~

n' Ar®> "IV < _BLASB
1 <" h AT gitashmt oA
TopdMg aoavorAKYgT & OKEAWDW UEX DpX oL

Systematic modeling of disease mechanisms
and drug mode of action

Al daKTopl KR Artatpl Br
XpNoto¢ DPWT N
Al TAQMATOYXOY MHXANOAOTI OY

nf 1 uwrnf myy
ANe wviAdad O mAWNO qQVy,BMA ¢



n'‘Ar®’> "fiT< 8L AT
1 - Y™, hA

~

<"l . hmt C A
TopdMg avorAKYgT & OKEAWDW UEX DpX oL

Systematic modeling of disease mechanisms
and drug mode of action

Al daKToOpPlL KB At atpl By
XpRot1o0¢ dPwinc
Al TAQMATOYXOY MHXANOAOTIT OY

{farrnmptewysl (nt fare nf. nf{Brnrer nrRnNIBUv I &
A. AlxeOomouvAoE7m: BWE K ANAXNe EO0MmOULAOC, (BIAVR. A EKTLD
KKuvptakdémouvArog, Kab. KKuptrakomouvAog, Kab.
AXatdldnt wavvouv, Epevuvvn AXatdnt wavvouv, Epevvn
EMI Kkpoc, Ka#. EKMA
J SaezRodriguez  KRWA HAachen
EMNamae pypyavoMSKGC, Kab.

TrMMatodmouvAocg, Kao. EM
Athens, July 2021






Hrmapo® p g oxoo pan yiedl & @Qreative Commons AntributiorShare

Alike 4.0 InternationalAv T i ypa@o tn¢ adel ag¢ hpi okeTto
/lcreativecommons.org/licenses/bga/4.0/

H ¢ykptrton tng d1 daKTOpPIL KNG dLoatpl PARg a

Mnxavi Kovliladwt eEx Wei ouv dev vmodnAwvel ail

cuygwpbaN. 5343/1932, Ap6po 202)






Prologue

The research for this dissertation was carried out under the supervision of the Associate professor of

the Mechanical Engineering School of NTUA, Leonidas G. Alexopgdylos.r e sear ch has b
financed by the European Union and Greek national funds tifnothe Operational Program
Competitiveness, Entrepreneurship and Innovation, under the call RESEARRBATEINNOVATE

(project code: T1EDB2829).

I would like to thank the people in my life and work environment that helped me pursue my dreams
and condut my research. First of all, | would like to thank my mentor, professor Alexopoulos, for
introducing me to the field of systems biology through his class in the NTUA School of mechanical
engineering. From the very first lectures, | knew that this was wheanted to do with my life. His
passion and love for the field along with his entrepreneurial spirit inspired me to pursue my goals and
seek a research position in his lab. His innovative thinking was transferred to me through our countless
meetings and ts constant guidance and mentorship made me a better researcher, as well as a better
person overall. From the bottom of my heart, thank you for being a professor at NTUA, without you |
would be lost. | would then like to thank my partner Nefeli, for aasigeving in me, supporting me

and filling my life with positivity. In times that | was doubting myself, she was always there to support
me emotionally and practically, by making my life beautiful. Without her support, love and motivation

I wo ul Gleto do hdif the things | have done. | would like to thank my parents for providing me
everything growing up, nourishing my passion to pursue a career in science and always believing in
me, even in times when t hey hankrmyunotbenfortteachiigsnee ci al |
how to study and conduct research from a very young age and for always giving me the opportunity
to make my own choices. Additionally, | would like to thank my friend and colleague Nikos, for all his
help during my research.believe that we did our best work together in the lab and | am excited to
see his future endeavors. Guiding him and teaching him everything | know was maybe the most
valuable lesson | learned during my PhD. The lesson is that investing in the righd jsetbyi@d most
rewarding investment that you can make. | was very lucky to have worked with him during his first
steps of his research path. | would like to thank my colleague Danae for her support, which was
plentiful, since we faced similar issues during PhD thesis Furthermore, | would like to thank all

the members of the computational team that worked together with me in my research and who | can
call my friends and colleagues. Your passion, thinking and work ethics motivated me to be a better
leader and our success made me believe in myself. Finally, | would like to thank Teo and Asier, for
teaching and mentoring me during my early days in the lab.

Christos Fotis

Athens, July 20

Vi



Summary

Systéns pharmacology methods aim to prioritizempoundsthat not only exhibit maximal binding

affinity to the specified targetbut also cause the desirable biologieffiect. One specific approach

that has gained considerable attraction is modeling the cellular system as a complex network of
molecular interations in order to identifychanges irthe signaling mechanisthat best explain the
experimental response data. In this thesis, we first present a concise refemwics repositorieand

knowledge bases of molecular interactioradong with network-based methods for their analysis.
Furthermore, we present two novel deep learning pipelines, called deepSNEM and deepSIBA, which
can be used to investigate the connectonad@ mpound’ s s i g nchemicahsguctmre t wo r k
to its mechanism of actiofMoA)and biological effect.

DeepSNEM is a novel unsupervised graph deep learning pipeline that is trained to encode the
information in the compoundnduced signaling networks into fixed length hidimensional
representations. DeepSNER a graph transformer networkirained to maximize the mutual
information between wholegraph and sulgraph representations that belong to similar
perturbations. By clustering the deepSNEM representations, we were able to identify distinct clusters
that are significantly enriched for specific MoAs. In order to increase the interpretability of deepSNEM,
we developed a subgraph importance method to elucidate the important subgraphs that cause the
signaling networks to cluster together. As a case study, deéEpS was applied to cluster the
representations of signaling networks created from gene expression profiles of various experimental
platforms (MicroArrays and RNA sequencing). In order to take into account the structural attributes
of compound perturbationsalongside deepSNEM, we developed the deepSIBA pipeline to investigate
the connection between a compound’s chemical str

DeepSIBA is a supervised Siamese graph convolutional model that is trained to predict the biological
effect distance between a pair of compounds, using their molecular graphnput The proposed
modelwas able to encode molecular graph pairs and identify structurally dissimilar compounds that
affect similar biological processesith high precision. Addonally, by utilizing deep ensembles to
estimate uncertainty, we were able to provide reliable and accurate predictions for chemical
structures that are very different from the ones used during training. Finally, we present a novel
inference approach, wdre the traineddeepSIBAnodels are used to estimate the signaling pathway
signature of a compound perturbation, using only its chemical structure as input, and subsequently
identify which substructures influenced the predicted pathways. As a usediEES1BAvas used to

infer important substructures and affected signaling pathways of-&fpkoved anticancer drugs.

Vii



Graphical abstract
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Extended summary

Introduction

Drug discovery is a complex and time consuming process that aims to ideatifight compound for

the right disease and target. Despifee development of many successful drugs, the attrition rates

still remain high.Recent advances in systeqpsarmacology and omics technologies héee to the

development of computational toolshat aim to model the biological effect of the compound
perturbation in the cellular systenThese tools, based dmologicalpathways angignalinghetworks,
offer a systematic approach to unravel compound’s Mechanism of Acti
compounds that have the desired effect for further experimental validation. In this thesis, we first

provide a thorough review of omics databases and knowledge bases of molecular interactions, along

with network-based modeling tools that can be applied acra$stages of the drug discovery pipeline

to elucidate the compound’s MoA. Further mor e, \
successfully implemented these netwebksed approaches for various drug discovery projects.
However, due to their compk structure, large scale datasets of compotmduced signaling

networks and methods specifically tailored to their comparison are still very limited. One approach

that holds promise to overcome these limitations is the use of graph deep learning madels t
transform signaling networks into higtimensional representation©n this front we proposed the
deepSNEM pipeline that wuses an unsupervised gr a
signaling network and investigate its relationship with thengpo u n d s 'How&Ver Asystems
pharmacology approaches that rely on cellular response data are limited in their application to
compounds with available data and most i mportar
structural attributes that are closekglated to their efficacy, effect and toxicity profiles. To this end,

we aimed to use graph deep learning to match the chemical structure of compound perturbations to

their biological effect on specific cellular models. Thus, we proposed the deepSIHAepibat can

be used to infer a c¢omp o ywitboutavaitablegerpeessiomdgta, psing h wa y
only its structure as input.

DeepSNEM: Deep Signaling Network Embeddings for compound mechanism of
action identification using deep learning

DeepSNEM methods

Transcriptomic signatures following compound treatment were retrieved from the CMap dataset.
After assigning a quality score to its experiment, the highest quality data were selected and
transformed into compoundnduced signaling netwoskusing the CARNIVAL pipeli@ARNIVAL
solves an ILP optimization problem to infer a family of highest scoring subgraphs, from a prior
knowledge network of signed and directed protgirotein interactions, which best explain the
experimental datasubjectto specific constraintdn total, more than 700000 networks were created
from 7781 transcriptomic signatures of 3005 compounds across 70 cell lines. Afterwards, an



unsupervised deep learning model that takes as input a compéntigced signaling networknd

outputs a fixedength high dimensional representation was developed. The signaling networks were
represented as input to the model using three matrices that contain information regarding the nodes

of each networ k, t hei r ectivityi(sigh aingl diracticsh). Tthdr @re nfet wo r
deepSNEM is a graph transformer network that pay
when extracting the important features that describe the signaling mecharkisnally, a wholegraph
representationis created by summarizing the node embeddingsing a dayer Long Short Term

Memory network.The model was traineddy maximizinghe mutual information between the nodes

and subgraphs that belong to the same or duplicate experimdiss, the deepSNEModel creates

similar representations for similar compowmtuced signaling networksThe resulting 256

di mensi onal embeddings of the compoundmeéanssi gnal
algorithm, into 200 unique clusters. These clusters wehent analyzed based on their MoA
composition, using labels provided by the Drug Repurposing Hub dafastiermore, we developed

a node importance pipeline, using the saliency approach, to identify the nodes that the model pays
attention to, when creatinghe network representations Finally, this node importance score was
integrated with each node’'s frequenictheorignala cl us
networks that cause the representations to cluster together.

DeepSNEM results

The deeSNEM approach was evaluated based on the validity of the resulting embeddings on two
separate tasks. The first task examines the mo
signaling networks that are created from the same differential gene expressjnature, while the

second task evaluates the similarity of graph embeddings created from duplicate gene sigresures
compared to the similarity of embeddings from random gene signatures. On this front, the
embeddings produced by the graph transfonmarchitecture termed deepSNEMTMI, were

compared to embeddings created from threslditional models. These models include, a graph
transformer trained to predict the edge presence between nodes (termed deepSBIHNP), a

siamese GCN model to predictethgraph edit distance between signaling networks (termed
deepSNEMSGED) and the widely used graph2vec model (termed deepSBEKJ.Across both tasks,

all deepSNEM model variations were ableidentify embeddings producettom similar signaling

networks, wih the deepSNEMTMI variation showing the best performance. The embeddings of the
deepSNEMGT-MI model were clustered, and the resulting clusters were analyzed based on their MoA
composition. On this front, we were able to identify distinct clusters #ratsignificantly enriched for

mMTOR, topoisomerase, HDAC and protein synthesis inhibitors respectively. Additionally, by applying

the importance pipelineon the clusters enriched for mTOR inhibitors, we were able to identify
important nodes and subgraplisat are directly related to the mTOR/PI3K signaling mechanism. As a
case study, deepSNEM was used to assign cluster
gene expression profiles from various experimental platforklisoArrays and RNA sequengjnThe
results show that the majority of t he compound:¢
clusters that were enriched for their respective MdZar the compounds in the use case, we also
compared the cluster assignment of deepSNEM to a cligfedft he compounds’ di f
expression gene measuremeniisto the same number of clusters (k=20@omparingthe two
approaches3/8 compoundswere assigned to clusters composed of similar mechanisms. However,



the remaining compounds were assignedclusters not enriched for any particular MoA, when the
geneclustering pipeline is used. Finally, for each compound of the use case, we calculated the Jaccard
similarity index between the perturbations of the identified clusters using the two methods
(deepSNEM and geHeased clustering). The similarity between the clusters was very low, with only
two clusters showing a similarity higher than 0.1.

DeepSNEM discussion

DeepSNEM was not only able to identify clusters of network representations that wechedhrfor

specific MoAs, butlao identify important subgraphthat are related tahem. However, the majority

of the compounds’ Mo A | ab el s adiferent MoA doingdositianfde n o wn
the identified clusters, when they are takamtdé account.By comparing the deepSNEM pipeline to a

simple genebased clustering approach, we showed thhé two approachegesult in a different

clustering of the perturbations. We argue that is due to the different biological hierarchy of
information provided by the compounéhduced signaling networks and differential gene expression
signatures. Thus, the deepSNEM pipeline, by using the knowledge of molecular interactions, can
identify similarities and diff eraaehddenintheirt he <co
transcriptomic signatures.

DeepSIBA: Chemical Structubased Inference of Biological Alterations using
deep learning

DeepSIBA methods

Gene expression profiles following compound treatment were collected from the L1000 Connectivity
Map resource (GSE92742). For this study, only level 5 expression-detagg) of the landmark genes

were considered. For each compound perturbation, enrichment scores (ES) of GO terms related to
biological processes were calculated using Gene SethEreitt Analysis. Afterwards, a Kolmogorov
Smirnov based distance function was used to calculate the pairwise distance at-tieenGl@vel. For

each pair in the dataset, the distance was calculated using 5 different thresholdsfeguiated and
down-reguated GGterms. Finally, the distances were averaged. This pairwistee@®distance score

was then used as the target variable for the learning model. The learning model takes as input the
chemical structures of compound pairs, represented as undirectaghg, with nodes being the
atoms and edges the bonds between them. The architecture consists of two Siamese (identical) graph
convolutional and convolutional encoders, one for each compound, that embed the chemical
structure into a high dimensional latespace. The absolute difference of the embeddings is then fed
through 2 convolutional layers followed by 2 fully connected layers. The final layer is a Gaussian
regression layer that outputs a mean and standard deviation of the biological effect disteinese

the pair. By treating the distance as a sample from a Gaussian distribution with the predicted mean
and variance, the model is trained by minimizing the Negative Log Likelihood. Model ensembles are
created by taking the uniformiweighted mixture ofe ac h mo d e | 'Farthe@are, sve i a n .
developed a novel inference approach method, similar-téNk that can be used to infer a signaling
pat hway signature from a compound’s chemical str
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is used to predicthe biological effect distances between the target compound and all the compounds

in the dataset. Then, training compounds with the lowest distance are selected as neighbors and a
target signature is inferred by using a voting scheme between the neighborp at hway si gna:
Finally,in order to increase the interpretability of our approach, we developed an importance pipeline,

based on graph gradients identify the important substructures that deepSIBA pays attention to,

when inferring the signalinggthway signature of a compound.

DeepSIBA results

The performance of deepSIBA was evaluated with a realistic drug discovery scenario in mind, where
gene expression data are available for only or
performance wasa@mpared to machine learning models for pairwise distance learning tasks. Across

all cell lines, deepSIBA was able to outperform the machine learning models and exhibited a very high
precision and low MSE. By utilizing a transfer learning method, we wésdmbxpand the coverage

of our approach to 7 additional cell lines, with fewer data points, but with similar performance.
Furthermore, deepSIBA was able to maintain high precision and low MSE, regardless of the chemical
similarity of the input compound$Ve also evaluated the performance of our approach in a scenario,

where the test compounds are completely different, in terms of chemical structure, to the ones used

in training. We showed that in this case the precision of the model decreases, whileSBadhains
comparabl e. However, by wuwtilizing deepSIBA’s un
specific subset of samples that the model was more certain, which led to a dramatic increase in
performance.As a case study, deepSIBA was taskedfey the signaling pathway signature of FDA

approved anticancer drugs that were not present in our dataset, using only their structure as input.

For the drugs of the use case, deepSIBA was able to infer a signaling pathway signature that is directly
relatedt o t he compounds’ MoA and subsequently ident
important for the inference.

DeepSIBA discussion

DeepSIBAvas able to encode molecular graph pairs and identify structurally dissimilar compounds
that affect similar bitbgical processes with high precision. Additionally, by utilizing deep ensembles
to estimate uncertainty, we were able to provide reliable and accurate predictions for chemical
structures that are very different from the ones used during trainidgwever,there were many
compound pairs with similar biological effect that were missed by the model. We argue that this
happens due to the limited chemical coverage of the CMap dataset and we believe that as more data
become availablghe performance of our apach will increase as well.

Conclusion

We believe that deepSNEM and deepSIBA have the potential to augmsitito drug discovery,
either by identifying a compound’s MoA, using i
massive scale the biolagil effect of compounds/libraries without available GEx data and suggesting

new chemical structures with desired biological effect.
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Or péBodol TMoOUL e€@apuolovial OTn QGOPUAKOAOYIi O OUC
MToOu €TMmI dep&yLODY ®AQvVaoapun TPOCWADEMHC KATNWUR@MEDE (OWIT
eEMI Bupynto PBroAoyl KO aTmMOTEAEOCUA. MI 0 OUYKEKPL HEV
eEvdlageépov, ¢€ival n MOvVTEAOTOIinon TOU KULUTTAGPOU
CTOXW awnokKaAuvyPn TOUL ONUMAOTOdOTI KOUL PnNxXavi opoboL, T
Mel papyaTi Ka dedoPdEva. tTnv mapovoca dLoatTpl PR, mp
Bdoewv dedopéEVvwvVv TULTOU oOomics 0600 Kal HMOPl OK WV
ovatnol xe¢ MpdeEBOGOdOULCE OSIKTLWV Yyl O TNV OoOvaAuvon auLvT
peobodouvg deep learning, mouvu ovopdadlovtial deepSNE
EPELVNOOULY TOV TPOMO HPYE TOV OTMOIi O TOOCOEVOCONMOAT
pappdkouv ocuvoxetTilovial PYE TO PNXOVIOPMO dpdadong K
KLUTTOPL K& pPOVTEANO.

