐoi sundèontai metaxÔ touc me mia akm  gia kˆje gnwst 

allhlepÐdrash pou èqei anakalufjeÐ. Gia na kˆnoume aut  th sÔgkrish, epistrateÔoume

th �ˆsh dedomènwn DrugBank [1] gia na exorÔxoume �ˆrmaka kai allhlepidrˆseic ¸ste na

kataskeuˆsoume ton grˆfo gn¸shc mac. AkoloÔjwc, qrhsimopoioÔme dÔo mejìdouc pou

�asÐzontai ston algìrijmo word2vec [2] apì ton q¸ro thc EpexergasÐac Fusik c Gl¸ssac :

to mol2vec [3] kai to node2vec [4]. Oi mèjodoi autoÐ �a mac �ohj soun na kwdikopoi -

soume kˆje �ˆrmako apì ton grˆfo gn¸shc mac se mia dianusmatik  anaparˆstash apì

pragmatikoÔc arijmoÔc �ˆsei thc qhmik c kai thc diktuak c plhroforÐac antÐstoiqa.

DhmiourgoÔme treic taxinomhtèc �asismènouc se èna neurwnikì dÐktuo dÔo epipèdwn oi

opoÐoi paÐrnoun wc eÐsodo tic dianusmatikèc anaparastˆseic apì : th qhmik  plhroforÐa,

th diktuak  plhroforÐa kai ton sunduasmì qhmik c kai diktuak c plhroforÐac antÐs-

toiqa. AfoÔ ekpaideÔsoume ta sust mata autˆ, exetˆzoume thn apìdos  touc se èna sÔnolo

deigmˆtwn elègqou pou apomon¸noume apì ton grˆfo gn¸shc mac. Pio sugkekrimèna, ex-

etˆzoume tic epilogèc tou kˆje taxinomht  kai meletˆme diˆfora grafojewrhtikˆ qarak-

thristikˆ pou touc antistoiqoÔn ¸ste na exˆgoume sumperˆsmata sqetikˆ me to pou up-

ertereÐ   ustereÐ kˆje montèlo. Me autì ton trìpo katorj¸noume na perigrˆyoume kai

na sugkrÐnoume th sumperiforˆ enìc sust matoc ektÐmhshc allhlepidrˆsewn �armˆkwn

pou �asÐzetai sth qhmik  gn¸sh me èna antÐstoiqo sÔsthma pou qrhsimopoieÐ th diktuak 

plhroforÐa. Onomˆzoume ton sunduasmì thc qhmik c kai thc diktuak c plhroforÐac wc

ubridik  plhroforÐa , kai to antÐstoiqo montèlo wc ubridikì taxinomht  .
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SÔnoyh thc ErgasÐac

Figure 1. DeÐgmata ekpaÐdeushc pou prokÔptoun apì tic allhlepidrˆseic �armˆkwn, me th
morf  sÔzeuxhc dianusmatik¸n anaparastˆsewn, qrhsimopoioÔntai gia thn ekpaÐdeush tou
neurwnikoÔ diktÔou.

0.2 MejodologÐa

Apì to apojet rio thc DrugBank exˆgoume sunolikˆ 14,624 �ˆrmaka kai 1,389,184

monadikèc allhpidrˆseic metaxÔ aut¸n twn �armˆkwn. Apì ta deomèna autˆ kratˆme ekeÐna

mìno ta �ˆrmaka pou parousiˆsoun toulˆqiston mÐa allhlepÐdrash me kˆpoio ˆllo �ˆr-

mako, krat¸nac ètsi 3,753 �ˆrmaka kai 1,207,953 allhlepidrˆseic • oi allhlepidrˆseic

mei¸jhkan diìti qreiˆsthke na afairèsoume apì th gn¸sh èna mikrì sÔnolo �armˆkwn to

opoÐo den eÐnai sumbatì me ta ergaleÐa pou perigrˆfoume sth sunèqeia. Ton telikì grˆfo

pou prokÔptei onomˆzoume efex c pl rh grˆfo .