To pPpovTEAO deepSNEM e€ival Eva unsupervised dee
MTPOKEIL HEVOU VA KwdOIl KOTIOI NOaOIOORAKOVD®Ii RPLOB EVIHQE I
ctTabepod HMEY EBoOUC MTOAULOI ACT AT E G AVAaTTapoaoTACEL ¢
MEYlL OTOTMOIl NO€El TNV apol Baia mMAnpogopia petald a
MPOKUMTOUYV aTMd TMOPOMPYOI A TMENPAMAPUOTI & OUIODP,0 TTE O ®A T
OVOKAOAOWOULUUE OCUYKEKPILPYEVEC OPMAOEC, Ol oOToieqg €iwv
ol palovTal EVO OULUYKEKPI HEVO pnxavi opyo opaocncg.
OMOTEAEOCPAT WY AVOTMTOXONKE OMIUAVUERD@IPOQ MOIUBRED §V ¢
odnyoluv oTnVvV €KAOTOTE oOoOpadoOMOinNnon TWV AVOTMOPOOT:
yla tTnv opdpadomoinon TWV AVATOPOOCTOAOCE WV TOUL TPOKDU

Ta omoia PBaoci ovTtal o0& O0EMAOO0 MPOEI VOOP OYPCEVCI OTI 01 KPAOCU OET K (K ¥
(Microarraysand RN equencing). ©O&éAovitag¢g voa AdaBouvpe vmoyn
MTapadAAnAa pe 1o deepSNEM avamtouxnke Kal T0O MOV

CLUOXETI ONGE TOUGC PECPOA BWOAQUPKRAKOUOT €

To povieEAo deepSIBA e€ival ¢va supervised deep |
TPOBAE YN TNg¢ OMmMOCcTOONC petago T WV BroAoyl Kwv
XPNOI HJOTIOI WVTOC TOWEOPIL daRTMOO IUOWCK OFITIOK RUDD K A | aval

Cedyn QapuAKWYV HE L a@oOpEeETIL KN XNUL KA dopn, TQ
L epyaoi €c¢, HME ovUYinPal cce.vCEW X BE &)@ D OKIPOVT OC TARO
MTPOKEIL MEVOU VA EKTI UHNOOUVHUE KNRVY OQPRPREEOVIQRT & X DWW € |
MPpOPBAEYE I ¢ yil a eadppuaKO, Ta omoi a EXO0UV EVTENMC
Xpnotpyomol ®nkav Kata 1Tn &1 dpKel a TNg e€KTAi d&€ L
MEBOdO yI o TNV €&aywyn XapakTiineuv ,o TX KNI PO THOOIT (@VOTOO
pévo Tn Xnpgrkn dopnR TWV QapPAEAK V. av g€@oapuOy
aovaKA&GAuvyYn OnNpPOAVII KWV ONUPATOdOTI KWV HPOVOTOATI WV K.
OCUVOAO EYKEKPI HEVWYV OVTIIKOPKI VI K®OV QAaAPUAK WV .
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H avakaAovyn vEwv @Q@apuadkwv €ival pPdr o TOAUOUTAOKN KC
otTnv €0peon VEWV XNMIL KWV dO0OPdWV, ME OCKOTO VvaO Tt
KAOTOTMOAEPYNAROOUY TNV €eKAOTOTE O0O0BEVE!L a. Howvamt v

TEXVOAOYIl WV TUTMOUL oWMNEspPpLERPAOYyOdNQVRMDEI EpygREDI WV,
OTO0XO0 Tn HPdovTeEAOTMOinon 1TnNn¢ ProrAoyl KAC emiodpaonc

MEBODdOI Baoi CovTal o€ OCNUMOTOdOT I KG& | 00O V®ANIAT T IOK Nk
OVTI HETWTI 6N TOULu TpoRBAARUMATOC TNGg Od1epebvNnOoNg TO
mapovoa dirLatTplpn, MTPWTA TAPOULOI ALOUVPE MPlL O EKTEV
omi cs 600 Kal HOPlL OKWV AOAANETI OPAOBOBOOIQUOULUODRE DL
yra 1Tnv OVAApEgNKG@MULUTOVAOALOVTOAI ol MEBODOI K al

mapadeiypyarta e€@appoyng auUTwWV, O0TnNV oavokKAaAovyn 1O
TAnBwpa T wv MTAEOVEKTINUAT WV Tovuc, VO @MOaAEAD®AOWVI
MOAUTMNOKIIAPOOCTACEl CUEYANECERATODTODEDdDOPUEVYV WV KOBC
cOUYKpPlL ONn OLTWV €ival Teploplopeéveg. Mia pébBodocg
eivalr n xXpnon HdOVIEAWY deaoamndeacnmooOgQEC PO PEOUE
TOUg O0¢ Odlaxel pioclpyeg avomapaoctdaoel ¢. FN a auvtod

WOTE VA Kwdl KOTOoinoel cnupuatodoTtTl K& OdikKTuLua @apuua
dpaaonc TOULC. Z1Tn CLVERODIia, TPRE YV@WUEVa DQUIMPQHT
odnuirouvpynobnke BA wevoaXXxodaeapDl epeldvnaon TNG OXE
EVOC @Qappadkouv Kol 1TnNn¢ PBroAoyl KAg T1ToOoUL emidpaocng

DeepSNEM: Deep Signaling Network Embeddings for comgdanachanism of
action identification using deep learning

DeepSNEM w * ™ 1 7 ¢

Mé cow tng PBdong dedopevwv CMap An @Bo) coTvo (0 dEOKIE ol
TNV KATAOTAON KUTTOAPI KWV HPOVTEAWY HEMQA CDYNE XEPIND
Mel pAY@T 001 OKNQEE KTMaomign AOTEPN TOIL OTNTA PdeTaTPOC

cnpatodoTtl K& OdikKTtTUvLO, XPNOolL yomol wvtag 1n MPEOBODdO
MTPpOBANUAO PeATtl otromoinong MPdeE TN PEOBODdO TOU OKEPC
XApPQEOOTI KO onuatodotTl KO OdiKTtuvo Tmouvu eK@palel o

o0edopéva. SUVOAIL KOG dnprouvupyndnke piraoBPakomodedop
omoia aviiLoTtol xoLv o0g 7781 TmMel papyatrTa yovidl akn
KUTPU K OV HJdUTOE ATWVYY. aVAOMNMLODPYHOEgKES €va unsupervi

MOVTEANO, TO omMmoio d&ExeTtTal w¢ €iocodo Ta onpatod
MTOAULOIL a0cTATO X WpPoO. Na Tnv €iocodo TOULC KWAW HPdOVT
XPNOI HOTIOIl WVTAOC TPELC TiVvVOKEC TOULU TeEPLYPAPOULVY £
KOgBoOouvL Kol Tn ouvuvdeopoAoyia Tou d1ktLou. To pdoOV

I d1ai Tepn mMpoocoxNn O0&€ KAGOBe yel OMWWPIYE I T au ¢O 0w TaUI@Lp,a

Xiv



TWV KOPUPBwv. H TeAl K avaoamoapaoctoon 1Tou dl1L KTULOUL On
Short Term Memory TMpPOOPILOCPUEVO Yyl o TNV KWOI KOTOI
MOVTEAO eKTmal delLeTal WO Tiea VDA NPEOYPIOPT QXTI OMI EETEA ETON VO | O
0l KTOWVY TMOUL TMPOKUMTOULYV OO TMAPOMPOLl O TEI pAPAT O
OMO1l OTNTO TWV OVOTMAPAOCTACE WYV PAPTUPA KOl OouUvApa
Ol TeAl KEC avammapoaocT@WwEd@M@ITH &N RO #ndecamnasyy 0 @iogo pa
oOopaodoeC TMOUL TMPOEKLYOV avoALONKAV wWC TPOC TN oLOTC
Opoi w¢g, dnprovpynbnkKke pPraoa veEa péEBOOdOC Yyl o TNV av
TNV €KAOCTOT ¢ @Puod@Auodwnomg TwpnpéobBodo saliency.

DeepSNEM -~ 8 <w ™ >h h

OF avamapoaotdoel ¢ TWV ONUMOTOOOTI KWV O8I KTUWV TOUL
ouvvaTtTotTnTta dl1aXwWPl OOV OAULT WV O0€ Oi KUDUAAMOPOIITE O E [
mel pdpyatrta. g OLTO TO OTAd1L O, n HMEOBOdoOog deepSNE!I
deep learning yta diktva. ©OAlAeg¢ o1 HPYEBOOOI KOTAOQE
mpoépxovial amnmé mnmapoépola mel papbioomepevanmnmapédood
KaAOTepo dlaXxwpl opgo. Katd tnv opadomoinon Twv ay
OVOKOAAO@ONKAV OCUYKEKPL UYUEVEGE oOoOphade g, o1l omoi € ¢
topoi somerase, HDAC kKaixpmoofpueinm | sowntalge sins-yéBoidoA
0l KT U WV, KOTO@EPAMPUE VOO OVOKOAUOPYPoOouLPME onpaviti KAE U
mTOR, TO omoia e€ival AUEOCO OCUOXETI OMEVO PE TO O
deepSNEM e@appuoOoctnkKed yuou TONXXwp owoOmppidopdong Vv E
0edopuéva yovidlakng €kepaong amo &1 deopecg TEL pAY
0Tl Ta véa @apupuokKo e€viaxbnkav oceg opdaddeg o011 oOTOIi
MOl palovTal T OC HINuXVa WIEOWVO @0PPOUAINK wv . Emi ong, n € o@ag
CLUYKpPiBnke pe pyra peébBodo avdadabBeong OPAdOWY XPNOL M
TWV VEWV QOPUAK V. Katd 1n 00 y@opp YooK oovuotteEvd, N KT p o
OpGAde¢ PHEOMOAPOEOQ! pPpNnYXavi ocpwy o6paonc, EVW TO ULUTOA
cotTaaon. Ev TéANecopyowdimmpanyd tayik € T @v Soruudidowp yroodw T O |
XPNOlL HJOTIOIl WVTOC TIC O0UVLO Ol apPmEBNE (e | TVEAX V I TKOEACL OX]
MeE VDO VO opdaddeg va €XO0OULV OMdOI OTNTO PeyaAlTEPN O

DeepSNEM v " ' *
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Chapter 1 Introduction

Chapterl

Introduction

1.1 Background

Drug discovery is a complex and thim@nsuming process that aims to identify the right drug,

for the right target and disease. The drug discovery pipeline stretches from target
identification to hit discovery and lead optimization up to preclinical amdcali trials [1]. The

first step of the pipeline is the target identification, where a disease is studied in order to
understand its mechanism and identify key molecules that act as drivers of the disease. These
key molecules have the potential to act asgets for small molecule perturbations in order

to stop the disease progression or reverse its state [2]. After a potential set of targets has been
identified, they have to be prioritized based on their ability to inhibit the disease mechanism(s)
and to diminate targets that are associated with adverse effects. This step of the pipeline,
called target validation, is performed experimentally using small interfering RNA (siRNA) or
CRISPRas9 editing to specifically silence or catalyze the specified tafgetEhe next step

of the pipeline is the hit identification phase, where a small molecule that inhibits the
identified target(s) has to be discovered. The goal of this process is to discover chemical
compounds that exhibit strong binding affinity to teelected targets. Traditionally, thmost

widely employed method faoin-vitro hit identification is High Throughput Screening (HIFS).

vitro HTS can produce hits with strong binding affinity that may later be developed into lead
compounds through lead ojmization [4]. However, due to the vast chemical space of
possible chemical structures, even large scafeitio HTS offers limited chemical coverage
and does not guarantee the biological efficacy and low toxicity of the identified hit
compounds. Duringehd optimization the chemical compounds are optimized in order to
improve their chemical properties and study their-tdfget effects, which could potentially
cause adverse reactions, such as unwanted side effects and toxicity. In order to improve the
success rate of the drug discovery pipeline, computational methods have been developed that
aim to prioritize compounds in the hit identification and lead optimization phases.

The development of Computer Aided Drug Design (CADD) methods allows the vigtual Hi
Throughput Screening (VHTS) of large compound datasets, thus effectively increasing the
search space of hit identification. CADD methods for vHTS priazdin@ounds, which are

likely to have activity against tharget, for further experiments and ateroadly categorized

into structurebased and ligantbased [5]. Structurdbased CADD approaches require the
solved 3D structure of the target protein, either throughray crystallography or NMR
spectroscopy and focus on docking simulations to assessipiigand complexes. On the

1
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other hand, liganebased virtual screening is used when the 3D structure of the target is
unknown and involves the calculation of 2D or 3D structural similarities between a known
active ligand and a virtual librargtructuralsimilarity screenings based on the hypothesis

that similar chemical structes will cause similar response. Even though CADD methods have
revolutionized the drug development pipeline, the attrition rates of the process still remain
high. The majority offte newly identified compounds fail at the preclinical trial stages due to
poor efficacy or unfavorable side effects and toxicity profiles [6]. This happens in part, due to
the nature of CADD methods, where efforts are focused on identifying compounds with
maximal binding affinity to the target protein, often disregarding the effect that the
compound will have on a biological system. A field that holds promise to improve the attrition
rates of drug discovery, by undlegica systamdi$ ng t he
systems pharmacology.

Systems pharmacology utilizes omics data coupled with computational methods in order to

study the mechanism of action (MoA) of a chemical perturbation in a biological system. One

specific omics approach that has il considerable attraction is the analysis of gene

expression data (transcriptomics) following treatment with a compound. Analyzing the post
transcriptional state of a cellular system after a chemical perturbation has the potential to

elucidate thecompond’ s ef fect i n ter m -ofunderaxpressed k ey gen
compared to the normal state. On this front, a large number of public gene expression data
repositories have been developed, such as the Gene Expression Omnibus (GEO) from NCBI

and ArrayEpress [7,8]. These repositories can be accessed to retrieve gene expression data

from various cellular models following compound treatment that can then be analyzed using
computational tools. For their analysis the Bioconductor library in R offers adaligetion

of packages for preprocessing and differential expression that can be applied on gene
expression data from various platforms [9]. The output of the differential expression analysis

is a set of genes that are ovar underexpressed in the contitbn under study. However, a
compound’ s effect in a cellular system is rar
specific genes, rat her the compound’s effect i
that interact with each other to form spdi biological processes [10]. Additionally, since the

analysis focuses on the most ovar underexpressed genes, the smaller but significant

change in expression of genes that belong to the same biological pathways are often
disregarded. For these reas®, a majority of computational methods that aim to identify

enriched biological processes affected by a compound, using gene expression data, have been
developed [11].

Pathway analysis methods utilize the results of the differential expression anatygded

with a form of prior knowledge of molecular interactions, in order to identify which pathways

are affected by a compound. Today there exist several knowledge bases of pathway
interactions, such as the KEGG database, Reactome, MsigDB, €i4].[Tamputational

methods that aim to identify enriched pathways are based on the assumption that the change

in a gene’'s expression is translated to chang:¢
majority of computational tools for pathway analysis ainetdract a score statistic for each

pathway that signifies its enrichment, accompanied by -@alue that compares the

2
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enrichment score to chance. One of the most widely used methods for pathway analysis is

Gene Set Enrichment Analysis (GSEA). In GSEAttbé differentially expressed genes is

ordered based on their expression and a statistic based on the Kolmoe§onowoff test is

calculated for pathway enrichment [15]. Additionally the VIPER algorithm utilizes the mean of
ranks of g e n eeswith avamalyte RasthasedhEnnclarent Analysis method to

compute the enrichment of proteins from gene expression data. VIPER has been utilized to

infer Transcription Factor (TF) activity scores using gene expression data and the appropriate
Regulons, Wi ch are networks that show the relation:
expression 16]. In order to overcome the limitations of pathway analysis, regarding the
hypothesis of the connection between gene and protein expression, a new class of methods

that model the compound’ s-praeinineractionsa(BPl)aasieeh wor k o f
developed [10]. These methods couple gene expression data with prior knowledge networks

in a causal reasoning scheme to identify which-satworks better explainhe observed

experimental data. Initially network creation methods have utilized phosphoproteomic data

to describe the[l% &imgedange dcalse phesphbpeotedmic datasets

following compound treatment are very rare, there has been a conctadreffort to develop

methods for signaling network creation based on transcriptomi&?2p]. On this front, the

CARNIVAL method ascausal reasoning framework to identify signaling networks that best

explain a set of transcription factor (TF) activitpi®s, calculated from differential GEx data

using VIPER1]. The resulting networks are o mpl ex r epresentations of
effect, since they incorporate the prior knowledge of molecular interactions in the form of a

PPI network.

There have beemany studies that utilize gene expression data along with pathway and

net work analysis methods to investigate the co
the most influential approaches that have been widely used in this field is the Connectivity

Map (CMap) approack22]. CMap (CMap) and the LINCS project have been a cornerstone of
transcriptomicbased approaches by providing a large scale database of transcriptomic

signatures from compound perturbations along with essential signature matching algesrith

CMap can be accessed to query a large database of transcriptomic signatures in order to find
compounds that have similar gene expression p
hypothesis that compounds with similar transcriptomic signatures willseasimilar

physiological effects on the cell and has been widely adopted by the field of drug repurposing.

The original Microarray CMap dataset along with the more recent L1000 dataset have been

used by many systems pharmacology studies to investigateffieet of compounds on the

bi ol ogi cal system. On this front, |l ori o et al
responses from CMap to create a drug network and identified the mechanism of action of new

drugs based on their position in theetwork [23]. Furthermore, Verbist et al. showed how

GEx data were able to influence decision making in eight drug discovery projects by
uncovering potential adverse effects of the lead compounds [24]. Although, systems
pharmacology approaches can be usedti denti fy a compound’s MOA a
the drug development pipeline, they don’t t ake
chemical compound, which are crucial during the hit identification phase. Given the large
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datasets generated by Vb and chemical libraries, as well as the rise in computing power,
machine learning and especially deep learning methods have been developed and applied
across all stages of drug discovery. Deep learning models have the potential to incorporate
both systens-based and structurabased approaches in order to identify drugs with optimal
binding affinity and effect on the biological system.

Machine learning (ML) models are trained on data in order to improve their predictions for a

specific task. The rise ofgailata and computing power has led to the development of a special

class of ML models, called deep learning (DL). DL models offer the advantage of automatic
feature extraction in order to learn the important features that are associated with the specific

task. This advantage has important applications in the field of drug discovery, where the
complexity of the problem is very high and gremputed features are usually associated with

a specific task. There have been many studies for the development andajopl of deep

l earning models in drug discovery. The majorit
chemical structure as input and have been developed for various tasks, including binding

affinity, toxicity, side effect and chemical property preitio. In this regard, the DeepChem

library along with MoleculeNet have been a cornerstone of DL approaches in drug discovery

by providing a plethora of architectures along with benchmark datasets for their comparison

[25]. For example, Ozturketal. devele d a deep | earning model that
SMILE representation and a protein’s amino aci
affinity, in terms of the dissociation constant Kd, of the dtaigget pair [26]. For the binding

affinity and property prediction task, deep learning models have achieved state of the art

results and have outperformed traditional ML methods like random forests and support

vector machines [27]. Despite their improved performance, DL models are still very sensitive

to the training dataset and have shown generalization errors, when tested on chemical
structures that are very different from the ones used to train them. This effect is mostly caused

by the vast size of the chemical space and its small coverage by thedrdatasets. In order

to address this issue, methods like esigot learning and uncertainty estimation are crucial.

Oneshot learning techniques, such as Siamese and Matching networks, aim to learn a
meaningful distance function between related inputs amdd shown increased performance

over traditional methods in tasks with few data points {28]. Furthermore, uncertainty
estimation methods can be used in order to quarl
and avoid unnecessary experimental tegtiof new compounds. Methods that quantify

uncertainty in deep learning models include téishe Dropout, deep ensembles and Bayesian

NNs [3235]. One particular deep learning approach that has achieved state of the art results

in structurebased tasks it representation of the chemical structure as a molecular graph

and the use of graph deep learning models to encode them.

Graph deep learning models operate on graph structured data and aim to extract features
that are r epr esent ahdconaectioity. Ohetokthe gnosavpdely wsedn o d e s
graph DL models is the graph convolutional neural network (GCNN). GCNNSs apply filters on

the neighborhoods of the graph and utilize a message passing algorithm to aggregate this
information into representatoa of t he graph’s node attributes
have been successfully applied to various drug discovery tasks, achieving state of the art
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results. The input to molecular GCNNSs is a compound undirected graph, with atoms being the

nodes of thegraph and bonds being the edges. As an example, Torng et al. applied GCNNs to
encode both the compound’s structure and the
protein-ligand binding strength, outperforming traditional DL approaches [37]. Furthermore,

Kearnes et al. developed the Weave graph convolution module, which encodes both atom and

bond representations and combines them using fuzzy histograms to extract meaningful
moleculelevel representations [38]. GCNNs can be combined with-stia¢ learning

methodologies in order to learn representations and distance functions between compound

graphs, aiming to improve their generalization capabilities on new chemical structures that

are very different from the ones used to train them. AKaan et al. impleranted oneshot

learning for drug discovery by combining graph convolutions and Long Short Term Memory

(LSTM) networks with attention and achieved better results than traditional GCNNs [39].

Recently, DL models that had been originally developed for Ndtarsguage Processing (NLP)

tasks have been modified and applied on graphs. These models encode the nodes of the graph

as words in a sentence and their positioning b
the graph2vec model was inspired by the dee@ approach for NLP tasks. Graph2vec treats

the entire graph as a document and each node’ s
fixed-length representation of the entire graph in a fully unsupervised task [40]. Furthermore,

the graph transformer moel was developed that utilizes an attention mechanism for each

node that is a function of the neighborhood’s
algorithm [41]. Although deep learning models have been applied in various streluages

learning taks, their application in systemimsed approaches is still very limited. DL and graph

DL models can be applied for various systems pharmacology tasks in order to investigate the
relationship between omics data f olslMoAvi ng comp

Recently, there has been increased interest in the application of deep learning models for
systems pharmacology approaches that utilize cellular response data. This is evident by the
recent release of theCT Pancancer Drug Activity DREAM Challervgeich tasked the
community to predict a -ransagptionahathd csll vikbdithdataa sed on
[42]. Additionally, deep learning models have been applied to predict the IC50 of compounds
on specific cellular models by using transcriptondatadalong with structural data [43]. Deep
learning models present an interesting modeling opportunity for interdisciplinary drug
discovery problems, by being able to incorporate information both from the structural and
cellular domain. On this front, Jeaet al. developed the ReSimNet model to predict the
transcriptional similarity score between compound perturbations using their molecular
fingerprints as input [44].

The aim of this thesis is to investigate the ability of graph deep learning models td mode
compound’ s MoA in terms of affected biologic
combining information from both the structural and systems domain. The thesis is organized

into three distinct but complementary chapters. In the first chapter of thesth we present

a concise review of network pharmacology approaches for early drug discovery, while in the

second and third chapters we present two novel graph deep learning approaches, called
deepSIBA and deepSNEM. More specifically, the first chaptéainsra thorough review of
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available omics databases and knowledge bases of molecular interactions, along with
network-based methods for their analysis. In the first chapter we also review a large number
of network pharmacology studies ranging acrosstaties of the drug development pipeline.

In the second chapter we employ graph deep learning to develop a pipeline that can assess a
compound’ s affected bi ological processes base
DeepSIBA is a Siamese GCNN tiadsas input pairs of compound structures, represented

as graphs andutputstheir biological effect distangén terms of enriched biological processes

(BPs) along with an estimated uncertainty. The performance of DeepSIBA is evaluated in
realistic drug develpment scenario, where GEx data are available for only one compound in

a pair. Additionally, we present a novel inference pipeline to identify the affected signaling
pathways of a chemical compound along with the important substructures that cause the
effect. As a use case, DeepSIBA was used to successfully infer the signaling pathway signature
of FDA approved anticancer drugs. DeepSIBA can be used in combination with iexgslicg

drug discovery pipelines to identify structures that not only exhibdiximal binding affinity

but also cause a desired biological effect.

In the third chapter of the thesis we employ graph deep learning to investigate the

relationship between compounrd nduced signaling networks and t
present deepSNEM, ma o v e | pipeline that encodes a compou
uni que representation and assesses its relatioc

deepSNEM is an unsupervised graph transformer trained to maximize the mutual information
betweenrepe sent ati ons of graphs’ Substructures thai
from similar perturbations. The network embeddings were clustered with threekns

algorithm and the resulting clusters were analyzed and characterized based on their MoA
compostion. Furthermore, a subgraph importance method was developed in order to identify

which nodes and subgraphs in the original signaling networks cause the embeddings to cluster

this way. As a use case, deepSNEM was used to assign clusters and assesé tbfe Mo

compounds with Gene expression data collected from various experimental platforms.
DeepSNEM can be applied to generate hypotheses regarding the MoA of new lead compounds

or suggest new potential mechanisms for already existing drugs.
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2.1 Chapter abstract

Although the traditional dug discovery approach has léd the development of many
successful drugs, the attrition rates remain high. Recent advances in systemted
approaches (systeisi ol ogy and/ or phar macol ogy) and
plethora of new computational tools that promise to enable a mor®rmed and successful
implementation of the reductionist, one drug for one target for one disease, approach. These
tools, based on biomolecular pathways and interaction networks, offer asyic approach

to unravel the mechanism(s) of a disease and link them to the chemical space and network
footprint of a drug. Drug discovery can draw upon this holistic approach to identify the most
promising targets and compounds during the early phadetevelopment.
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2.2 Introduction

Drug discovery is a complex and thmensuming process that stretches from target selection
and validation, through preclinical screening, to clinical trials and regulatory agency approval
[1]. Traditionally, pharmaceuticabmpanies have adopted a reductionist approach regarding
the discovery of a new drug, which focuses on identifying one drug for one target for one
disease. Although this approach has led to the development of many successful drugs, the
attrition rates aseciated with this pipeline remain high [2]. In a recent study of the cause of
attrition of drug candidates from four major pharmaceutical companies by Waring et al., the
authors highlighted that efficacy issues accounted for 9% and 35% of overall terchinate
compounds during Phases | and I, respectively, whereas clinical safety problems accounted
for 25% of terminated compounds across both Phases [3]. During the early phases of clinical
trials, efficacy and clinical safety issues arise mostly because iottbieent complexity of the
biological system and partly because of a lack wfdpth knowledge of the mechanism(s) of
disease or the mode of action (MoA) of a drug [4]. Breakthroughs in systppreaches
(systems biology and systems pharmacology), driviey the latest technological
advancenents both in experimental technologies and computational methods, allow
researchers t@wonsider the system aswhole, with individual biomolecules interacting with
each other and, thus, permitting their integratiomt@ classe®f higher order. These classes,
called pathways, areets of molecules acting in concert, usually involvedairparticular
function orprocess [5]. Currently, there are several corgtional methods for the anagis

of biological dataat the pathway and network levelthat connect molecular data from a
var i et y daabaseqdgenonicsgranscriptomics, proteomics, and metabolomics) to
their biological functions using knowledge bassastemplates tduild associations between
them. Thesemethods carhelp decipher the mechanism(s) of disease or the MoA of algyug
offering a more holistic viewof the whole system and should enable disepick the most
promising targets and model the effeaf their modulaion during the earlyphases of drg
discovery. Orthis front, the focuson pathways as functional units rather than grdividual
biomolecules alsincreases explanatory power and easesult interpretation [6].

Inthisreview, we focusnt h e ¢ o mb i n adaxpemnmantsaridathveayand network
based approaches for early drug discoverycomnect basicesearch orpathway models to

the actual needs of the earlyrug discovery pipeline. We explore thgethora of tools that

can be usedo unravel the signaling mech&sm(s) ofa disease, tools that can decipher the
signaling footprint ofa target ora drug and how these cabe usedtogether for: (i) target
identification; (ii) target verification and validation; and (iii) hit discovery and validation (Fig.
2.1). Three mairelements are common to all these tools: molecular data related to the
condition under study (#mouse data and public/private repositories), knowledge bases
(functional anmtation of molecules and infonation about drugs, clinical trials, and biological
pathways), and the appropriate computational methoddoalyze thizomplex combination.
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Drug discovery pipeline
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Figure2.1. Schematic overview of the drug discovery pipeline (a) depittirgarea of applicatiorof
pathway-and networkbased technologies (b). By using pathwashteologies, the decision from target

to hit to lead is based on network footprints. From target identification and validation, to hit discovery
and lead selection, pathwayand networkbased tools can help elucidatbe disease mechanism,
prioritize targesbelongingto identified deregulated pathways, assess the importaoicthosetargets,

and unravel the MoA of a hit compound to predéxtverse effects and efficacy.

2.3 Data gathering and integration

A drugdiscovery project usually starts with a foarsa disease that requires a new a better
therapeutic intervention. In the era afystems approaches, thisnbe achieved bydentifying

the diverse mechanisms that leaol disease asvell asthe optimal targets and/or drugs that
can eradicate thosenechanisms. The first stap building aquantitative representation of
the biological processes of a cell and its alteratiomghe disease is data gathieg. The

di fferent dajagbBNa, RNA, proteing) and setabolitesB]feport ondifferent
levelsofcellor or gani s ma |l dath cambe ganerated-nous® arigathered from
many publicly available repositories, such as the Gene Expression Omnibus (GEO;
www.ncbi.nlm.nih.gov/geo/), the Proteomics IDEntifications (PRIDE;
www.ebi.acuk/pride/archive/) or ArrayBxess (www.ebi.ac.uk/arrayexpress/) or mined
from the literature by using texinining methods [9,10[Table2.1). Thadifferent technologies
used to generate these types of data result in a diverse set of quantitative datantees
their normalization and itegration a daunting task [i.e., picks on liquid chromatograjohgss
spectrometry data (L-@1S), fluorescat intensity of affinity mulfplexed assayand expression
microarrays, copyumber onnextgeneration sequencing, ef.

Theanalysis of a single typ# data (e.ggene expression) is relatively easy and might provide
useful information onits own. However, successful integration and modeling of different
types of biomolecule together ihealthy and disease states ia major endeavor of many
computational efforts and caanhance the knovedgeof the mechanism of a disease the
MoA of a drug [9]. In eecent review, Ciseét al.highlighted that, although genomics attempts
to map phenotypic features to genetic backgnouwith genomewide association studies
(GWAYS), it is only able to identify singlecleotidepolymorphismgSNPs)but not risk genes
[11,12]; and, although transcriptomics catentify risk genes, it doasot include information

on protein expression, interaction, and pesanslational modification [13]. By contrast,
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proteomics canprovide information about protein interactions, butannot capture the

function of a protein irits metabolic pathway [14]. Metabolomics is the fimaissing lirk that

completes the circle of omi ¢ s, providing functional i nfor:
influenced bytheir cellular environment [15]Systermbased approaches require functional

annotationof the molecules pdicipating inbiological processedut such annotation cabe

challenging even fobiomolecules belonging tthe same* omi ¢ domai n. To faci
integration, a largeaumber of public databases (alkbown as knowledge basesjist,whose

aim is to collect causal, correlational, fummtal, and contextual informeéon about

biomolecules and serve as templates for the association of individual biological entities into

the aforementioned classes of higher order (pathways) [8].

Table2.1. List of public om&repositories?!

Name Link Brief description Category
GEO https://www.ncbi.nim. Gene Expression gene expression
nih.gov/geo/ Omnibus
ArrayExpress https://www.ebi.ac.uk  Archive of Functional gene expression
larrayexpress/ Genomics Data
GeneSigbB https://www.genesigd Gene Signature gene expression
b.org/genesigdb/index DataBase
Jsp
Oncomine https://www.oncomin Cancer microarray gene expression
e.org/resource/login.h data by gene or cance
tml type
Expression Atlas  https://www.ebi.ac.uk Gene expression gene expression
/gxa/home across species and

biological conditions

miRGator http://mirgator.kobic.r microRNA target gene expression
e.kr/ prediction, functional
analysis and gene
expresion data

PRIDE https://www.ebi.ac.uk  Proteomics peptide proteomics
/pride/archive/ identification database
PaxDB https://pax-db.org/ Protein Abundance proteomics
Database
The Human Protein  https://www.proteinat MSbased proteomics, proteomics
Atlas las.org/ transcriptomics and
antibody-based
imaging
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Open Proteomics
Database

ProteomeXchange

HMDB

BiGG Models

MetaboLights

Metabolomics
Workbench

GenBank

dbSNP

Ensembl

ENA

UniProt

https://www.hsls.pitt. MSbased proteomics
edu/obrc/index.php?p
age=URL115211235¢

http://www.proteome  Proteomics resources
xchange.org/ portal

http://www.hmdb.ca/ Curated human
metabolism and
metabolite data

http://bigg.ucsd.edu/ Biochemically,
Genetically and
Genomically
structured metabolic
networks

https://www.ebi.ac.uk A database for
/metabolights/ metabolomics
experimentsand the
associated metadata

http://www.metabolo Data repository for
micsworkbench.org/  metabolomics data
and metadata

https://www.ncbi.nIm. An annotated
nih.gov/genbank/ collection of all
publicly available
nucleotide and protein

sequences
https://www.ncbi.nIm. Database of single
nih.gov/SNP/ nucleotide

polymorphisms
https://www.ensembl. Annotated
org/index.html information on

eukaryotic genomes

https://www.ebi.ac.uk  European Nucleotide

/ena Archive
http://www.uniprot.or All known protein
o/ sequences

proteomics

proteomics

metabolomics

metabolomics

metabolomics

metabolomics

DNA

DNA

DNA

DNA

Protein
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PDB https://www.rcsb.org/ Protein structures Protein
pdb/home/home.do

PDBe https://www.ebi.ac.uk European resource fol Protein
/pdbe/ protein structures
Undicative list of operaccess databases. For a full list of databases see Nucleic Acids Research Database
Summary fittp://www.oxfordjournals.org/nar/database/a).

2A database may correspond haore than one categories but only the major one is shown here

2.4 Knowledge bases

Knowledge basesanassociate the data gathered during the drug discoverydmatlopment
pipeline andinclude clinical owdomes, drugnformation (i.e.,chemical structureadverse
effects, etc.)or biological knowhow of drugs. Heree focuson pathway and interactome
databases thatim to capture thebiological knowledge aiolecular interactions and have
been assembled from experiment@dtaor throughtext miningfollowed by manual curation
(Table2.2). Theresult isaninteraction model, either represented as a biological network or a
bipartite graph [16]. There ardifferent types of interaction modeldepending onthe
relationships that they represent. Signaling netwodccount for cellular processes, whereas
metabolic networks represent the biacchemical reactions of metabolism as wal the
regulatory intemctions that guide these reactions. For example, the Kyoto Encyclopedia of
Genes and Genomes (KEGsacollection of databases (www.genome.jp/kegg/) providing
systems, chemical, and health information that serves as a computer representattha of
biological system. Most notably, the KEGG Pathway database contains manually drawn
pathway maps in the form alirected graphs representing the interactions between genes
and proteins. By contrast, ProteiBrotein Interaction (PPl) maps represent physical
interactions on a molecular level. As an example, InWeb_IM
(www.intomics.com/inbio/map/#home) is a recentlygposed interactome resource in the
form of a human PPI network that can be used for accurate and costefficient functional
interpretation of massive genomic datasets. IntAct is another manually curated @pEsss
database focusing on PPIs (www. ebi.acntk6t/), which was recently merged with the
Molecular INTeraction (MINT) database (http://mint.bio.uniromaZ2.it/) and now includes
more than 700000 binary protein interactions. In addition, the Reactome [17] Functional
Interaction network (Reactome FI) ismaanually curated protein functional interaction
network organized in pathways covering over 60% of human proteins. The connection
between two disjoint sets of nodes is considered In bipartite graphs, such as between genes
and diseases or between drugs ahdir targets. As an example, the connectivity map (Cmap)
is a widely used database (https://portals. broadinstitute.org/cmap/) connecting drugs and
gene expression profiles that allows researchers to identify connections between drug
candidates, and chmges in gene expression profiles and diseases by using the similarity
detection tool that the database offers. The Biological General Repository for Interaction
Datasets (BioGRID) is a public database dedicated to manually curated functional interactions
between genes and physical interactions between proteins, reported in biomedical
publications (https://thebiogrid.org/). Recently, BioGRID expanded its coverage to
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incorporate chemicalprotein interactions and established themed curation projects based

on particular biological processes and diseases to further facilitate early drug discovery.
Besides opeisource initiatives and free welbased tools, several commercial providers also
focus on pathways relevant to human disease. Companies such as IngentetpsS(&A),
GeneGo, Ariadne Genomics, and Cambridge Cell Networks provide manually curated and
usually highguality pathway databases and analysis tools.

Those knowledge bases are the cornerstone of many computational tools that aim to extract

the mostvaluable information and deliver it to the end user.

Table2.2. List of widely used knowledge bases.