Gia na exˆgoume tic qhmikèc anaparastˆseic apì kˆje �ˆrmako, prèpei pr¸ta na

�roÔme ton qhmikì tÔpo tou kai sth sunèqeia na anakalÔyoume th plhroforÐa sqetikˆ

me th moriak  dom  thc drastik c tou ousÐac. Gia ton skopì autì qrhsimopoioÔme thn

uphresÐa PubChem [5], èna apì ta ergaleÐa thc opoÐac dèqetai wc eÐsodo to monadikì

anagnwristikì kˆje �armˆkou apì to apojet rio thc DrugBank kai epistrèfei ton qhmikì

tÔpo tou me th morf  SMILES [6]. Sth sunèqeia axiopoioÔme th �iblioj kh RDKit [7] thc

Python ¸ste na metatrèyoume aut  th morf  qhmikoÔ tÔpou se mia dom  pou onomˆzetai

MOL kai ousiastikˆ perièqei kwdikopoihmènh se pÐnakec geitnÐashc th dom  tou qhmikoÔ

morÐou. Sto shmeÐo autì, eÐmaste ètoimoi na efarmìsoume èna proekpaideumèno montèlo

mol2vec 1 gia na parˆxoume èna diˆnusma 300 diastˆsewn wc th qhmik  anaparˆstash gia

kˆje �ˆrmako ston pl rh grˆfo .

Wc proc tic diktuakèc (  grafikèc) anaparastˆseic, den qreiazìmaste proepexergasÐa

twn dedomènwn mac. QrhsimopoioÔme apeujeÐac ton algìrijmo tou node2vec , o opoÐoc

ekpaideÔetai pr¸ta se ènan grˆfo gn¸shc kai sth sunèqeia qrhsimopoieÐtai gia na anti-

stoiqÐsei kˆje kìmbo tou se èna diˆnusma 128 diastˆsewn • th diktuak  anaparˆstash.

1 https://github.com/samoturk/mol2vec/tree/master/examples/models
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0.2 MejodologÐa

Ed¸, wstìso, upˆrqei èna shmantikì prìblhma: den mporoÔme na ekpaideÔsoume èna mon-

tèlo node2vec ston pl rh grˆfo . Pio sugkekrimèna, o algìrijmoc tou node2vec exetˆzei

th geitoniˆ kˆje kìmbou ston grˆfo, diatrèqontac tuqaÐa monopˆtia, ¸ste na kataskeuˆ-

sei dianÔsmata ta opoÐa �rÐskontai se mikrìterh apìstash metaxÔ touc (p.q. eukleÐdia

apìstash) ìtan antistoiqoÔn se kìmbouc tou grˆfou me ìmoia geitoniˆ. Autì shmaÐnei ìti

ekpaideÔontac to montèlo ston pl rh grˆfo �a pˆroume dianÔsmata ta opoÐa �a èqoun

enswmatwmènh mèsa touc, se ènan shmantikì �ajmì, th plhroforÐa apì ìlec tic allh-

lepidrˆseic tou grˆfou. Kˆti tètoio �a  tan apagoreutikì gia ta peirˆmata pou akolou-

�oÔn, kaj¸c den �a eÐqame th dunatìthta na qwrÐsoume ton pl rh grˆfo se sÔnola ek-

paÐdeushc, epal jeushc kai elègqou. Gia na lÔsoume autì to prìblhma efarmìzoume

deigmatolhyÐa, krat¸ntac ìlouc touc kìmbouc kai epilègontac tuqaÐa na diathr soume

mìno to 1% twn akm¸n tou pl rh grˆfou . To apotèlesma �a onomˆzoume grˆfo deigmatol-

hyÐac, kai prìkeitai gia ènan grˆfo me 12,080 akmèc. 'Opwc gÐnetai antilhptì sth sunèqeia,

o grˆfoc pou proèkuye, parˆ thn èntash thc deigmatolhyÐac, katorj¸nei na ekpaideÔsei

ton taxinomht  pou �asÐzetai sth diktuak  plhroforÐa me exairetik  epituqÐa. Mˆlista,

mèsw thc deigmatolhyÐac pou kˆnoume katorj¸noume na exasfalÐsoume thn ex c shman-

tik  idiìthta gia tic diktuakèc anaparastˆseic mac : ta dianÔsmata prokÔptoun ìqi apì

tic ˆmesec allhlepidrˆseic metaxÔ twn �armˆkwn, allˆ apì ta upìloipa grafojewrhtikˆ

qarakthristikˆ pou perigrˆfoun mia geitoniˆ tou grˆfou • akrib¸c autoÔ tou eÐdouc ta

qarakthristikˆ �a prospaj soume sth poreÐa na melet soume kai na sugkrÐnoume gia na

anakalÔyoume perioqèc tou pl rh grˆfou oi opoÐec �a katastoÔn th qhmik  plhroforÐa

an¸terh thc diktuak c plhroforÐac (  to antÐjeto) gia thn prìbleyh allhlepidrˆsewn

metaxÔ �armˆkwn.