KEGG PATHWAY

http://iwww.genome.jp/ke
gg/pathway.html

Wiring diagrams of
molecular interactions,
reactions and relations

Metabolic and signaling
pathways

Reactome

Pathway Commons

https://reactome.org/

http://www.pathwaycomm
ons.org/

Manually curated and peer
reviewed pathway database

A web resource for
biological pathway data

A curated resource dfignal

Metabolic and signaling
pathways

Metabolic and signaling
pathways

NetPath http://www.netpath.org/ Signaling pathways
P P g transduction pathways g gp y
A collection of curated
OmniPath http://omnipathdb.org/ ; _I . Signaling pathways
signaling pathways
) ) Pathway/Genome Genome and metabolic
BioCyc https://biocyc.org/ .
database collectioh pathways
A human proteirprotein
https://lwww.intomics.com/i interaction network to
InWeb_IM . ) PPI
- nbio/map/#home catalyze genomic
interpretation
https://lwww.ebi.ac.uk/intac Molecular interaction
IntAct PPI
t/ database
Biological General .
. - . . PPI, functional gene
BioGRID https://thebiogrid.org/ Repository folnteraction . .
interactions
Datasets
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Pathguide

UniHI

ConsensusPathDB

TTD

DisGeNET

Open Targets

PHAROS

SuperTarget

Drug2gene

cmap

PharmGKB

Collection of biological

http://www.pathguide.org/ pathway resources

Collection of PPI and
regulatory transcriptional
interactions

http://www.unihi.org/

Protein-protein, genetic,
http://cpdb.molgen.mpg.de  metabolic, signaling, gene
/ regulatory and drugarget
interactions

Therapeutic Target

https://db.idrblab.org/ttd/
ps \drblab.org Database

A collection of gene and
variants associated to
human disease

http://www.disgenet.org/w
eb/DisGeNET/menu/home

Platform for Target
identification and
prioritisation

https://www.opentargets.or
o/

Knowledye base for the
Druggable Genome (DG)

https://pharos.nih.gov/idg/i
ndex

Relations between
drugs,proteins and side
effects

http://insilico.charite.de/su
pertarget/index.php

A resource to explore the
drugtarget relation
network

http://www.drug2gene.com
/

Collection of gene
expression profiles
following drug perturbation

https://portals.broadinstitut
e.org/cmap/

Knowledge base about

https://lwww.pharmgkb.org clinically actionable gene
/ drug and genotype

phenotype relationships

PPI, pathways

PPI

Collection of interaction
networks

Therapeutic target
information

Genedisease associations

Targetdisease associations

Targetdisease associations

Drugtarget associations

Drugtarget associations

Druggene expression
associations

Druggene associations
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http://www.dgidb.org/searc  The Drug Gene Interaction

DGldb Druggene associatins
h_interactions Database 99
A bioinformatics and
chemoinformatics resource Drugs and targets
DrugBank https://www.drugbank.ca/ . . 9 . 9
that combines drug and information
drugrtarget information
A database to advance
understanding about Chemicalgenedisease
CTD http://ctdbase.org/ . g . 20 .
environmentally influenced interactions
diseases

Known and predicted
STITCH http://stitch.embl.de/ interactions between
chemicals and proteins

Chemicajprotein
interactions

Information on marketed
SIDER http://sideeffects.embl.de/ medicine and their recorded Drugside effect interactions
adverse drug reactions

A web server to elucidate
the molecular processes  Drugside effect interactions
involved in drug side effects

L All knowledge bases listed are opancess or papen-access. This collection, however, by no means

https://intside.irbbarcelona.

IntSide
org/

pictures the whole range of knowledge bases regarding pathways and-target-disease
Interactions that are currently available. The above knowledge bases were selected based on their
relevance to thecontent of the review. For a full list please refer to Nucleic Acids Research Database
Summary fittp://www.oxfordjournals.org/nar/database/a).

2BioCyc has now moved to a subscription baseagssplan.

2.5 Computational tools for target identification

The target identification is the first step of the drug discovery pipeline and aims to identify the
magic molecular target that ideally cures or stops the progression of a disease. For a more
informed implementation of the target identification process, a detailed disease mechanism
becomes essential and netwerind pathwaybased approaches can be of great use in that
regard [18]. Computational tools for the analysis of disesgee c i f i ca, atdh@mi c s
pathway and network level rather than the molecular profile level, can identiiyrittioning
cellular routes and altered biological functions and, thus, help draw potential targets for
therapeutic intervention that will reverse those deregudd processes (Fig.2 [19].
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— Disease pathway
— Toxicity pathway

Figure2.2. (a) The topologyased target identification process. Topoldggsed pathway analysis
deciphers the disease mechanism(s) and identifies molecular pathways characteristic of the disease.
Then, candidate targetare selectedbelongingto those pathwayshat, when perturbed, have the
ability to reverse the disease state. (b) Verification and validation of proposed tabgesesdon
topologicalanalysis. Targeting nod@gth high degreegrepresenting hubs), althouggfficacious, can

be linked to adverse effects. By contrast, targets with very few connectimnaot preferred because

their perturbation usually will not reverse the disease stéltev efficacy). Finally, candidate targets
proximal to known toxicity pdiwaysshould not be selected. Based on thgsenciples, machine
learning computational tools can prioritize candidate tardet$ore their experimentabalidation.

There are several publicly available pathway and network analysis tools that can bel applie

for target identification (Table2.3). NetworkAnalyst [20] is a wdiased tool for the

visualization, metanalysis, and interpretation of gene expression data, and can be used to

elucidate the disease mechanism. In NetworkAnalyst, genes of intereisteanified from the

user’'s submitted data, through differential ex
mapped to a PPI database to construct the whole network. Finally, hub or module analysis

followed by topologybased pathway analysis can iy pathways characteristic of the

disease. A similar webbased tool that allows users to integrate data from two commonly
performed ‘omics experiments (i.e., gene expre
combining the evidence based on changies both gene expression and metabolite
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concentrations, one is more likely to pinpoint the pathways involved in the underlying
biological process [21]. MetaboAnalyst maps the tmdimitted data to KEGG metabolic
pathways for overepresentation analysis ahpathway topology analysis. The Database for
Annotation, Visualization for Integrated Discovery (DAVID) is a tool that uses the KEGG
pathway database as a knowledge base for functional interpretation of large set of genes
derived from different genomic aties [22]. Another widely used opeource package to
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mi ¢ dat a
s gene |
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t he
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and map them @ multiple annotation data sources from the Gene Ontology Consortium, as
well as biological pathways [24].

Table2.3. Classification of computational tools to help decipher the disease mechanism and

the drug MoA.

Name Method Reasoni Data Knowle Use Approa Key Main Availabi Ref.
L ng input dge topolog ch points  applicat lity
base y ion
Networ  ORA, Forwar Gene/p InnateD Yes Mechan Interact Disease Web [20]
kAnalys  Networ d rotein B(PPI) istic ive mechan  based
t k list KEGG visualiz ism
analysis Gene Reacto ation,
expressi me easy to
on use
Metabo  MSEA  Forwar Metabo HMDB, Yes Mechan Integrat Disease Web [21]
Analyst Topolog d lite KEGG istic ive mechan  based
y-based concent pathwa ism
pathwa rations y
y llists analysis
analysis ,gene ,
list biomark
er
analysis
PANTH  ORA, Forwar gene  PANTHE No Mechan Phyloge Disease Web- [23]
ER GSEA d list R, istic netic mechan  based
Reacto trees of ism
me protein
coding
genes
Whistle  Causal Backwa Gene Causal Yes Mechan Qualitat Disease Local [28]
reasoni rd expressi  networ istic ive mechan Installat
ng on k in mechan ism ion
BEE istic Drug
hypoth MoA
eses
CRE Causal Backwa  Gene Causal Yes Mechan Qualitat Disease Local [27]
reasoni rd expressi  networ istic ive mechan Installat
ng on kin molecul ism ion
BEE ar
hypoth
eses,
improv
ed
robustn

ess
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towards
noise
TopoNP Causal Backwa  Gene Causal Yes Mechan Quantit Systems Local [43]
A reasoni rd expressi networ istic ative toxicolo Installat
ng on kin perturb ay, ion*
BEE ation disease
assessm mechan
ent, ism,
diagnos drug
tic MoA
signatur
e
extracti
on
FS Multi- Predicti Benchm KEGG, No Data Multi- Side Local [46]
MLKNN  label K ve ark data  SIDER, driven label effect  Installat
nearest set$ DrugBa learning  predicti ion
neighbo nk on
rs
DrugClu Clusteri Predicti Benchm KEGG, No Data Novel Side Local [49]
st ng, ve ark data  SIDER, driverf  clusteri effect  Installat
GSEA set$ Matado ng predicti ion
r, algorith on
DrugBa m,
nk adoptio
n of
Bayesia
n score,
easily
modifie
d,
mechan
istic
insight

IAlthough a computational tool may utilize more methods than the ones listed we choseltale
those highly relevant to the contents of the article (pathway and network based).

2Extended Over Representation Analysis using topology.

3Metabolite Set Enrichment Analysis is similar to Gene Set Enrichment Analysis (2nd generation
pathway analysisethod).

4A causeeffect network model is used as a knowledge base in the form of Biological Expression
Language (BEL) statements (see: causalbionet.com for a database o&ffagsbiological networks).

5For training, validation and testing of the siffect prediction algorithms the data sets of Mizutani et
al. [47], Liu et al. [48], Zhang et al. [46].

5Can also provide mechanistic insight utilizing GSEA on genes most prevalent in a cluster of drugs.

The merits of the pathwayand networkbased approach are also prominent when analyzing
[25], several of the aforementioned tools were combined for the integratedlysis of three
transcriptomics and a proteomics data set for chronic kidney disease (CKRB)FM/hereas
separate gene and protein profile analysis identified only a limited number of features altered
in both data sets, cojoint pathway and netwaakalysis using KEGG PATHWAY, DAVID, and
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omicsNET served in the functional interpretation of the data and identified a significant
overlap of enriched biological functions (pathways) between both data sets, thus providing
mechanistic insights into CKD.

li Data sets | ] Cojoint analysis I Results —
framework
Proteomics —3» List of deregulated proteins  Pathway level Fowd ol Enriched pathways
(KEGG pathway, david) A
Pathway 1 R
H Pathway 2
« Protein 2ol
Transcriptomics —3» List of deregulated genes  Protein interaction L & Enriched subgraphs
Network level 7i=g of biological functions @\

: g:::; (omicsNET) ubgarph 1

e - Yo

. G_en?ﬁ / N
« Gene « e =0 2 Subgarph 2

Dt Nicrmian: Tadaw

Figure2.3. Schematic overview of the computational framework developed by Perco et al. [25] for the
integrated analysis of four chronic kidney disease (@KlBYyant data sets. Cojoint analysis at the
pathway and network level revealed cell structure, @ahesion, as well as immunity and defense
mechanisms as jointly populated with deregulated featureem both the proteomics and
transcriptomicgatasets

Another possible avenue for understanding the mechanism(s) of disease, based on molecular
profiling data and interactome networks, is the Causal Reasoning (CR) method. Although CR
is distinct from pathway analysis, in the sense that it does not reltherassumption that
differential RNA expression equates to differential protein activity (forward neiag), the

two methods can be applied in complementary fashion. CR is used to infer hypotheses mostly
from gene expression data by detecting upstream regulators that could have led to the
observed changes in gene expression between two states (backwaroieg). CR methods
require as input a knowledge base of causffect relationships along with the gene
expression data and can output a ranked list of causal drivers, called hypotheses [26]. Some
notable examples of opear part-open access computationtaols utilizing CR are the Whistle
algorithm (https://github.com/Selventa/whistle) by Selventa and the Causal Reasoning Engine
(CRE) by Chindelevitch et al. (R source code available upon request to the original authors)
[27,28]. The main characteristic histle is that it infers mechanistic hypotheses in a
gualitative manner as activated or inhibited and produces statistical metrics to evaluate their
significanceBy contrast, CRE infemsolecular hypotheses from the data and offersinique

way tocalcuhte the significance of the identified molecular drivers, with improved robustness
towards noise. In additiorseveral commercial providers, such IPA and Thomson Reuters, also
offer CRbased analysis tools [29].

In a different category, more reodly, organizations have estdished open web-based
platformsspecifically tailoredowards target identification, following a different pipeline than
the above pathway topologhpased and network analysis tools. This pipeline is more
investigative than analytical,ofusing onthe integration and visualization of evidence
gathered from available knowledge bases to scoredabsociation between biological targets
and diseases. Basaih the score provided, novel biological targets dam identified and
prioritized for bllow-up. For example, the Open Targg@rtnership established the Target
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Validation Pladbrm, which allowsinvestigation and visualization of the evidence that
associates targets artiseases [30]Theevidence thais integrated into the platform comes
from public knowledge bases and includes rasmd common disease genetics,
transcriptomics, approved drugs and clinical candidates, animal models, Reactome
biochemical pathways, and tertining from the medical litetare. Similar to Open Targets,

the NIHhaslaunched the PHAROS platformidientify potential newdrugtargets within the

four mostcommonlydrugtargeted protein families (Gprotein- coupled receptors, nuclear
receptors, ionchannels, and protein kinases). PHAROS follows a similar appro@gbeto
Targetshy integrating multiple sources of bitedical data, albeit concentriaitg on these four
protein families [31].

2.6 Target verification and validation

Following the identification of diseaspecific mechanisms, a set of targets representative of
those mechanisms can be selected. However, not all of those targets are equally potent and
safe points of therapeutic intervention and their prioritization lie thext logical step of the

drug discovery process [1]. On that front, considering the position of the target node(s) inside
the network along with the global properties of biological networks, arising from graph theory,
can provide an early estimation tifeir safety and implication in potential adverse effects [32]
(Fig.2.2). Biological networks are usually scale free, which means that, although many nodes
have a small degree, there are nodes, called hubs that have a great number of connections
and havea key role in the information flow of the system [33]. Given that hubs drive the
network traffic, targeting them has a significant impact on the cell behavior, including not only
the increased chance of lethality, but also adverse effects [34]. That iswemeed to be
aware of the degree and betweenness of the target (i.e., the number of shortest paths
traversing a node) and select between influential hilflgree nodes (with potential adverse
effects) versus nodes with middle to low degrees [35]. For gdanmNetworkAnalyst [20]
estimates target importance using the network metrics of degree centrality and betweenness
centrality. Furthermore, inside the network, pathway modules are connected to each other
via bridging nodes indicating that, in the same gt the expression of each gene (node) is
not independent from each other, the activity of each pathway is not independent from each
other (a phenomenon known as crasdk). Thus, even though a candidate target could
belong to a norvital and/or secondgy pathway, because of crosalk, alterations could be
caused in another interlinked pathway, which could, in turn, cause adverse effects. In a recent
study, Donato et al. developed a method to detect and quantify the crosstalk effect and
identify novel tinctional subpathways involved in the condition under study [36].

Several studies have used network models to identify the optimal set of targets that affect
specific disease mechanisms while minimizing adverse effect898Ruths et al. used graph
theory algorithms on signaling networks to identify sets of nodes that, when targeted,
inhibited the function of a subnetwork while preserving signal flow to a different subnetwork
[37]. Similarly, Dasika et al. proposed an optimization framework for signaétworks to
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identify targets that block a specific mechanism while minimizing adverse effects [38]. Lu et
al. developed an integer linear programming ({b&3ed method for multiple metabolic
networks to identify the minimum set of reactions whose remlavauld blockthe production

of a target in onanetwork butnot in the others [39].

Finally, the resulting sedf targets that haseen identified to inhibitthe diseasespecific
mechanism(s), following thesilico networkbased target prioritizatiomeeds to be verified
and valilated in the labExperimentally, thisanbe done with small interfering RNA (siRNA)
or CRISRBas9 gene editing, specifically designedsiience and/or catalyze the specified
target(s).

2.7 Hit and lead selection

Once the taget(s) have been set, specific chemical or biological molecules need to be found
that either catalyze or inhibit such target(s) [1]. This hit discovery phase is traditionally
addressed by highthroughput screening (binding and phenotypic assays) wherepooimds
(known as hits) with the desired effect over the targets are selected. For small molecules,
many cheminformatics tools have been developed [18], with the aim to identify the best
chemical structure. Experimentally, the Innovative Medicines InigafiMI) has established

the European Lead Factory (ELF), offering a large collection of compounds anddd-State

art screening center to connect innovative drug targets to fjghlity compounds (www.
imi.europa.eu/content/europeadeadfactory). Despée their importance, irdepth analysis

of experimental and chemical optimization tools is out of the scope of this review. Instead,
here we focus on the step after hit identification, where the most promising candidates should
be selected from the identiid hit compounds. In this step, biological networks and pathways
can again serve as a link between the chemical space and the biological space to elucidate
how hit compounds affect pathways and how those pathways can be associated with adverse
effects andefficacy. On this front, multiomic experimental data of the hit compounds are
essential for use with several pathwagsed methods and to infer potential adverse effects
and efficacy predictions [4@2].

Adverse effects of drugs are common and are eithaunsed by oftarget effects, (i.e.,
unforeseen direct physical druprotein interactions because of drug and/or protein
promiscuity), or indirect effects because of sighal propagation after the direct interaction [4].
On this front, a study by Mitsos et.atlentified via ILP how drugs or compounds alter the
signaling pathways [40]. During the hit to lead stage, pathway effects (not just targets) can be
used to predict efficacy and toxicity and enhance the drug discovery pipeline by providing
better compounds to the optimization stage. Current efforts are focusing in relating drug
effects to perturbed biological pathways. Biological annotation of adverse effects with
associated pathways is a key step that allows one to predict the adverse effects of a
compouwnd. To provide biological insight into the generation process of adverse effects,
several methods have been proposed utilizing molecular interaction data gathered from
various knowledge bases, such as DrugBank (https://www. drugbank.ca/) and KEGG Drug
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(www.genome.jp/kegg/drug/) for drugffected pathway(s) interactions, the Therapeutic
Target Database (TTD; http://bidd.nus.edu.sg/group/cjttd/) for targpathway(s}disease
interactions, SIDER (http://sideeffects.embl. de/) and IntSide (source:
https://intside.irbbarcelona.org/) for drugadverse effect interactions, and Cmap for drug
transcriptional profile associations. Lee et al. used gene set enrichment analysis (GSEA), a
secondgeneration pathway analysis tool, to reveal enriched pathways from the Cimep
induced transcriptional profiles and utilized Gene Ontology ontologies to connect them to
biological processes [41]. The authors then built a tripartite wetrk of biological processes
drugs-adverse effects by using SIDER to discover connectianede biological processes
and adverse effects. In another study by Balkhren et al., the authors gathered drug
target associations from DrugBank and proteadverse effect associations from DisGeNET
and, by intersectinghem, were able to identify p&tways from Reactomeontainingproteins
present inboth setsas the linksexplaining the adverse effegeneration mechanisms [42]
(Fig.24).