Sto shmeÐo autì mporoÔme na estiˆsoume sta deÐgmata ekpaÐdeushc kai ton trìpo

pou qrhsimopoioÔntai apì touc taxinomhtèc mac. Eidikìtera, �èloume na anaptÔxoume

sust mata ta opoÐa �a dèqontai wc eÐsodo èna 
eÔgoc �armˆkwn, kai wc èxodo na èqoun dÔo

dunatèc timèc oi opoÐec antiproswpeÔoun thn Ôparxh   mh miac allhlepÐdrashc metaxÔ

twn �armˆkwn eisìdou. Epomènwc, epilègoume na dÐnoume wc eÐsodo sta neurwnikˆ mac

montèla th dianusmatik  sÔzeuxh apì tic anaparastˆseic twn �armˆkwn, ìpwc �aÐnetai

sto diˆgramma 1. To neurwnikì dÐktuo tou sq matoc apotup¸nei th dom  tou montèlou

pou qrhsimopoioÔme gia touc treic taxinomhtèc me �ˆsh th qhmik , th diktuak , kai thn

ubridik  plhroforÐa. ProtoÔ proqwr soume, ìmwc, me thn ekpaÐdeush twn montèlwn mac

prèpei na lÔsoume èna akìmh prìblhma pou prokÔptei apì to sÔnolo twn dedomènwn

pou èqoume sth diˆjes  mac : den gnwrÐzoume kanèna arnhtikì deÐgma. Analutikìtera,

�ewroÔme wc �etikì deÐgma ekpaÐdeushc èna suzeugmèno diˆnusma pou proèkuye apì mia

pragmatik  akm  tou pl rh grˆfou , den èqoume ìmwc antÐstoiqec "mh pragmatikèc" akmèc

ston grˆfo gia na mac d¸soun ta arnhtikˆ deÐgmata. Qreiˆzetai, sunep¸c, na kˆnoume

ˆllh mia deigmatolhyÐa ¸ste na parˆxoume nèec "arnhtikèc" akmèc ston grˆfo mac gia na

parˆxoume arnhtikˆ deÐgmata ekpaÐdeushc apì thn sunènwsh twn antÐstoiqwn dianusmˆtwn

• �rontÐzoume oi tuqaÐec akmèc pou parˆgoume na mhn upˆrqoun  dh ston grˆfo wc

pragmatikèc allhlepidrˆseic.

'Eqontac etoimˆsei ta �etikˆ kai ta arnhtikˆ deÐgmata gia ton pl rh grˆfo , eÐmaste

ètoimoi na ekpaideÔsoume kai, èpeita, na exetˆsoume thn epÐdosh twn taxinomht¸n mac.
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SÔnoyh thc ErgasÐac

QwrÐzoume ta dedomèna mac se sÔnola ekpaÐdeushc, epal jeushc kai elègqou me posostˆ

65%/5%/30%.

0.3 Peiramatikˆ Apotelèsmata

Class Classi�er Precision Recall F1 Score

Negative Samples
(Class 0)

mol2vec 0.91 0.89 0.90
node2vec 0.90 0.94 0.92
Hybrid 0.96 0.94 0.95

Positive Samples
(Class 1)

mol2vec 0.88 0.91 0.89
node2vec 0.96 0.93 0.94
Hybrid 0.93 0.95 0.94

(a) Classi�cation Report gia touc treic taxinomhtèc

Category mol2vec node2vec Hybrid

Experimental 87 94 96
Approved 85 93 94
Investigational 87 94 95
Vet Approved 88 94 97
Withdrawn 87 96 97
Illicit 87 95 96
Nutraceutical 91 90 97

(b) SÔgkrish thc posostiaÐac akrÐbeiac twn
problèyewn kˆje montèlou gia kˆje kath-
gorÐa �armˆkwn

Figure 2. Axiolìghsh thc EpÐdoshc twn Taxinomht¸n

Sthn enìthta aut  parajètoume ta shmantikìtera apotelèsmata apì ta peirˆmata mac.

O pÐnakac 2a perièqei to classi�cation report pou prokÔptei apì thn axiolìghsh twn mon-

tèlwn mac sto sÔnolo elègqou • oi arnhtikèc allhlepidrˆseic apotup¸nontai me th klˆsh

0 kai oi �etikèc allhlepidrˆseic apì thn klˆsh 1. Sto parˆrthma A parajètoume ta lep-

tomer  stoiqeÐa sqetikˆ me ta dedomèna ekpaÐdeushc, epal jeushc kai elègqou gia touc

treic taxinomhtèc, en¸ sto parˆrthma B parajètoume ta pl rh dedomèna sqetikˆ me ton

pÐnaka 2b, parousiˆzontac mia analutikìterh axiolìghsh wc proc thn akrÐbeia kˆje mon-

tèlou gia kˆje monadik  kathgorÐa �armˆkwn. H kathgoriopoÐhsh twn �armˆkwn dÐnetai

apì th DrugBank kai exuphreteÐ ¸ste na kˆnoume eidikìterec sugkrÐseic sto sÔnolo twn

�armˆkwn, ìpwc gia parˆdeigma na melet soume thn axiopistÐa thc qhmik c kai thc diktu-

ak c plhroforÐac wc proc thn anaz thsh allhlepidrˆsewn ìtan emplèkontai peiramatikˆ,

  kthniatrikˆ �ˆrmaka.

MporoÔme na diakrÐnoume ìti o ubridikìc taxinomht c èqei shmantikˆ kalÔterec epidì-

seic se ìlec sqedìn tic sugkrÐseic me ta ˆlla dÔo sust mata. To gegonìc autì upodeiknÔei

ìti upˆrqei mh epikaluptìmenh gn¸sh apì tic dÔo prossegÐseic (qhmik  kai diktuak 

plhroforÐa) h opoÐa eÐnai wfèlimo na sunduasteÐ • parˆ to gegonìc ìti megal¸nei shman-

tikˆ to m koc thc ubridik c dianusmatik c anaparˆstashc kai, katˆ sunepeia, duskoleÔei

h ekpaÐdeush twn neurwnik¸n mac diktÔwn me tic eisìdouc megalÔterwn diastˆsewn. Mình

exaÐresh sthn uperoq  tou ubridikoÔ taxinomht  apoteleÐ to megalÔtero precision tou

node2vec montèlou wc poc ta �etikˆ deÐgmata, kˆti pou mac odhgeÐ sto sumpèrasma ìti h

diktuak  plhroforÐa eÐnai isqurìterh sthn anagn¸rish twn arnhtik¸n deigmˆtwn kai thn

apofug  twn false positive problèyewn.

O pÐnakac 3a parousiˆzei th sÔgkrish thc mèshc tim c apì diˆfora qarakthristikˆ

twn deigmˆtwn elègqou, kai o pÐnakac 3b perÐeqei thn apìklish Kullback•Leibler anˆmesa

stic katanomèc pou orÐzontai apì tic swstèc kai tic lanjasmènec ektim seic twn taxinomht¸n

mac. O ìroc average mean degree anafèretai sth mèsh tim  apì to sÔnolo pou prokÔptei
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0.3 Peiramatikˆ Apotelèsmata

Metric mol2vec node2vec Hybrid

False
Prediction

Average Min Degree 518.06 470.07 517.01
Average Max Degree 1137.02 1143.09 1163.44
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

Correct
Prediction

Average Min Degree 519.66 593.45 512.09
Average Max Degree 1083.25 1143.96 1078.67
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) SÔgkrish grafojewrhtik¸n qarakthristik¸n wc proc sunola deigmˆtwn elègqou pou orÐzontai apì
thn epilog  (swst    lanjasmènh) kˆje 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) Apìklish KL anˆmesa stic katanomèc
deigmˆtwn twn taxinomht¸n mol2vec kai
node2vec (timèc megalÔterec apì 0:1 emfanÐ-

ontai me èntonh graf )

Figure 3. Qarakthristikˆ apotelèsmata anˆ kathgorÐa prìbleyhc (Swst    Lanjasmènh)

an upologÐsoume to mèso ìro apì touc �ajmoÔc twn kìbwn pou apartÐzoun kˆje 
eÔgoc

pijan¸n allhlepidrˆsewn (deigmˆtwn) sto sÔnolo elègqou. 'Omoia, o ìroc average min

degree perigrˆfei th mèsh tim  apì ton elˆqisto �ajmì kˆje 
eÔgouc sta deÐgmata elègqou

kai o ìroc average max degree anafèretai sth mèsh tim  apì touc mègistouc �ajmoÔc.

Akìmh, h tim  tou betweenness centrality upologÐzetai mìno gia tic �etikèc allhlepidrˆseic

(deÐgmata pou apotup¸noun pragmatik  allhlepÐdrash metaxÔ �armˆkwn), en¸ o ìroc core

di�erence anafèretai sthn apìluth diaforˆ twn k•cores anˆmesa stouc dÔo kìmbouc pou

apartÐzoun èna deÐgma allhlepÐdrashc.

Akìmh, ta diagrˆmmata 4a kai 4b apotup¸noun th diamìrfwsh thc mèshc tim c tou

recall wc proc ton elˆqisto �ajmì (min degree) kai to core di�erence twn deigmˆtwn. Pio

sugkekrimèna, se autˆ ta diagrˆmmata, o ˆxonac x kajorÐzei poia deÐgmata elègqou sum-

metèqoun sth diamìrfwsh thc tim c tou recall : epilègoume ìla ta deÐgmata pou èqoun to

upì èlegqo qarakthristikì (elˆqisto �ajmì   core di�erence ) na eÐnai mikrìtero   Ðso thc

tim c pou èqei o ˆxonac x gia kˆje shmeÐo thc grafik c parˆstashc • epomènwc gia x = 0

den summetèqei kanèna deÐgma, en¸ gia th mègisth tim  tou x (dexiìtero shmeÐo thc grafik c

parˆstashc) summetèqoun ìla ta deÐgmata.