Another possible avenue fonechanistidoxicology, besides pathway analysis, is the usdge
causeeffect netwok models to identify and quantify characteristic network signatures
following perturbation by a drug. The quantification of the perturbation of a network is
important in toxicology and pharmacology, where dose and time response are studied. In a
recent stuly by Martin et al., the authors established a computational method, TopoNPA, for
the analysis of gene expression data using caumbeffect net worksas prior knowledge to
identify, interpret, and quantify the perturbation of the network [43J.opoNPAwas
successfully gpied to infer a mechanistic hypothesis for the unequal efficatyn anti-
inflammatory drugand to generate a robust network signature for predicting individual
patient responses.

Basedon key insights generated int@dverse effectsseveral machindearning (ML) tools
have been developed tpredict the adverse effects of a hit compound based on the affected
pathway(s) in conjunction with its chemical anfnation (i.e., chemical stritiere) gathered
from databases such as PubChem (hifpgsubchem.ncbi.nlm.nih.gov/{Fig.2.4) [44,45].As
anexample, Zhangetghr oposed a met hod n-based ohultfaldeldkat ur e se
near est nei g hNILENN) foredverse aefféciprédietiBns [46]. In thistudy, a
feature selection approzh identified predictors basedn pathways, argets, enzyme,
trangporters, and chemical structure thatere later combined ira weighted scoring system

to predictadverse effects. lterms of area under the precisiercall cuve (AUPR) and other
ML perfomance metrics, FBILKNN performed better obenchmark data sets than did other
similar ML methods [4447,48]. Zhang et al. also tested-M&KNN on a newlata set from
SIDER and reported that the average of resadlresfor the testset drugs was 0.463vhich
means that, on average, 46.3% of the adverse effects of a candidateauidjbe predicted
in-silico. Recently, DrugClust [49], a new ML tool for adverse gjfecliction with a similar
hybrid agroach, albeit only using drutarget and chemical distructure as features for the
prediction, was developed and is freely available as an R package (https:Hcran.r
project.org/web/packages/DrugClust/ index.html). Comparing DrugClust arbiLKSIN,
Dimitri et al. reported that DrugClust produced a slighighler AUPR for the Zhang data set,
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when all respective features were considered, and a slightly I@8M#PR for the Liu data set.
Additionally, DrugClust caprovide mechanistic insight into the druadverse effect(s)
generation process byerforming pathwa analysis oproteins that more frequently appear
in a certain cluster of drugs.

Computational tools and algorithms based on pathway networks can similarly be used to
evaluate the efficacy of hit compounds and prioritize them before experimental validatio
[50]. In a recent study by Gu et al., the authors proved that the degrees of the decrease of
network efficiency and network flux, which are both measures of the connectivity of a
pathway network, coulcevaluate the efficacy of a compound. The authtwBowed this
approach to predict the drugesponse curves of drugs on the pathway network of-LPS
induced PGE2 production and their prediction agreed with the experimental results [50]. In
another study by Guney et al., a diseagene network was built ana drug-disease proximity
measure was introduced using various distance metrics between the target of 238 drugs and
78 disease modules. The study concluded that proximity is a good measure to assess drug
efficacy and that drug to pathway proximity, caktigld from the distance of drug targets to
proteins belonging in a pathway, can elucidate the drug MoA. [51].

| Hit—effect association and prediction

Hit Hit-perturbed pathways Pathway—effect
O association
o ' (R
: ", Predicted
W o ‘ == —>  effect
On-targe; efficacy
toxicity

Disease pathway
Off-target pathway
Toxicity pathway

Figure2.4. The hiteffect association and prediction process. Adverse effects of hit compounds are
either caused by offarget effects or indiect effects becausef signal propagation after the direct
interaction. Thus, biological annotation of hit effects with associapadhwaysis a key stepo predict

the adverse effects and efficacy of a compound basethe affectedpathway(s)
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2.8 Conclsion

Drug discovery ia complex and timeconsuming process that involves several steps, ranging
from target discovery tcclinical trials. In thigeview, we have shown that pathwagnd
network- basedtechnologies help foster the conception miechanismbaseddrugdiscovery
and enhance the earlptagesof the drug discovery pipeline by shedding light on the
underlying biology of drugs and diseases. On this front, topdbeged pathway analysis tools
canhelp decrease the number of false positives in theget identification stepprioritize
target validation, seleabptimal hits, and help the hit tteadstep.

Although the incorporation opathway and networkbased drugdiscovery cammprove the

hit success ratehere arestill limitations andchallenges that need to be addressed. tba
one hand, network topology databases have many conflicting reports andewveral
instances, their quality is alstebatable. Onhe other hand, computational tools that extract
information from knowledge basemight have a bias towards pathways or molecules that are
better studied and more present in the data and knowledge ba®ethe data front, rapid
changes orexperimental technalgies,lack of data formats, and lack standardizations of
experimentaldedgns, influence the overall data quality. Finally, the simplistic static approach
that most computational methods adopt,overlooks thedynamic behavior obiological
systems, which limits the capability to model in detail the disease or drug stateedtto
keepaneyeon both technological and metidological advancements because they baip
bridge the gap between igilico verification and experimental validation. We anticipate that,
asmore diseaseanddrugs p e ¢ i f idata dreganeérates and shad, and as biological
information is better annotated, knowledge basedl keep expanding their coverage and
pathway andnetwork-based computationainethodswill capitalize orthose advancements,
paving anew path towards arevolved drugdiscovery pipéhe with lowerattrition rates.
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Chapter3

DeepBEM Deep Signaling Network
Embeddings for compound
mechanism of action identification

3.1 Chapter abstract

Motivation
The analysis and comparison of compounds’ trar
compound’s Mechanism of Action (MoA) in a biol

the complexity of the biological system, several computational methods have been developed

that utilize prior knowledge of molecular interactions to create a signaling network
representation that best explains thex compoun
structure, large scale datasets of compotinduced signaling networks and methods

specifically tailored to their analysis and comparison are very limited. Our goal is to develop

graph deep learning models that are optimized to transform compaeuddced signaling

networks into highdimensional representations and investigate their relationship with their

respective MoAs.

Results

We created a new dataset of compouimtluced signaling networks by applying the
CARNIVAL network creation pipeline on the gerpression profiles of the CMap dataset.
Furthermore, we developed a novel unsupervised graph deep learning pipeline, called
deepSNEM, to encode the information in the compoumduced signaling networks in fixed
length highdimensional representations.h& core of deepSNEM is a graph transformer
network, trained to maximize the mutual information between whgleph and sulgraph
representations that belong to similar perturbations. By clustering the deepSNEM
embeddings, using thekeans algorithm, we we able to identify distinct clusters that are
significantly enriched for mTOR, topoisomerase, HDAC and protein synthesis inhibitors
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respectively. Additionally, we developed a subgraph importance pipeline and identified

important nodes and subgraphs thaeve found to be directly related to the most prevalent

MoA of the assigned cluster. As a use case, d
expression profiles from various experimental platforms (MicroArrays and RNA sequencing)

and the results indicate thaorrect hypotheses can be generated regarding their MoA.

Availability and Implementation

The source code and pteained deepSNEM models are available at
https://github.com/BioSyslLab/deepSNEM

3.2 Introduction

Characterizing a compound’s Mechanism of Act i
important step in the development of new drugs or the repurposing of existing ones. On this

front, several systembased computational methods that utilize dra data, following

treatment with a compound, have been developed [1]. One approach that has gained
considerable attractiorior the MoA identification tasks the analysis of podtanscriptional

data from compound perturbations [2]. These approaches \ammale compounds
transcriptomic signatures in order to identify key genes and signaling mechanisms that either
cause the compound’'s therapeutic effect or are
Furthermore, the comparison of transcriptomic signasican be used to elucidate the MoA

of new compounds, by associating them with compounds of known MoA, or propose new

indications for already existing drugs.

There have been many studies that utilize differential gene expression (GEx) data to

characteriza compound’'s MoA [4]. The Connectivity Ma
played a pivot al role in this field, by provi
signatures and methods for their analysis, comparison and interpretation [5,6]. As an

example, lorio et al. wutilized compounds’ tran

build a network, where perturbations are connected if they have similar transcriptional

profiles [7]. This network was then analyzed to find communities andeskigthat consisted

of perturbations with similar MoA. Since a com
changes in the expression of interacting genes/proteins, combining transcriptomic data with

a prior knowledgebase of molecular interactions,g signaling pathways, can result in a more
mechanistic explanation of a compound’s MoA |
technique is the representation of a compound
(nodes), showing their activity anadw these interact with each other to transfer the signal

of the perturbation in the system [8].

Signaling network creation methods combine omics data with a prior knowledge network of
protein-protein interactions (PPI) in order to extract a graph that besplains the

experimental data. Mitsos et al. developed an Integer Linear Programing (ILP) optimization

task to identify the signaling network that (
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phosphoproteomic data [9]. Since large scale phosphoproteomitasdes following
compound treatment are very rare, there has been a concentrated effort to develop methods
for signaling network creation based on transcriptomics-12). Liu et al. developed
CARNIVAL, a causal reasoning framework to identify signatiwgnie that best explain a set

of transcription factor (TF) activity scores, calculated from differential GEx data [13].
Compoundinduced signaling networks are informatioich and complex representations of
the compounds’ e f f e che prior knowledge of mblecylar interactomsp or at e
in the form of a PPI network. However, this complexity poses limitations for their large scale
analysis and comparison of networks from different compounds using traditional network
similarity algorithms, i.e.rgph kernels. More specifically, graph similarity algorithms, such as
the Graph Edit Distance (GED), graphiased methods or graph kernels, utilize hand crafted
features and are not optimized for signaling networks, which can result in reduced
generalizéion performance and reduced scalability f18]. An interesting approach is to
employ deep learning models for graphs in order to encode the complete information of the
signaling network into high dimensional fixkshgth representations [17]. These
representations can then be compared using traditional algorithms in order to identify
similarities between compounihduced signaling networks that could translate to similarities
in the compounds'’ Mo A.

There have been many studies for the development of deapning models for graph data

in a variety of fields. These models are usually neural networks that aim to learn new task
specific node and graph representations by usi
the graph convolutional model utilizesnaessage passing algorithm to learn neighborhood

level representations of the input graph. Recently, the successful transformer architecture for

natural language processing (NLP) problems has been modified and applied on graph data

[19,20]. Graph transforers utilize an attention mechanism for each node that is a function

of the neighborhood’'s connectivity, rat her tha
graph2vec model was inspired by the doc2vec approach for NLP tasks. Graph2vec treats the
entregr aph as a document and each node’s neighbc
fixedHlength representation of the entire graph in a fully unsupervised task [21]. Another

important unsupervised approach for graph representation learning is the InfoGrapklmod

[22,23]. InfoGraph aims to maximize the mutual information between giephl
representations and representations of the gr
nodes, edges and triangles. These unsupervised graph representation learning meérod

be modified for compoundnduced signaling networks in order to extract fixedgth feature

vectors that can then be associated with the <c

In this paper, we developed a novel deep learning framework, called deepSNEM, to learn new
representations (embeddings) of signaling networks and investigate their relationship with

the compound’s MoA. Compounds’ signaling netw
pipeline and the transcriptomic signatures of the CMap dataset, resulting in a large sca

dataset of signaling networks that can aid future studies. The core of deepSNEM is an
unsupervised graph transformer trained to maximize the mutual information between
representations of graphs’ substructamres that
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similar perturbations. The resulting embeddings were evaluated based on their ability to

identify similar signaling networks and compared with representations created by different
graphbased models. Subsequently, the embeddings were clustered withktheeans

algorithm and the resulting clusters were analyzed based on their MOA composition.
Furthermore, a subgraph importance method was developed to identify the most important

nodes for each graplevel representation and the subgraphs that cause thenaigg

networks to cluster together. As a use case, deepSNEM was tasked to assign clusters to
compounds’ signaling networks generated wusing
experiment al pl atfor ms. Anal yzing tcluster, MOA ¢ 0 mg
deepSNEM can generate hypotheses regarding the MoA of new lead compounds or suggest

new potential mechanisms for already existing drugs.

3.3 Results

3.3.1 The dee@NEMapproach

The overview of our approach is presented in Figlre. Differential gene expression
signatures following compound treatment across cell lines were retrieved from the L1000
dataset (GSE92742) [6]. In totd@lf22 signatures from 3005 compounds across 70 cell lines
were utilized.The first step of the deepSNEpipeline is the creation of signature specific
signaling networks following the CARNIVAL framework [13]. In this framework, the gene
expression signatures are first transformed into transcription factor activity scores and then
an ILP model is tasked tateact the optimal subgraph from a global PPI network that best fits
the calculated activity scores (see Methods.B)5The created network is a labeled (protein
activity), signed (edge activation or inhibition) and directed PPI graph that captures the
signaling network effect of the druipduced transcriptomic signature. The core of deepSNEM
is a DL model, trained in an unsupervised setting, which takes as input thénduaed
signaling networks, created with CARNIVAL, and outputs a high dimensioreddindpthat

best captures the information contained in the input graph. Regarding the DL models, we
evaluated the use of a graph transformer trained to either maximize the mutual information
of nodes belonging to the same signature (termed deepSIEENI) or predict the edge
presence between nodes (termed deepSNEMLP), a siamese GCN model to predict the
graph edit distance between signaling networks (termed deepSIEM) and the widely
used graph2vec model (termed deepSNBRV) (see Methods 3.5.2).
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Figure 3.1. Schematic overview of deepSNEM. For each compmdawted differential expression
signature, a signaling network is created using the CARNIVAL framework. Then an unsupervised DL
model is tasked to encode the created signaling network in a higlertiimnal embedding that best
captures the input graph information.

3.3.2Model-embedding evaluation

The different deepSNEM model variations were evaluated based on the validity of the
produced embeddings on two separate tasks. The first task examineaathe e | s’ ability
produce similar embeddings from signaling networks that are created from the same
differential gene expression signature. On this front, we utilized the slightly different but
feasible network sol uti on gnesignatugAamibiegtigdteds | LP
the distributions of Euclidian distances between embeddings belonging to the same signature

and between embeddings from different signatures (FigRiBA). As it can be seen in Figure

3.2A, there is a clear distinction betwedime distance distributions of embeddings from the

same and different signatures. Thus, all models are able to produce embeddings that are
significantly more similar for graphs created from the same measurements of differential
expression. Inthe seconddk, we evaluated the similarity of graph embeddings created from

duplicate gene signatures as compared to the similarity of embeddings from random gene
signaturesDuplicate signatures indicate transcriptomic signatures from the same compound
perturbation, cell line, dose and time point that were assayed on different L1000 {i24és

Figure3.2B shows thelistributions of Euclidian distances between embeddings belortging

duplicate signatures and between embeddings of random signatures. For all mothads,

difference between the distributions is significant, as indicated by a two sarrglst (p-

values < 0.001). Thus, all models are able to produce similar graph embeddings for gene
signatures that share the same experimental conditions. Based on thes#s, we chose to

perform a clustering analysis on the embeddings produced by the deep&NHEAM
architectur e, in order to examine the connect.i
and its reported MoA.
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Figure 3.2.Modelembedding evaluation t&s. (A) Normalized Euclidian distances between
embeddings from the same signature and different signatures for all deepSNEM model variations. (B)
Normalized Euclidian distances between embeddings duplicate and random gene expression signatures
for all modé variations.
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3.3.3Clustering analysis for MoA identification

The signaling network effect of a compound perturbation in a cellular model presents a
systematic view into the compound’s MoA. I n or
identified groups of perturbations with similar network effect, by clustering the deepSNEM
network embeddings, and then analyzed the resulting clusters based on the reported MoA of
the compounds. On this front, the 2&8mensional deepSNEEBTMI embeddings were
clustered using the ¥means algorithm. The optimal number of clusters was found to be 200,
according to the means elbow plotgee Supplementary MaterigbM)6). Additionally, in

order to analyze and characterize the resulting clusters, we utilized the Mudslarovided

by the Broad’s | nst Dutofthe3005anpque conmpsunds, @12erds [ 2517 .
mapped to 261 unique MoA labels using the Repurposing Hub ddsese=EM 1)¥igure3.3A

shows the Zdimensional £SNE projections of all available rating network embeddings.
Additionally, the signaling network embeddings that belong to the top 9 most prevalent MoA
labels in the dataset are presented with different colors (Fi@.88). In order to characterize

the identified clusters, we focused on the subset of clusters that are significantly enriched for
at least one mechanism (FiguB3B). The selected clusters have at least 25% of their
compound perturbations belonging to theame MoA, with a value lower than 10
compared to a random selection. FiglB&B shows the breakdown of the available MoA in

the selected clusters. As it can be seen, the identified clusters are enriched for the same
mechanisms that are most prevaleintthe labeled dataset. As a result, DeepSNEM was able
to identify 11 clusters that are significantly enriched for specific mechanisms, i.e. mTOR,
HDAC, topoisomerase, protein and ATP synthesis inhibitors. We have to note that clusters that
are enricheddr MTOR inhibitors are also enriched for PI3K inhibitors, which is expected due
to the PIBK/mTOR signaling pathway. However, the majority of the compounds in each cluster
still do not have available labels regarding their MoA (represented with grey icokigure

3.3B). Thus, due to the unknown labels, the distribution of MoA between clusters that are
enriched for the same MoA can still be quite different.
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analyzed clusters. The Y axis represents the frequency, as a percentage, of each MoA in the cluster (CL:
cluster).