To diˆgramma 4a mac �ohjˆ na exˆgoume èna polÔ qr simo sumpèrasma: ta deÐg-

mata sta opoÐa to �ˆrmako me tic ligìterec allhlepidrˆseic (kìmboc tou grˆfou me ton

mikrìtero �ajmì sta ˆkra miac akm c) èqei arijmì allhlepidrˆsewn mikrìtero apì èna
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SÔnoyh thc ErgasÐac

(a) Recall over Min Degree (b) Recall over Core Di�erence

Figure 4. Diagrˆmmata me th metrik  recall gia montèla pou �asÐzontai stic anaparastˆseic
thc qhmik c, thc diktuak c kai thc ubridik c plhroforÐac.

kat¸fli • sto diˆgramma diakrÐnoume to kat¸fli autì na �rÐsketai kontˆ ston arijmì 350

• sunistˆ kalÔtero upoy fio gia tic mejìdouc pou �asÐzontai sth qhmik  plhroforÐa se

sÔgkrish me tic mejìdouc pou ekmetalleÔontai th diktuak  plhroforÐa. Prìkeitai gia

mia logik  upìjesh, kaj¸c �ˆrmaka ta opoÐa èqoun mikr  parousÐa se ènan grˆfo eÐnai

logikì na mhn mporoÔn na axiopoihjoÔn apì diktuakèc proseggÐseic. Wstìso, to gegonìc

ìti mporoÔme na epibebai¸soume thn upìjesh peiramatikˆ kai, akìma perissìtero, na orÐ-

soume kai èna kat¸fli gia ton arijmì twn allhlepidrˆsewn eÐnai idiaÐtera shmantikì gia

thn ergasÐa mac.

Melet¸ntac ta diagrˆmmata 4a kai 4b mporoÔme na ektim soume ìti ta montèla mac

kˆnoun pio axiìpistec problèyeic gia deÐgmata pou parousiˆzoun qamhlì core di�er•

ence. Epiprìsjeta, gia qamhlìterec timèc sto core di�erence twn deigmˆtwn o taxinomht c

node2vec petuqaÐnei parìmoia epÐdosh me ton ubrdikì taxinomht , gefur¸nontac to qˆsma

pou kerdÐzame sunduˆzontac th qhmik  me th diktuak  plhroforÐa.

0.4 Sumperˆsmata

'Eqontac oloklhr¸sei ta stˆdia thc exìruxhc kai epexergasÐac twn dedomènwn mac ¸ste

na parˆxoume tic qhmikèc kai tic diktuakèc anaparastˆseic gia ta �ˆrmaka thc DrugBank ,

thn ekpaÐdeush twn taxinomht¸n mac kaj¸c kai touc kÔklouc peiramˆtwn anaforikˆ me

thn anˆlush twn epilog¸n twn montèlwn mac wc proc ta diˆfora qarakthristikˆ tou pl rh

grˆfou , mporoÔme na sunoyÐsoume se aut  thn enìthta ta shmantikìtera sumperˆsmata

pou exˆgoume apì thn ìlh poreÐa mac.

Katarqˆc, ofeÐloume na anagnwrÐsoume ìti to prìblhma thc anaz thshc �armakeu-

tik¸n allhlepidrˆsewn ekteÐnetai se polÔ megalÔtera �ˆjh apì ekeÐna pou eÐqame thn eu-

kairÐa na exereun soume. Qiliˆdec �ˆrmaka gia ta opoÐa den èqoume akìma gnwstèc allh-

lepidrˆseic perimènou ¸ste na summetèqoun kai autˆ ston grˆfo gn¸shc, mazÐ me tic sundè-

seic touc me ˆlla �ˆrmaka pou antÐstoiqa anamènoun thn anakˆluy  touc. MporoÔme

wstìso na ektim soume th poiìthta twn dedomènwn thc DrugBank , kaj¸c to apojet rio

�armˆkwn kai allhlepidrˆsewn sto opoÐo �asist kame apodeÐqjhke apì thn anˆlus  mac
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0.4 Sumperˆsmata

ektenèc kai idiaÐtera qr simo gia ta peirˆmatˆ mac.