3.3.4Subgraph importance

The analysis of compourdduced signaling networks for MoA identifigat offers the

benefit of easier result interpretation. In order to utilize this benefit and increase the
interpretability and explainability of deepSNEM, we created a framework to identify the

important subgraphs for the subset of clusters analyzed inpghevious section. For each

cluster, important nodes were identified using an aggregate score based on their importance

to the embedding model and the nodes’ prevale
3.5.3). Figure8.4A shows the overlap, as a pertage, between the 20 most important nodes

of the analyzed clusters. As it can be seen, clusters that are enriched for the same MoA, have

a higher similarity between their most important nodes. Thus, the proposed importance

framework can identify nodes ofigh importance in each cluster that show a connection to

the cluster’”s most preval ent mechani sm of act
important nodes in each cluster were connected by selecting the shortest paths between

them, from the Omnipath PI that also maximize the overall sum of importance scores in the

path. Figure3.4B shows an example of the important subgraphs for the clusters that are

enriched for mTOR and PI3K inhibitors. The common most important nodes across the
presented networksriclude the mTOR regulated transcription factors NRF1 and TFDP1 and

the CSKNK2A1, RHOA, PRKACA and LCK proteins, which are involved irAtEenFIGR

signaling pathway26-30]. Finally, across all clusters, AKT1 and MAPK1 serve as central nodes

that comect the most important nodes (Figur@4B). The important subgraphs for all

analyzed clusters are presented in SM 7.
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Figure3.4. Cluster subgraph importance. (A) Heatmap showing the similarity, as percentage overlap,
between the 20 most important nodesf each cluster. (B) Important subgraphs identified for the
clusters enriched for mTOR and PI3K inhibitors (Clusters 8, 112 and 200). The average activity of each

node in the cluster is color coded from blue to red. Blue nodes are inhibited, while rexttivated.
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3.3.5 Use case: cluster assignment

Gene expression data from 7 additional compounds with known mechanism of action were
retrieved from the GE@atabase. The details regarding the experimental data used in the use
case are presented in Tal®el. Overall, the data were collected from 6 different studies, 4
cell lines and 3 different experimental platforms, i.e. Affymetrix/Agilent Microarrays and
lllumina next generation sequencing. Following the deepSNEM pipeline, each differential gene
expressin signature was transformed into a compound induced signaling network with
CARNIVAL and embedded using deepSNEMSTMI model Finally, each embedding was
assigned to one of the already identified clusters (T&¢. Figure3.5A shows the assigned
cisters and the distribution of each <cluster
SN38 and the HDAC inhibitors SodiBotyrate, Panobinostat and Belinostat were assigned

to clusters significantly enriched for topoisomerase and HDAC inhibitors résglgct
Furthermore, the topoisomerase inhibitor Doxorubicin and the mTOR inhibitor Sirolimus were
assigned to clusters enriched for their respective MoA, albeit having a large number of
compounds with unknown MoA. Finally, the compound @BK was assignetb a cluster

that was not enriched for any particular MoA. Thus, the deepSNEM pipeline can be used to
assign a cluster to a compouimtluced gene expression signaturedependent of the
experimental platformand pr ovi de i nsi ght ntialnMoA. Farthe compou
compounds in the use case, we also compared the cluster assignment of deepSNEM to a
clusteringoft he compounds’ di fferent i aiitothexsgmeessi on
number of clusters (k=200) (see SM 8) (Figus®8) Comparinghe two approaches, S8,

Belinostat and Panobinostatere assigned to clusters composed of similar mechanisms.
However,this is not the case for Sirolimus, Doxorubicin and Sodium Butyrate, which are
assigned to clusters not enriched for any particular MoA, mite geneclustering pipeline is

used. Finally, for each compound of the use case, we calculated the Jaccard similarity index
between the perturbations of the identified clusters using the two methods (deepSNEM and
genebased clustering) (Tab®2). Astican be seen in Tablg2, across all compounds the

similarity of the clusters is very low, with only the clusters assigned to the SN38 having a
slightly higher Jaccard index. Thus, the deepSNEM and-bgessel pipeline result in a

different clustering ofthe perturbations, due to the different biological hierarchy of
information provided by the compounithduced signaling networks and differential gene
expression signatures.

S

Table3.1. Information regarding the perturbations used in the use case and tlssigaed
clusters.

Compound MoA Cell line GSE Platform Cluster (CL)
. mTOR Affymetrix
Sirolimus . MCF7 GSE116447 | 53
inhibitor Microarray
CDK Affymetrix
CDK887 o MCF7 GSE19638 _ 163
inhibitor Microarray
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Panobinosta HDAC lllumina
o A375 GSE145447 22
t inhibitor NextSeq
Sodium HDAC Agilent
| L HT29 GSE61429 i g 22
Butyrate inhibitor Microarray
. HDAC lllumina
Belinostat L A549 GSE96649 188
inhibitor NextSeq
Topoisomer
) Affymetrix
SN38 ase | MCF7 GSE18552 ) 158
- Microarray
inhibitor
Topoisomer
i P Affymetrix
Doxorubicin ase | MCF7 GSE19638 ) 33
N Microarray
inhibitor

Table3.2. Jaccard similarity index between the clusters that the use case compounds were
assigned to, using the gefimsed and deepSNEM pipelines.

Sirolimus 0.004
CDK887 0
Panobinostat 0
SodiumButyrate 0.006
Belinostat 0.029
SN38 0.162
Doxorubicin 0.012
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3.4 Discussion

The changes in the protein signaling network caused by a compound perturbation can aid in
studying the compound’ s me c lem.rHoveewer, anblyziegct i on i
compoundinduced signaling networks on a massive scale is a very complex problem, not only

due to the limited availability of large datasets containing such networks but also due to the

complex structure of the data. This complexusture of signaling networks limits their
representation abilities and poses a challenge in identifying similarities or differences

between them. In this study, we created a large dataset of compéuidced signaling

networks from the CMap dataset, usithe CARNIVAL network creation pipeline and

developed an unsupervised deep learning model to transform them intadiiglensional and
information-rich representations. This novel approach, called deepSNEM was used to identify

clusters of perturbations witrsimilar network representations and offer insight into the
compounds’ MoA by analyzing the distribution o

The prediction of a compound’s MoA from biolog
attraction in the machine learning canunity [31,32]. This is evident by the recent release of

the CTDB Pancancer Drug Activity DREAM Challemdech tasked the community to predict

a compound’ s M<rahschiptosatathd cellrviability data [32]. Even though the

learning task of MA prediction is frequently modeled as supervised, in our approach we

decided to develop deepSNEM in a fully unsupervised fashion. This decision was based on the
nature of the | earning task and the compounds
MoAlased on binding affinity data, we can’t Kknowv
additional MoA labels due to other binding targets or interactions between the proteins in a

pathway. Thus, for some compounds the negative labels for all possilfldidations might

not be truly negative, rather they might be simply unknown. Additionally, another important

benefit of using an unsupervised approach, is that we gaatly increase the amount of

available databy including transcriptomic signatureslibwing treatment with compounds

that have no reported MoA. In deepSNEM the learning model is tasked to produce meaningful
representations that capture the information included solely in the compeintidiced

signaling networks without taking into accounth e compounds’ reported MoA
unsupervised task makes the evaluation of the different models and the resulting embeddings

quite challenging.

The evaluation of the validity of the resulting embeddings was based upon two tasks that test
if the models can produce embeddings that capture the similarities of the input perturbation.
Those tasks however, more closely resembling pass/fail tasks, rather than quantitative metrics
(Figure3.2). Thus, we cannot know with certainty which deepSNEM model variation, i.e. graph
transformers, graph convolutions or graph2vec is better in terms of the resulting embeddings.
For the downstream task of mechanism of action identification, we decided ¢otlues
embeddings of the graph transformed trained to maximize the mutual information between
nodes that belong to networks created from the same or duplicate gene expression
signatures. We argue that this deepSNEM variation is better suited to captungfoneation

of the signaling networks, due to the graph transformer architecture and due to the mutual
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information task that forces networks created from the same perturbation to have similar
embeddings (see Methods 3.2). Finally, we have to note thatdkalting 256dimensional
graph embeddings contain all the information of the input signaling networks, which makes it
difficult for the £tSNE algorithm to project them in 2 dimensions, as it can be seen in Figure
3.3A.

The clustering analysis and MoA ndification using the deepSNEMTMI embeddings was
performed by analyzing the MoA labels provided by the Broad Institute in the drug
repurposing hub. Using this dataset, 912 out of the 3005 total compounds were mapped to
261 unique labels. We argue thahi$ diversity of mechanisms and large number of
compounds with unknown MoA in the dataset resulted in the large number k (k = 200) of
clusters that were identified using the elbow plot of theneans algorithm. Additionally, due

to the large number of unlzeled compounds, in order to analyze the resulting clusters, we
focused on a specific subset that is significantly enriched for at least one specific MoA (Figure
3.3B). Using this approach, we identified 11 clusters that each were enriched for the most
prevalent mechanisms in the dataset. However, even for the clusters enriched for the same
MoA, the large number of unknown compounds could result in different cluster compositions,
which potentially further signifies the importance of analyzing biologicabaese from
different points of view, e.g. genes, pathways, signaling networks.

There have been many studies for the identific
response data. The majority of these approaches utilize-pasiscriptional data and heae

been utilized successfully in the fields of systems pharmacology and drug repurposing [34,35].
Since the initial part of deepSNEM relies on transcriptomic data, similarities between the
results and clustering of gene signatures and signaling netwoekexgrected. This effect is
evident in the presented use case, where some of the compounds were assigned to clusters
with similar MoA composition between the gebased and networbased pipeline.
However, some compounds were assigned to clusters enriahredifferent MoA between

the two approaches (Figur8.5). Most importantly, between the two methods, each
compound was assigned to clusters that had a very low Jaccard similarity index, meaning that
the transcriptomic signatures and signaling network emtiads of deepSNEM cluster in a
different way (Tabl&.2). Thus, even though transcriptomic signatures do provide meaningful

insight into a compound’s MoA, there are cases
reveal complex relationships that are Heh in the original expression data. We argue that
this is because a compound’'s effect on a biolo

expression of genes that interact with each other to form specific biological processes. By

supplying deepSNEM:ith this required prior knowledge of interactions in the form of the

Omnipath PPI, the compourgpecific signaling networks can provide a mechanistic view of

the compound’s effect and translate to the i
deepSNEI’ s signaling network creation via the CA
normalization factor to analyze and incorporate data from different experimental platforms

(Table3.1). Finally, the analysis of compoumdluced signaling networks has the inbat

benefit of increasing the interpretability of results.
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The interpretability and explainability of machine learning models is a concept that has gained
considerable attraction since the creation and application of powerful and complex deep
learning modés in various fields [37]. This is especially true in the fields of drug discovery and
systems pharmacology, where understanding why the model made specific decisions and
predictions can not only validate and help interpret the results, but also generate n
knowledge and hypotheses regarding the complex systems under study [38]. Here, we
developed a node and subgraph importance methodtentify which nodes the model pays
attention to when creating the embeddings and which nodes in the original netwaiksec

the embeddings to cluster togetherThis resulted in the better understanding and
interpretation of the novel representations that were extracted from the DL model. Using this
approach, we showed that the models pay attention to similar nodes in cimeluster
together compounds with similar MoA and were able to identify important signaling
subgraphs that are characteristic of each cluster (Fi@#4¢ For example, in the clusters
enriched for mTOR inhibitors, even though mTOR as a node was nenpiasthe input
signaling networks of the cluster, deepSNEM was able to extract important subgraphs that are
related to the mTOR signaling pathway.

The deepSNEM pipeline serves as proof of concept that compingiuted signaling
networks can be analyzedh@ massive scale, using deep learning and provide insight into the
compound’' s eworddapplication] deepSNEM waaltl be used in combination with
existing methods, utilizing transcriptomic data or pathway signatures, for a consbased
assgnment of compound perturbations into clusters that are enriched for specific MoA.
Subsequently, deepSNEM could be used to identify which nodes and subgraphs mostly
influenced the proposed cluster assignment, thus increasing its interpretability and help
generate new hypotheses. We believe that our signaling network dataset and the proposed
pipeline can help pave the way towards more studies that utilize the inherent knowledge of
the changes in the signaling cascade of a system to better elucidate a cocthpoen me c hani s m
of action.

3.5 Methods

3.5.1 Signaling network creation

Gene expression profiles (levelzscore transformed) of compound perturbations were
downloaded from the L1000 CMap dataset [6]. In the current study, only measurements of
the relative gene expression of the 978 landmark genes in the L1000 assay were used
(GSE92742). For each gene expression signature, a quality score was derived, based on its
transcriptional activity score (TAS), the number of biological replicates and whether the
sigmture is considered an exemplar, similar to the deepSIBA approachB2dgéd on this

guality score, only the signatures with the highest quality score were selected. An overview of
the transcriptomic signatures used in this study can be found in SM Jedébr signature,
transcription factor (TF) activity scores were inferred using the DoRothEA R package [39]. This
method utilizes a knowledge base of signedtarget interactions called Regulons and the
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VIPER enrichment algorithm to calculate TF activitgres [40]. For each compound
perturbation, the discretized TF activities of DoRothEA were transformed into signaling
networks using the CARNIVAL pipeline [13]. CARNIVAL solves an ILP optimization problem to
infer a family of highest scoring subgraphs,nfra prior knowledge network of signed and
directed proteinprotein interactions, which best explain the TF activities, subject to specific
constraints. In our approach the OmniPath network was used as the global prior knowledge
network [36]. Furthermore,tie CARNIVAL pipeline without using the perturbation targets as
input was utilized (InvCARNIVAL method). Finally, the ILP formulation of the problem was
solved using the IBM ILOG CPLEX solver, which is freely available through the Academic
Initiative (ttps://www.ibm.com/products/ilogcplexoptimizationstudio). Details regarding

the parameters of CARNIVAL can found in SM 2.

3.5.2 DeepSNEM model

3.5.2.1 DeepSNENGT-MI

Each compoundnduced signaling network is represented as a labeled, signed and directed
graph™O o0, with nodes (V) being the proteins and edges (E) denoting the directed
physical interaction between them. Additionally, the activity of each proteigpresented as

a node attribute, while the inhibition or activation of each edge is represented as an edge
attribute. Each input graph to the deepSNENFMI consists of a node feature matrix,(y,

a node activity embedding {§ and a node proximitgmbedding (¥s). The node feature
matrix contains the initial protein features of each graph, which were created using the
SeqVeq protein sequence model [41]. For each protein, the node activity embedding is a
projection of the ensiaghedf the SeqVeq featutesy usingoa singee di m
embedding layer. The node feature and node activity matrices are added before being
processed by the graph transformer. Finally, the node proximity embedding is a relative
positional embedding, where each shest path distance between nodes is calculated using
the Floyd Warshall Algorithm [42]. Thus, the proximity embedding contains information about
the relative distance of each node to all other nodes in the graph. The input matrices are then
passed throughhe selfattention mechanism of the graph transformer, resulting in a final
feature matrix X [19,20]. Finally, this feature matrix is summarized using the Set2Set global
pooling method into a trainable wholgraph representation [43]. The model is trainkdly
unsupervised by maximizing the mutual information between node and wi@ph
embeddings that are created from the same or duplicate transcriptomic signatures, using the
CARNIVAL pipeline, thus resulting in similar graph representations for thepgsimebation.
Similar to the InfoGraph approach, the Jen&rannon Mutual Information estimator was
used, while an additional term was added to the total loss function in order to force the
embeddings to be uniformly distributed [22]. More details redagdthe deepSNENETMI

model can be found in SM 5.

3.5.2.2 DeepSNEM model variations

The DeepSNEIGED variation is a Siamese graph convolutional model that is trained to
minimize the error between the predicted and calculated graph edit distance for aopair
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compoundinduced signaling networks. Furthermore, the deepSNEM.P variation is a
transformer model similar to deepSNEMI-MI, albeit trained to predict the presence of an
edge between two proteins (nodes). Finally, the deepSKEZM model is an apphtion of
the widely used graph2vec model for whajeaph representations [21]. Details regarding
these model variations can be found in SM 3 and 4.

3.5.3 Node and subgraph importance

The average attribution of each node (protein) to the resulting siggaletwork embedding

was calculated using the saliency map approach of the Captum library [44]. With the saliency
approach the attributions are calculated based on the gradient with respect to the input [45].
This approach results in an attribution scdoe each node that shows the importance of the
node to the model, when calculating the network embedding. Subsequently, a scoring
function was designed in order to identify the important nodes in a specific cluster of signaling
network embeddings. For eaalode, this scoring function calculates the product of the
medi an rank of the node’s attribution score ir
appears in the signaling networks of the cluster. Finally, this score is normalized between O
and 1. For isualization purposes, the 20 most important nodes of each cluster were
connected using the shortest paths from the OmniPath PPI network that maximize the overall
sum of importance scores in the connected graph.
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3.7 Supplementary Material

1 Data preprocessing and quality control

The filtered CMap dataset contains 7722 transcriptomic signatures from 80®Hounds
tested across 70 cell lines. During the filtering process, for each compound per cell line, its
signature with the highest quality across different dosages and time points was selected. The
assigned quality score based on TAS, number of repdicatel whether the signature is
considered an exemplar is presented in Tat8el SOnly signatures with Quality score of 1
were used.

Table 8.1 Signature quality score

. Number of
Quiality score TAS _ Exemplar

replicates

Q1 >04 >2 True

Q2 0.2-04 > 2 True

Q3 0.2-04 <2 True

Q4 0.2-04 > 2 True

Q5 0.2-04 <2 True

Q6 <0.1 >2 True

Q7 <0.1 <2 True

Q8 <0.1 <2 False

2 CARNIVAL parameters

The CARNI VAL pipeline was ran in parallel and
as input (InvCARNIVAL). The signaling network dataset was created with an older version of
CARNIVAL in R version 3.6, but the same parameters can be used itesherdasion of

CARNIVAL.
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The main parameters, which can be found in Tal#€,Sare the time limit until the
optimization terminates (timelimit), theallowed number of solutions to be generated
(limitPop), the allowed number of solution to be kept in the pool of solution (poolCap) and
the external ILP Solver us€bhe rest parameters can be set to the default of each CARNIVAL
version [1].

Table 8.2 CARNIVAL pipeline parameters

Execution mode parallel

inverseCR TRUE

ILP Solver Cplex
timelimit (in minutes) 1800
limitPop 500
poolCap 100

3 Graph2vec

Our approach was compared with a wetiown and welestablished model for the
generation of graph embeddings, called graph2vec [2]. Graph2vec works like doc2vec by
assuming that a graph is a document and the rooted subgraphs around every node in the
graphare words that compose the document. Like two documents in doc2vec have similar
embeddings if they consist of similar words, two graphs in graph2vec have similar embeddings
if they consist of similar subgraphs, meaning that embeddings are generateday, doth
unsupervised and domaiagnostic, in which similar graphs would have similar embeddings.
In the current study, signaling networks were considered undirected, so that they can be fed
to the graph2vec model, and node labels are assigned as contetestings of the node
name and the sign of the activity of each node so that the important feature of activity in a
signaling network can be considered. We reason that the transformation of the graph from
directed to undirected would not undermine the glity of the resulting embeddings
completely, as in the case of signaling networks every connection encountered is unigue for
all graphs, meaning that every unique pair of nodes that exists in the dataset can have only
one unique direction and sign. Theagh2vec model was trained for 1 epoch and the
embedding size was set to 128.