AXÐzei epÐshc na stajoÔme stic exairetikèc epidìseic tou algorÐjmou node2vec . Pio sug-

kekrimèna, to gegonìc ìti parˆ thn afaÐresh tou 99% twn akm¸n apì ton pl rh grˆfo o al-

gìrijmoc katˆfere na parˆxei dianusmatikèc anaparastˆseic pou od ghsan se exairetikˆ

epÐpeda mˆjhshc ta neurwnikˆ mac upodeiknÔei th dÔnamh tou node2vec na anakalÔptei

th plhroforÐa apì th geitoniˆ kˆje kìmbou enìc grˆfou, akìma ki an leÐpei h suntrip-

tik  pleionìthta thc arqik c plhroforÐac, kai na odhgeÐ se axiìpistec ektim seic gia thn

Ôparxh   mh pijan¸n akm¸n.

Se antÐjesh me tic dianusmatikèc anaparastˆseic, gia tic opoÐec gnwrÐzame ek twn pro-

tèrwn apì th sqetik  �ibliografÐa ìti èqoun  dh efarmosteÐ epituqhmèna se sust mata

pou problèpoun allhlepidrˆseic metaxu �armˆkwn, den eÐqame kˆpoia èndeixh protoÔ ek-

telèsoume ta peirˆmata mac gia thn antÐstoiqh qrhsimìthta twn qhmik¸n anaparastˆsewn

mèsa apì ton algìrijmo mol2vec . Parìlautˆ, o sqetikìc taxinomht c katˆfere na petÔqei

exÐsou shmantikèc epidìseic sthn anagn¸rish �etik¸n kai arnhtik¸n allhlepidrˆsewn.

To kÔrio 
htoÔmeno thc ergasÐac aut c, �èbaia, den eÐnai h exatomikeumènh melèth kˆje

sust matoc, allˆ h sÔgkrish thc qhmik c me th diktuak  plhroforÐa gia ton skopì thc

prìbleyhc allhlepidrˆsewn �armˆkwn. Wc proc ton stìqo autì, mporèsame na exˆgoume

idiaÐtera qr sima sumperˆsmata, me kurÐotera ta ex c :

ˆ O taxinomht c mol2vec parousiˆzei kalÔtero recall gia deÐgmata me qamhlìtero

elˆqisto �ajmì kìmbwn, mèqri o �ajmìc autìc na xeperˆsei èna kat¸fli ìpou tìte

epikrateÐ o taxinomht c node2vec . Akìmh, o taxinomht c node2vec epitugqˆnei pˆnta

kalÔterec epidìseic ìtan meletˆtai wc proc to core di�erence twn deigmˆtwn (allh-

lepidrˆsewn).

ˆ H katanom  thc tim c tou betweenness centrality sta deÐgmata gia ta opoÐa ègine

swst  prìbleyh emfanÐzei shmantikèc diaforèc anˆmesa sta montèla mol2vec kai

node2vec .

ˆ Qamhlèc timèc thc paramètrou core di�erence kajistoÔn ta deÐgmata twn allh-

lepidrˆsewn kalÔterouc upoyhfÐouc gia mejìdouc pou �asÐzontai sth diktuak 

plhroforÐa • mˆlista to montèlo node2vec katafèrnei na �tˆsei sthn perÐptwsh

aut  akìmh kai tic epidìseic tou ubridikoÔ montèlou.

ˆ Gia megˆlec timèc thc paramètrou core di�erence h qhmik  plhroforÐa mporeÐ na

sunduasteÐ me th diktuak  ¸ste na �elti¸sei thn epÐdosh tou taxinomht .

Tèloc, gÐnetai emfanèc mèsa apì ta peirˆmatˆ mac ìti to ubridikì montèlo, to opoÐo

sunduˆzei th qhmik  me th diktuak  plhroforÐa, eÐnai saf¸c isqurìtero apì apì ta mon-

tèla thc qhmik c kai thc diktuak c plhroforÐac wc proc th swst  anagn¸rish twn �etik¸n

  arnhtik¸n allhlepidrˆsewn.

KleÐnontac, katagrˆfoume merikèc apì tic shmantikìterec mellontikèc epektˆseic pou

�a mporoÔsame na melet soume ¸ste na exereun soume peraitèrw to prìblhma thc prìb-

leyhc allhlepidrˆsewn metaxÔ �armˆkwn kai th sÔgkrish metaxÔ tou �ìlou pou paÐzoun

h qhmik  kai h diktuak  plhroforÐa.
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SÔnoyh thc ErgasÐac

ˆ Prìbleyh tou tÔpou thc allhlepÐdrashc : to prìblhma pou meletˆme mporeÐ na

epektajeÐ se mia pio sÔnjeth èkdosh ìpou den arkìumaste sthn anagn¸rish miac

allelepÐdrashc metaxÔ duo �armˆkwn, allˆ prospajoÔme na ektim soume kai to

eÐdoc thc anˆmesa se èna orismèno pl joc apì anagnwrismènec kathgorÐec • er-

gasÐec ìpwc h [8] apoteloÔn qarakthristikˆ paradeÐgmata aut c thc prosèggishc.