4 GED model

One approach to embed graphs into a high dimensional space, while maintaining the original
graphgraph similarity in the high dimensional space too, is the utibmatf a distance
learning approach that employs Siamese encoders (shared weights) to construct graph
embeddings. As proposed in the UGraphEmb framework by Bai et al., similarity or dissimilarity
between graphs can be defined by domaignostic and unbiasedistance metrics, such as
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Graph Edit Distance (GED), which can be used to train the model in an supervised manner [3].

One definition of GED is that of the number of operations, such as node or edge insertions

and deletions, needed in order to transformegraph G1 into another graph G2 [4]. To this

end, a distance learning model consisting of siamese graph convolutional encoders is trained

to minimize the Mean Squared Error (MSE) between the predicted cosine distance of paired

graph embeddings and the Gf the pair of input graphs. The input representation and the

architecture of the encoder is similar to the one used in the deepSIBA framework [5]. The

encoder consists of three graph convolutional layers, as proposed by Duvenaud et al.,

followed by oneconvolutional layer, one pooling layer and one fully connected layer, while

the final graph embeddings are-h®drmalized. The graphs are represented by a node matrix,
containing information about the nodes’ featu
inf ormation about the edges’ features and a con

5 DeepSNENGT-MI

The deepSNENETMI model encodes the input matrices of each signaling network using two
multi-head attention layers. Each muhiead attention layer computes the attention e

using the key, query and value matrices, which are later combined using a simple feed forward
network. The output of this network is used to produce the whgiaph representations
using the Set2Set LSTM model. The mutual information is approximaiaed ssnple
discriminators in order to train the model. The final node embedding size is set to 128, while
the wholegraph representation embedding size is set to 256.

6 Clustering with kmeans

The deepSNEMNETMI embeddings were clustered using thenkeansalgorithm. The optimal
number of clusters were selected using the elbow method. The elbow plot of the clustering is
presented in FigureSlL. Figure $.1 shows the total within sum of squared distances between
the centroids and the points of each clustéar different values of k. We can see that the
elbow starts to form around k=200. This comes in agreement with the internal diversity of the
dataset, where we have 261 unique MoA labels assigned to 912 compounds. Based on the
results of Figure¥l1, the rumber of clusters was set to 200.
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Figure 8.1. Elbow plot of the kneans clustering of the deepSNEB-MI embeddings.

7 Subgraph importance

The important subgraphs for all analyzed clusters that were significantly enriched for a specific
MoA are preserdd in Figure $2.
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125 and 158), HDAC (Clusters 142, 147 and 179), protein synthesis (Cluster 72) and ATP synthesis
(Cluster 120) inhibitors. The avermgctivity of each node in the cluster is color coded from blue to red.

Bl ue nodes are inhibited, while red are activated.
represented by the size of the node’'s circle.

8 Use case and gerevel clusteing

The MicroArray gene expression profiles following compound treatment were preprocessed
with the RMA algorithm, while the RNAseq data with the edgeR algorithm. The transcriptomic
signatures of the CMap dataset were clustered with th@dans algorithmsimilar to the

signaling network embeddings. The elbow plot of the gene expression clustering is shown in
Figure S3. Similar to the clustering of the deepSNEM embeddings, the number of clusters k
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was set to 200. Furthermore, Figurg.&shows the SNEprojections of the gene expression
profiles, where the most prevalent MoA labels in the datasets are coded with different colors.
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Figure S3. Elbow plot of the kneans clustering of the differential gene expression profiles.
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Figure 8.4. TSNE projedbn of the gene expression profiles. Different colors represent the 9 most
prevalent MoA in the dataset, while the grey color represents perturbations with either unknown or
other MoA
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4.1 Chapter abstract

Predicting whether a chemical structure leads to a desired or adverse biological effect can
have a significant impact for -gilico drug discovery. In this study, we developed a deep
learning model where compound structures are represented as graphshardlinked to

their biological footprint. To make this complex problem computationally tractable,
compound differences were mapped to biological effect alterations using Siamese Graph
Convolutional Neural Networks. The proposed model was able to encodeculat graph

pairs and identify structurally dissimilar compounds that affect similar biological processes
with high precision. Additionally, by utilizing deep ensembles to estimate uncertainty, we
were able to provide reliable and accurate predictionsdbemical structures that are very
different from the ones used during training. Finally, we present a novel inference approach,
where the trained models are used to estimate the signaling pathway signature of a
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compound perturbation, using only its chemictructure as input, and subsequently identify
which substructures influenced the predicted pathways. As a use case, this approach was used
to infer important substructures and affected signaling pathways of-&pkoved anticancer

drugs.

4.2 Introduction

Early stage drug discovery aims to identify the right compound for the right target, for the
right diseaseA very important step in this process is hit identification, in which compounds
that exhibit strong binding affinity to the target protein ardqmitized. Traditionally, the most
widely employed method foin-vitro hit identification is High Throughput Screening (HIFS).
vitro HTS can produce hits with strong binding affinity that may later be developed into lead
compoundghrough lead optimizatin. However, due to the vast chemical space, even large
scalein-vitro HTS offers limited chemical coveragen this front, the development of
Computer AidedDrug Design (CADD) methods famabled the virtual High Throughput
ScreenindvHTSpf vast compoud libraries thus effectively increasing the search space of
hit identification. CADD met hods for VvHTS foc
prioritize those thatare likely to have activity against tharget, for further experiments.
More specifically, ligantbased approaches at®msed on the hypothesis that similar chemical
structures will cause similar biological response, by binding to the same protémever,
there are many cases of compounds and drugs, which although structurally dissianiise,
similar biological effecteither because of offarget effects or by targeting proteins in the
same pathway.As a wholeCADDapproache focus on optimal binding affinitypy assessing

a compound’ s s tdftendisregarding the dfféct of theupértarbation on the
biological systemwhichis closely related to clinical efficacy and toxicity.

Advancesinsystedsased approaches and ‘omics technol ogi
of systems pharmacology methods that aim to lower the attrition rates of early stage drug
di scovery. Systems pharmacol ogy appsesaches colL

molecular interactions and network analysis methods in order to assess compoasels dn

their biological effect. One approach that has gad considerable attraction is the use of

gene expression (GEx) profiling to characterize the systematic effects of compounds. On this

front, Verbist et al. showed how GEx data were able to influence decision making in eight drug
discovery projects by unceving potential advems effects of the lead compounds.
Additionally, lorio et al. wutilized similaritd.
a drug network ad identified the mechanism of action of new drugs basedteir position

in the network! Since its release, the Connectivity Map (CMap) taedLINCS project have

been a cornerstone of transcriptomirased approaches by providing a large scale database

of transcriptomic signatures from compound perturbations along with esskesigmature

matching algorithm8®CMap’' s approach is based on the hypc
similar transcriptomic signatures will cause similar physiological effects on the cell and has

been widely adopmd by the field of drug repurposin§. However, signaturdased
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approaches are not only limited in the search space of compounds with available GEx data but

are also missing kegtructural information that is pivotal for drug designThus, an
interdisciplinary framework that transl ates a
effect holds promise in augmenting the application of both CADD and sysiases

approaches for drug disvery. A computational approach that meets the requirements of

such an interdisciplinary framework is Machine Learning (ML) and especially Deep Learning

(bL)

The recent increase in available data and computing power has given rise to Deep Learning
(DL) methods for varioudrug discoveryasks, including bioactivity and toxicity prediction as
well as denovo molecular desigh:*®> DL methods offer the advantage of flexible etodend
architectures hat learn task specific representations of chemical structures, withauhted

for precomputed featured® One particular DL architecture that has achieved state of the art
results in several drug discovery benchmark datasets is the GraplolQtowal Neural
Network (GCNNY.'® Molecular GCNNs operate on chemical structures represented as
undirected graphs, with nodes being the atoms and edges the bonds between them. Kearnes
et al. developed the Weave graph convolution module, which encodes both atom and bond
representations and combines them using fuzzy histograms to extract meaningfetule

level representations? Despite their improved performance over traditional ML methods,
endto-end models including GCNNs are still prone to generalization errors on new chemical
scaffolds. This is mainly because of the limitedecage of the cherigal space by the training
data? In order to tackle this limited chemical coverage, methods like-shwa learning are
promising candidates for drug discovery applications.-6m& learning techniquesush as
Siamese networks, aim to learn a meaningful distance function between related inputs and
have shown increased performance over traditional methodtasks with few data points:

24 Altae-Tran et al. implemented onshot learning for drug discovery by combining graph
convolutions and Long Short Term Memory (LSTM) networks with attention and achieved
better results than traditional GCNNS3.Furthermore, for drug discovery applications,
uncertainty estimation is crucial, since incorrect predictions e.g. regarding toxicity can lead to
incorrect prioritization of compounds for further experimental testiffg?® On this front,Ryu

et al. developed Bayesian GCNNsnfmiecular property, bioactivity and toxicity predictions
and showed that quantifying predictive uncertainty can lead to moreurate virtual
screening result® The flexibility provided byGCNNarchitectues along withone-shot
learning and uncertainty estimation approacteEmcombine aspects frorhoth systems and
ligandbasedmethods into an interdisciplinary framewoftr early stage drug discovery.

In this paper, we employ deep learning to decipher ttwamplex relationship between a
compound’s chemical structure and its biologi
computationally tractable, we focus on learning a combined representation and distance

function that maps structural differences to biologl effect alterations. For this task, we

proposea deep Siamese GCNN model called deepSIBA. DeefaRE#3Aas input pairs of

compound structures, represented as graphs andputs their biological effect distangen

terms of enriched biological process@Ps) along with an estimated uncertainBeepSIBA

is trained to minimize the loss between predicted and calculated distances of enriched BPs for
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compound pairs with available GEx data.order to account for the biological factors that

influence the learning taskwe train cell linespecific deepensembles only on carefully

selected chemical structures, for which high quality GEx data are availdi#eerformance

of our approach wasvaluated with a realistic drug discovery scenario in nwvitere gene

expression data are available for only one compound per pair and compareiivithethods

for pairwise (dyadic) dat#:*? Finally, wepresent a novel inference approach, in which the

trained models can be used to infer the signaling pathway signatueetafget compound,

without available GEx data. This inference approach is coupled with a novel method, based

on gaph saliency mapgd which can identify substructures that are responsible for a
compaund’'s inferred biological footprint. As a u
signaling pathway signature and important substructures of approved anticancer drugs for

which no transcriptomic signatures are available in our data sets, usinghaitychemical

structure as input. DeepSIBA can be used in combination with existsilgcodrug discovery

pipelines to identify structures that not only exhibit maximal binding affinity but also cause a

desired biological effect. Thus, by incorponai deep SI BA' s interdisciopld.i
drug discovery process can produce candidates with improved clinical efficacy and toxicity.

4.3 Material and methods

4.3.1The deepSIBA approach

The overview of our approach is presented in Figlile Transdptomic signatures from
compound perturbations along with their respective chemical structures were retrieved from
the CMap datasetFor each compound perturbation, normalized enrichment scores (NES) of
GO termsrelated to BPs were calculated using Gene Set Enrichment Analysis (GSEA).
Afterwards, the lists of enriched BPs were ranked based on NES and a KolrSgumnoav

based distance function, similar to GSEA, was used to calculate their pairwise distanee (Figu
4.1A). During the learning phase, the proposed model is trained to predict the pairwise
di stance between compounds’ affected BPs using
input chemical structures are represented as undirected graphs, with Hogieg the atoms

and edges the bonds between them and encoded using a Siamese GCNN architecture (Figure
4.1B). In our approach, compounds with available GEx data, representing a small portion of
the chemical space, serve as reference for the infer@iwse. During inference, the model

is tasked to predict the biological effect distance between reference and unknown compounds
(without available GEx data).
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Figure4.1 Schematic overview of deepSIBA. (A) Pairs of transcriptomic signatures following

compound treatment are retrieved and enriched GO terms for BPs are calculated. The

pairwise distance between enriched BPs is calculated using a Kolmegmiawov based

function (Y). (B) Pairs of chemical structures are represented as molecular graphs atebenco

by a deep |l earning model using Siamese graph c
then subtracted and a score, which represents their distance between enriched BPs, is

predicted (). The deep learning model is trained by minimizing the loss bEtvpeedicted

(@) and calculated distance (Y).

4.3.2Data preprocessing and quality control

Transcriptomic signatures (level Baore transformed) following compound treatment were
downloaded from the L1000 CMap resouféén this project, only the differential expression

of the 978 landmark gends the L1000 assay was considered. For each signature, a quality
score was derived, based on its transcriptional activity score (TAS), the number of biological
replicates and whether the signature is considered an exemplar. This quality score ranges
from QL to Q8, with Q1 representing the highest quality. TAS is a metric that measures a
signature’s strength and reproducibility and
number of differentially expressed (DEXx) transcripts and tHegtntile of pairwis replicate
correlations. Furthermore, exemplar signatures are specifically designated for further analysis
in the CLUE platforr#®. For each compound per cell line, among signatures from different
dosages and time points, the signature with the highest quality was selected. An overview of
the processd dataset is presented Bupplementary Informatior§]) 1.1.
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4.3.3Biological process enrichment and pairwise distance calculation

Gene Ontology (GO) terms for biological processes (BP) involving the landmark genes of the
L1000 assay were retrieved ngithe topGO R package in Bioconduét@nlyGOterms with

at least 10 genes were consitd. For each signature, GO term enrichment was calculated
using the R package FGSEA in Bioconddtinus, the gendevel feature vector of each
perturbation was transformed to BRlevel feature vector of Normalized Enrichment Scores
(NES). Pairwise distances betweenrl@Fr| feature vectors were calculated similar to lcgto

al’, using the R package Gene Expression Signature in Biocon#fuGisen two feature

vectors ranked by NES, A and B, GSEA is used to calculate the ES of the top and bottom GO
terms of A in B and vice versa. The distance between the vectors is computed as

I SR S and ranges from 0 to 2. An important parameter that can introduce bias in the

distance calculation is the number of top and bottom GO terms to consider during GSEA. On
this front, an ensemble approach was developed, by calculating pairwise distagivesen
BRlevel feature vectors for 5 different numbers of top and bottom GO terms. The numbers
we considered were selected based on the average number of significantly enriched GO terms
across all perturbations in theataset (seesl 1.3 for details The distance scores were finally
averaged and normalized between 0 and 1.

4.3.4Siamese GCNN architecture

A. Siomese graph convolutions B. Distance module
3x graph convolufion 1D convolution
/.» T -.\‘/, - ""n_\‘/_ —_— *—-\\/."'_ _"‘\

2x 1D convolution Fully connected

Gaussian
layer

Figure 4.2 Schematic representation of t he mo d e |
convolutional encoder s; c 0 mp asing @ sncodemsonMthe c ul ar
shared weights (Siamese). Each encoder consists of 3 graph convolution and 1 convolution

layers. (B) Architecture of the distance module; the distance module consists of 2 convolution,

3 fully connected and 1 Gaussian regression Ryer

A schematic representation of oWl Thateareng’ s ar chi
model takes as input the chemical structures of compound pairs and predicts their biological
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distance, at the level of affected biological processes (&@s). Regarding the input,
chemical structures are represented as undirected graphs, with nodes being the atoms and
edges the bonds between them. Each input is encoded using 3 matrices: theaatnwhich
contains atordevel features, the bond array, whicontains bondevel features and the edge
array, which describes the coectivity of the compound (se8l 2.1 for details). The learning
model consists of two Siamese encoders (shared weights) that embed the input graphs into a
high dimensional latent gre and a trainable distance module that outputs the final distance
prediction. The Siamese encoders consist of 3 graph convolutional layers that learn
neighborhoodlevel representations, followed by a convolutional layer that extracts
compoundlevel featues (Figure4.2A). Graph convolutions were implemented similar to
Duvenaudet all’ (seeSl 2.2 for details). The overall goal of the Siamesedsr is to learn
taskspecific compound representations. The feature maps of the last Siamese layer are then
subtracted and their absolute difference is passed to the distance module. The distance
module consists of 2 convolutional layers, which extranpdrtant features from the
difference of the feature maps and 3 fully connected layers that aim to combine those
features, while progressively reducing the dimensions (Figu2®). Finally, a Gaussian
regression layer outputs a mean and variance of tlogiical effect distance between the
compound pair. By treating the distance as a sample from a Gaussian distribution with the
predicted mean and variance, the model is trained-émend by minimizing the negative log
likelihood criteriord” given by

p _

W W QOEET BOEO

& E7Q0 D gc‘x £ "06

For each <celll Il i ne, an ensemble model combi ni
output is also a Gaussian, with mean and variance calculated from the unjifereighted

mixture of each model.Re coefficient of variatiodCV)of the Gaussian mixture is used as the

model ' s estimate o.f Tphreedmadeédalv'es umycreartmdamamet er
equations for t he dBdvararse aengsemeddnSi2.8and 24. me a n

4.3.5Dataset splitting and evaluation metrics

For each cell line, available compounds were split into training and test. Each cell line specific
training set consists of t he paiaffegtedsBPs, di st anc
while each test set contains distances between test and training compounds. Additionally, the

Tanimoto similarity between the ECFP4 fingerprints of all training and test compounds was
calculated and test compounds that exhibited a similanigher than 0.85 to any training

compound were excluded. An overview of the trainamgd test sets is presented Bl 4.1.

Across all test scenarios, modarformance was evaluated in terms of Mean Squared Error
(MSE), Pear sonMSEand®amgiomprecr sweme cal cul ated be
and computed distance values. In order to calculate precision, the continuous distance values

were transformed to binary form by comparing them with an appropriate distance threshold.

Even though the learng task is a regression problem, giviée nature and potential
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applicationshighprecision(————) is important in order ¢ avoid false positive hits for

validation experiments. Theppropriatedistance thresholdor precision was set at 0.2, based

on the distance distribution of duplicate compound signatutée threshold equivalent to a
90% Connectivity Score and theationship between the threshold arttie actualaverage
number of common enriched BPBuplicae signatures indicate transcriptomic signatures
from the same compound perturbation, cell line, dose and time point that were assayed on
different L1000 platesThus, the distribution of distances between duplicate signatures most
closely approximates theeference distribution of truly similar biological effech thorough
investigation of the distance threshold to distinguish compounds with similar baalbegifect

is presented irS1 51.