H mèleth se autìn ton tomèa �a apaiteÐ saf¸c pio aneptugmèna montèla prìbleyhc

kai Ðswc odhg sei se pio saf  grafojewrhtikˆ stoiqeÐa anaforikˆ me thn uperoq 

thc grafik c apì th qhmik  plhroforÐa (kai to antÐjeto).

ˆ Anabˆjmish tou trìpou deigmatolhyÐac gia arnhtikèc allhlepidrˆseic : gÐnetai safèc

sta peiramatikˆ mac apotelèsmata ìti ta montèla mporoÔn na anagnwrÐsoun me

shmantikˆ megalÔterh eukolÐa ta arnhtikˆ deÐgmata se sÔgkrish me ta �etikˆ deÐg-

mata. Ja  tan qr simo sunep¸c na exereun soume kalÔterec mejìdouc gia na

parˆxoume tic arnhtikèc allhlepidrˆseic mac me stìqo th kalÔterh ekpaÐdeush

twn taxinomht¸n mac. Mˆlista, sto q¸ro thc prìbleyhc thc kathgorÐac twn allh-

lepidrˆsewn, kai ìqi apl¸c thc Ôparx  touc, èqoun anaptuqjeÐ  dh axiìlogec mèjodoi

kataskeu c arnhtik¸n deigmˆtwn [9].
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Chapter 1

Introduction

1.1 Motivation

The combination of more than one drugs can often improve the outcome of a treat•

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 in•

teractions have been discovered, there are potentially new ones that could be predicted

with computational methods, before their laboratory investigation [11]. Thus predicting

Drug•Drug Interactions (DDIs) is important for the well•being 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 poten•

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 embed•

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 infor•

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 inter•

actions between drugs. Our interest is not just to isolate those methods and separately
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Chapter 1. Introduction

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 de•

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:

ˆ 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.

ˆ In•depth 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.

ˆ 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:

ˆ 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.

ˆ 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.

ˆ Chapter 4 presents the results of our experiments: cross•experiment 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 in•depth

analysis of each embedding model's behavior on the test samples.
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1.4 Thesis Structure

ˆ 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 informa•

tion for the problem of drug interactions prediction.

ˆ 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.

ˆ Appendix B provides a detailed evaluation of each one of our classi�ers per Drug•

Bank's drug categories (see subsection 3.2.1)

ˆ Appendix C presents a complete report on our hybrid classi�er's choices over key

graph characteristics.
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Chapter 2

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 multi•relational 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 non•symmetric statistical measure

of how one probability distribution p is di�erent from another distribution Q over the

same variable x . Denoted by DKL (PkQ), for discrete probability distributions P and Q KL
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Chapter 2. Literature & De�nitions

divergence is given by:

DKL (PkQ) =
X

x2X

P(x ) log
 

P(x )
Q(x )

!
(2.1)

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 technique 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 �xed•size 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:

ˆ Continuous skip•gram: the model attempts to predict the most semantically �tting

surrounding window of context words when a word is given as an input. The archi•

tecture behind the skip•gram approach weighs nearby context words more heavily

than more distant context words inside the surrounding window of context words.

ˆ Continuous bag•of•words (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 bag•of•words assumption.

node2vec Inspired by word2vec, node2vec is a machine learning algorithm for produc•

ing node embeddings, by mapping the nodes of a graph to a low•dimensional 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

network•aware 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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2.2.2 Computational Chemistry De�nitions

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
Clozapine

(b) 3D Conformer of the chemical compound
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 depth•�rst traversal of T. For

the example of Clozapine, the corresponding molecular formula and canonical SMILES

notations are respectively:

C18 H19 ClN4

and

CN1CCN(CC1)C2 = NC3 = C(C = CC(= C3)Cl)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

1 https://pubchem.ncbi.nlm.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 num•

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 vi of an

undirected graph G = (V; E) is

Ci =
2

����
n
ejk : vj ; vk 2 Ni ; ejk 2 E

o����

k i (k i � 1)
(2.2)

where we consider Ni to be the neighbourhood of vi , de�ned as the set of its immedi•

ately connected neighbours (nodes):

Ni =
n
vj : eij 2 E _ eji 2 E

o
(2.3)

and k i is the size of Ni . 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:

C =
1

n

X
cv (2.4)

where n is the number of nodes in G.

Eigenvector Centrality Eigenvector centrality ([28]) computes the centrality for a node

based on the centrality of its neighbors. The eigenvector centrality for node i is:

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 high•scoring nodes contribute more to the eigenvector
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2.2.3 Graph Metrics

centrality of a node than edges from low•scoring 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.

C(v) =
n � 1

P n � 1
u=1 d (u; v )

(2.6)

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 all•pairs shortest paths that pass through v :

cB(v) =
X

s;t 2V

� (s; t j v)
� (s; t )

(2.7)

where V is the set of nodes, � (s; t ) is the number of shortest (s; t )•paths, and � (s; t j v) is

the number of those paths passing through some node v other than s; t . If s = t; � (s; t ) = 1,

and if v 2 s; t; � (s; t j v) = 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 all•pairs of

the shortest paths that pass through e :

cB(e) =
X

s;t 2V

� (s; t j e)
� (s; t )

(2.8)

where V is the set of nodes, sigma(s, t)2 is the number of shortest (s; t )•paths, 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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K•Cores Given a graph G and an integer K , the K•cores of the graph are connected

components that are left after all nodes that have degree less than k have been removed.

Also, the k•shell is the set of vertices of a graph that are part of the k•core set but not

part of the (k+1)•core set. For each k•shell set, we assign k as the k•core value to each

node of that set. In our experiments we will refer to the Core Di�erence of our drug

interactions graph's edges as the absolute di�erence of the k•core values of the nodes

that are denoted by that edge of the graph (where the edge also expresses an interaction

between the underlying drugs).
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Chapter 3

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 Pro•

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 travers•

ing the molecular structure of a drug's underlying chemical compound, in a similar fash•

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 pre•trained
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model of mol2vec to produce the chemical embeddings of the drugs in our dataset 1 .

3.1.2 Network Embeddings

After harvesting DrugBank's drug interaction graph and then extracting a sample sub•

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 cate•

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 vj 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.

ˆ A mol2vec classi�er based on mol2vec embeddings.

ˆ A node2vec classi�er based on node2vec embeddings.

ˆ A hybrid classi�er based on both mol2vec and node2vec embeddings.

The aim is to compare chemical and structural information when used for DDI predic•

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, k•core values and between•

ness centrality, in order to identify which topology characteristics make each approach

more e�cient in the problem of link prediction.

1 https://github.com/samoturk/mol2vec/tree/master/examples/models.
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Figure 3.1. DDIs, 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 repos•

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 com•

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: (id 1 ; id 2).

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 data•
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 5
Sampled 3,753 12,080 6.44 0.005 799 1

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 drug•interactions,
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Figure 3.2. Histogram and KDE for Node
Degrees in full graph

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
Illicit 123 870.91 � 503.60
Nutraceutical 63 282.95 � 337.05

Table 3.4. Full Graph's Drug Cate•
gories

(a) Histogram and KDE of Closeness Centrality in
full graph and sampled graph

(b) Histogram and KDE of Eigenvector Centrality
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 high•scoring nodes contribute more to the score

of a node than connections from low•scoring 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 pre•processing

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

o�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 widely•used 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 pre•trained 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 unique 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.

2https://pubchempy.readthedocs.io/en/latest
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Experimental Results

4.1 Classi�er Evaluation

Table 4.1a displays the classi�cation report of the three models on the test set; neg•

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 (re•

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 Classi�er Precision Recall F1 Score

Negative Samples
(Class 0)

mol2vec 0.91 0.89 0.90
node2vec 0.90 0.94 0.92
Hybrid 0.96 0.94 0.95

Positive Samples
(Class 1)

mol2vec 0.88 0.91 0.89
node2vec 0.96 0.93 0.94
Hybrid 0.93 0.95 0.94

(a) Classi�cation Report

Category mol2vec node2vec Hybrid

Experimental 87 94 96
Approved 85 93 94
Investigational 87 94 95
Vet Approved 88 94 97
Withdrawn 87 96 97
Illicit 87 95 96
Nutraceutical 91 90 97

(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 Kullback•Leibler divergence of the

distributions of test sample properties for the correct and false predictions of mol2vec

and node2vec classi�ers. 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

False
Prediction

Average Min Degree 518.06 470.07 517.01
Average Max Degree 1137.02 1143.09 1163.44
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

Correct
Prediction

Average Min Degree 519.66 593.45 512.09
Average Max Degree 1083.25 1143.96 1078.67
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 x•axis for each point of the plot. This means that the

value of 0 of the x•axis refers to an empty set of samples, where the greatest shown value

of the x•axis 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 classi�er 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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