4.3.6Signaling pathway inference for target structure

The preditions of a trained deepSIBA model can be used to infer a pathway signature for a

target structure without the need for GEx data, in terms of the most upregulated and
downregulated signaling pathways. The inference approach is similar to -theatest

Neighbor algorithm (KNN). Given a target structure, a trained ensemble model for the cell line

of choice is used to predict all pairwise distances between target and training compounds. The
predicted distance represents edBPs(@Otérhsg.r ence b
Training set compounds with predicted distance less than a specified threSholdre
selected as the target’s nei ¢ohdmbbors asighdinga t ar ge
pathway signature can be inferred in the followivgy. For each neighbdr , the lists of the

top 10 most upregulated and most downregulated pathways, based on NES, are constructed.

Pathway enrichment is calculated using FGSEA with KEGG as a knowledjeKBA36.

signaling pathways were chosen for inference due to their interpretability. Signaling pathways

t hat appear in the neighbors’ l'ist& aei t h a fr
selected. Additionally, to account for signaling pathways Hrat frequently upregulated or

downregulated in the set of training compounds, -&alue for each inferred pathway is also

calculated. On this front, sets &neighbors are randomly sampled 5000 tirfesm the

training set and a Null distribution of fregncy scores for each pathway is derived -vajue

is computed as the sum of the probabilities of observing equally high or higher frequency

scores. Finally, only pathways witkhvplue lower than a thresholj are inferred. Thus, for

each chemical sticture, our approach infers two signatures of variable length (up to 10 each)

of potentially downregulated and upregulated pathways respectively. For the MCF7 cell line,

the aforementioned thresholds and parameters of the inference approach were selegted b

evaluating the results, in terms of precision and number of inferred pathwagsit

respective test set (se8l 6.1 for details).
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4.3.7 Substructure importance using grapbased gradients

A graphbased gradient approach, similar to saliency mapss waveloped d@ identify
important substructures that influence the biological effect similarity of chemical structure
pairs. First, the daeavnritheiapgutimaticesthdt codtanthpeomB A’ s ou't

features ofeach compound, in the input air, is calculated using Tensorflow—{——).

Subsequently, for each compound atom importance is scored, using a directional derivative
approach. Thus, similar to vector calculuse directional derivative of a scalar f(Mj)ith X
being a matix, in the direction ofa matrix Y is

nRG 01—z,

where,— is the gradient matrix, or in our case——, while®@can be considered a matrix

with zeros everywhere, except the row contain
importance score for each atom of a compound can be calculated as

Yoo 20

where the only norzero part ofw isthe onehot encoded feature vector of atokd For each

atom the importance scoréy was transformed to a count scote , based on how many times

each atom was in the top 20% most important atoms for each model in a deepSIBA ensemble.

When scoring atonimportance during the pathway inference approach, a similar score was

calculated based on the times an atom was present in the top 20% for each-tafgegnce

pair. Finally, due to the GCNN core module of deepSIBA, important substructures are formed

byi mportant atoms that are neighbors in the com
is visualized using the RDK:it libréty.

4.4 Results and discussion

7

44m . A2t 23A0FE FILOG2NR Ay TFfdzSyOS GKS

The presented model is tasked to predict the biological effestdce between compounds,
using their molecular graphs as input. Considering that this distance is calculated from
experimental GEx data following compound treatment, there are specific biological factors
that can influence the learning taskhe CMap datset contains over 110K transcriptomic
signatures from over 20K compounds assayed across 70 celBinearefully analyzing these
signatures and their pairwise distances were able to pinpoint the most influential factors
and identify their effecton he model ' s target value.

4.4.1.1 The variation iguality of GEx datas reflected onthe calculated distance valuélhe
guality of gene expression data, from which transcriptomic signatures in the Connectivity map
were derived, varies across compound perturbations. In our case, this variation in data quality
is especially important. On this front, a categorical quadgre, ranging from Q1 to Q8, was
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assigned to each signature, with a score of Q1 reprtrsg the highest quality (se8l 1.1). In

order to assess the effect of signature quality, distributions of distances between duplicate
transcriptomic signatures (same®mpound, cell line, dose, time) for different quality scores

were examined and are presented in FigdtBA. As expected, Q1 duplicate signatures are

very similar and their distances are centered near a small value. However, this is not the case

for Q2 duplicate signatures, where differences in differentially expressed genes are prominent

even when all the perturbation parameters are kept constant. It is clear that signature quality
significantly affects the distribution of the

4.4.1.2 Distances between transcriptomic signatures vary across cell lineempound

response, in terms of DEx genes, is highly dependent on the cellular model. Due to different

genetic backgrounds and gene expression patterns the same compound perturladtion

have different transcriptomic signatures across cell littékhis dependence, directly affects

thedst ance between compounds’ transcriptomic si
relationship between gerdevel distances of compound pairs present in both the MCF7 and

VCAP cell lines, with Q1 signatures, is shown in Fi@8E In general, Q1 transptomic

distances of the same compound pair in the 2 examined cell lines are moderately correlated
(Pearson’s r = 0.469). However, there is a sig
similar transcriptomic signatures in one cell line but not in tkeeo (lower right and upper

right quadrants of Figuré.3B). Such cases are even more prominent for compound pairs with

Q2 signaturessgeSl 1.2). Thus, the cell line effect poses a problem for the proposed learning

task by providing a onto-many mappingbetween input (pair of chemical structures) and

output (distance between signatures).
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Figure4.3 Influence of biological factors on the learning taék) Evaluation of data quality
based on the gemdevel distance between duplicate compound perturbats (same
compounds)for the MCF7 cell line. (B) Scatterplot of distances between transcriptomic
signaturegQuality 1)of compound pairgpresentin both the MCF7 and VCAP cell linBise

red lines, at 0.2 for MCF7 and 0.19 for VCAP indicate the meamdastideviation of the
distribution of distances between Q1 duplicate signatures for each respective cell lige; (C
G) Heatmas of gene and Bfeveldistancesbetween cell lines for the knockdown of the MYC
gene.

4413/ 2YLI2dzy RaQ 0 A ark delter Gepresented ghSaCindtional levelA
distance function that operates directly on transcriptomic signatures does not account for
smaller differences in the DEXx of genes that belong to the same biological paffiwesy the
similar effect betweerperturbations, in terms of enriched BPs, might not be clearly reflected
on their genelevel distance. On this front, a comparison of BP and fmved distances
between cell lines for the knockdown of the MYC gd@d signatureswith shRNA is
presented ih Figure4.3C MYC is an oncogene that playisey role in cell cycle, transformation

and proliferation and was selected because its knockdown is expected to cause similar
response across cancer cell lines. The smaller overall distance between cellfilgesed 3G
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indicates that the expected similar effect of MYC knockdown is better highlighted on a
functional level between enriched biological processes rather than between transcriptomic
signatures (Figurd.3G). Furthermore, we evaluated which disice metric, either between
BPs or DEXx genes, can better highlight the expected similar biological effect of structurally
similar compoundé? In the CMap dataset, we identified pairs of similar chemical structure
using the traditional Tanimoto coefficient between ECFP4 fingerpantsthen calculated
what percentage of those cause similar biological response at the BP andegeh€Table

4.1). As it can be seen in Taldl4, across all structural distance thresholds the percentage of
structurally similar compounds with similar higical effect is significantly higher when
distance is calculated between signatures of enriched BRfetailed comparison between
structural and biological effect distances for all examindtlices is presented i8] 1.4

Table4.1 Percentage of staturally similar compoundthat cause similar biological effect,
either at the gene or BRvel, in the MCF7 cell line

Structural distance  Pairswith similar Pairs affecting Pairsaffecting
threshold chemical structure similar BPs (%)*  similar genes (%)**
0.10 91 76.9 68.1
0.15 114 75.4 65.7
0.20 200 74.0 61.0
0.25 316 69.9 57.6
0.30 494 65.3 51.0

* BP distance threshold to consider compounds similar = 0.2
** Gene distance threshold to consider compounds similar = 0.19

Through the careful analysis of the processed data se¢sshowed thatraw data quality
greatly affectsthe distribution of distance values and that lower quality transcriptomic
signatures of the same compound, with the same perturbation parameters (@igdi), often
exhibit large differences in terms of DEx genes (Figu84). Based on these findings, we
chose to develop deepSIBA using only compounds with available Q1 transcriptomic
signatures. Furthermore, we showed that the transcriptomic distan@eampound pair can

vary depending on the choice of cellular model (Fighi@B). One common approach to
address this issue is to aggregaieher transaiptomic signatures or distance valuasross

cell lines. While aggregating enables the training cfrzegal model on all available compound
pairs, it can often produce misleading results and cause informationTbss, we decided to
make our approach cell line specific and develop our models for cell lines that have the highest
number of Q1 transcriptoin signatures following compound treatment. Finally, we
highlighted that a distance function operating on enriched BPs, rather than genes, can better
capture the expected biological effect similarities of perturbations with similar structure or
biologicalnature (Table4.1, Figure4.3C). We reason that this is the case due to the BP
enrichment analysis that precedes the distance calculation, which can capture smaller
changes in the expression of genes that interact with each other to form a biologicakproce
By analyzing the relationship between the aforementioned experimental factors and our
target variable, we were able to make dadaven decisions to propose a learning task that
minimizes their effect. In the following sections we evaluate the alifitgeepSIBA to learn
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the proposed task and test whether our approach can identify dissimilar structures that affect
similar BPs in a meaningful way.

4.4.2 Performance evaluation

Model performance was evaluated on pairs of reference and test compoundst

compounds were removed from the training sets and thus represent new chemical structures

without available experimental GEx data. Additionally, the effect of the structural similarity

between input compounds on performance, along with the utilityltot model ' s est i mat
uncertainty, were investigated. Finally, we evaluated the performance of our approach on test

chemical structures that are very different from the ones used in training.

4.4.2.1Test set performanceln each cell line specific tesét, the performance of deepSIBA

was compared to the performance of ReSimNet and TwoStepRLS. ReSimNet is a recently
proposed deep Siamese MLP model, while TwoStepRLS is a regularizedb&eedel

regression method. Both methods are suitable for distanoeilsirity learning for pairwise
(dyadic) data and were implement ed(seel3Ing compo
and 3.2 for details)As shown in Tablé.2, across all cell lines, deepSIBA achieved the lowest

overall MSE and in the 1% of testrgales with the lowest predicted values. The ReSimNet

model s for the A375 and MCF7 cell Ilines achiev.
TwoStepRLS had the highest Pearson’'s r, for th
of precision, he deepSIBA models heavily outperformed the other methods across all cell

lines. In order to calculate precision, an appropriate distance threshold of 0.2 was used for alll
approaches (see sectioh3.5 for details) While ReSimNet and TwoStepRLS exhibited |

precision, they predicted that many more compound pairs will have similar biological effect.

When examining the lowest 1% of predicted distances, their precision improves and in the

MCF7 cel | |l ine TwoStepRLS’ p r efald cessoatidatour passes
results for ech cell line are presented 8i 5.2.

Table4.2 Cell line specific test set performance

. Precision Predicted
. MSE P e ar s Precision L.
Cell line Model MSE @1% similar

19 %
1% ' () (%)* pairs

DeepSIBA 0.008 0.006 0.59 98.22 98.22 169

A375 ReSimNet 0.012 0.022 0.60 32.23 56.80 18243

TwoStepRLY 4 010 0.0®8 0.51 44.61 78.68 4024

PC3 DeepSIBA 0.011 0.007 0.53 89.29 89.29 28
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ReSimNet 0.017 0.032 0.49 25.02 46.89 14195

<
TWOSIPRL: 013 0041 044 2098 3896 1758

DeepSIBA 0.033 0.026 0.41 71.63 71.63 141

VCAP  ReSimNet 0.039 0.105 0.38 32.69 52.97 9245

<
TwoStepRL: 4034 0049 043 3234 3112 3120

DeepSIBA 0.012 0.007 0.56 61.03 61.03 195

MCF7 ReSimNet 0.015 0.029 0.59 26.93 51.20 13420

<
TwoStepRL: 515 0010 047 3355  70.14 4322

4.4.2.2 Transferring knowledge to other cellular modelkitially deepSIBA was trained and
evaluated in the four cell lines that have the highest number of Q1 transcriptomic signatures
following compound treatment. In order to expand the biological coverage of deepSIBA we
utilized transfer learning to train aumodels on six additional cell lines which have the next
highest number of Q1 signatures. On this front, we-pegned a deepSIBA model on the
entirety of the A375 cell line dataset and then applied it on additional cell lines by resuming
training for 6epochs. The performance of the transfer learning approach on each cell line
specific test set is presented in TaBl8. Across all additional cell lines deepSIBA was able to
achieve similar performance to that of the A375, PC3, MCF7 and VCAP cell lines.

Table4.3. Test set performance of the transfer learning approach

Celline MSE MSE@1% Pear s o Precision (%)
HT29 0.010 0.013 0.60 84.88
A549 0.013 0.012 0.62 83.00
HA1E 0.015 0.009 0.58 100
HEPG2 0.013 0.014 0.61 99.10
HCC515 0.014 0.010 0.52 97.92
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NPC 0.006 0.005 0.67 73.64

4.4.2.3Performance as a function of the structural distance between input compounéls
shown previously, similar chemical structures have similar signatures of enriched BPs.
However, there are many cases of structyratlissimilar compounds that cause similar
biological response. It is therefore important to evaluate Hiwlity of deepSIBA to identify
such cases, by calculating its performafmetest pairsof varying structural distanc®n this

front, each cell linespecific test set was split into parts based on 8teuctural distance
between compoundsnd in each part MSE and precision were calculated (Figérasd4B).

As a measure of structural distance/similarity, the traditional Tanimoto coefficient between
ECFP4 fingerprints was utilizéiche PC3, A375 and VCAP deepSIBA models maintain a high
precision across all different structural distance ran¢f@gure4.4B) The exception is the
MCF7 model, for which precision slightly decreases for structural distasigber than 0.7
Regarding MSE, only the VCAP model exhibgkghatly higher MSE as structural distance
increases(Figure4.4A). As a whol e, the model s’ perfor man
distance between the ECFP4 fingerprints of the input pairs.
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Figure4 4 Performance as a function of structural distance and predictive uncertainty; (A) MSE
for different ranges of structural distance between compound pairs; (B) Precision for different
ranges of structural distance between compound pairs. (C) Pergerof total test MSE,

calculated in samples witincreasing CV(D) Precision calculated in test samples with

increasing CV

4.4.2.4 Performance as a function of predictive uncertaintyt has been shown that

guantifying predictive uncertainty can lead more accurate results in virtual screening

applications® In this context, the relationship between th@edictive uncertainty estimate
and performance was investigateth DeepSIBA we estimate predigtiuncertainty as the

coef fi
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var.i
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(CV)
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t h eMSHEIi

and precision were calculated fepecificsamples in thedst sef which haveCV lower than
an increasing threshold arade presented in Figuse4C and 4D. As the CV threshold increases
and more samples with higher CV are included in the evaluation, the MSE of the models
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increases as well and eventually becomes the MSE of the entire test set @#¥QyeOn the

other hand, due to the low numbeof false positives, for all the models, precision seems

unaffected by the CV threshold. Only the MCF7 model, which has the lowest overall precision,

exhibits a higher precision for samples with lower CV (FigwB). Overall, the results

indicate that pant predictions with lower uncertainty are closer to the true value, or that

when the model i s certain, it’s wusually not wr

4.4.2.5Generalization on different chemical structureEndto-end deep learning models for
drug discovery have trouble genemihg on new compounds that are structurally very
different from the ones used to train thenin order to evaluate the ability of our approach to
generalize on different chemical structures, the performance of the A375 model was
evaluated on 2 extra testets and is presented in Table 4. These test sets were created by
restricting the maximum allowed structural similarity between selected test compounds and
all remainng training compounds and thus represent test scenarios of increasing difficulty
(Figured.5A). Aghe minimum distance between test and training compounds increases, the
performance of the model becomes worse. However, the performance decrease in terms of

MSE and Pearson’s r i s s ma lnl thesr case, lthe distabhck e decr e
threshold to calculate precision was set to 0.22, because irhttrdesttest set(#3) there
were no samples with predicted value | ower t |

performance is comparable across test sets in terms of regression metratsilitisto identify
compounds with similar biological effect is hinderéuthis case, it is important to estimate
predictive uncertainty and evaluate its utility, by focusing on predictions with smaller CV
(Figured.5B). In the third test sef which ony contains compounds with maximum similarity

to the training compounds | ess than 0.3, the n
predictions with low CVMore specifically, in test samples with CV lower than 0.16, the
model ' s predsiof80%on i s upwar

Table4.4 Generalization performance on different chemical structures for A375

Max
o - . Predicted
Test set similarityto MSE Pe ar s c Precision (% . . )
- Similar Pairs
training set
#1 [0-0.85] 0.0083 0.59 97.26 876
#2 [0.35-0.65] 0.0092 0.52 76.48 330
#3 [0-0.3] 0.0107 0.44 50.37 135
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Figure4.5 Precision and uncertainty estimation for test set number 3. (A) Histogram of
maximum structural similarity between test and training compounds for test set number 3;
structur al similarity is calculated between
calculated in test samples with CV lower than an increasing threshold.

Across all examined cell lines, deepSIBA was able to identify chemical structures that affect
similar BPs, outperformingespecially in terms of precisiotihe distance learning methal

t hat wuti | i ZEP4ingerprirdsiasinpst (Tadi2). Even though théearning task

is regressionwe reason that precision is a crucial metric, considering the potential screening
applications of deepSIBA in order to identify compounds thxiilgt similar biological effect

to a query. In this scenaritnigh precision, rather thaa large number of identified hits, is
required to correctly prioritize compounds for downstream experimental validation. We
chose not to compare our approach withatitional machine learning methods, e.g. Random
Forests and SVMs, because we argue that these are not optimal for a distance/similarity
learning task. Furthermore, deepSIBA was able to maintain its high performance regardless of
the structural similarity btween input compounds and identify cases of structurally dissimilar
compounds that affect similar BPs (FigwdA and 4.4B). Thus, the employeGCNN
architectureshows promise towards this highly interdisciplinary taskwever, there were

some cases of compounds affecting similar BPs that were missed by the model. These cases,
in combination with the decrease in performance as the minimstructural distance
between test and training compounds increases highlight kejtadirons in our approach
(Table 44). On this front, limited coverage of the chemical space by compounds with available
GEXx data is a major issue that limits our ability to model in its entirety the complex function
that translates changes in chemical stture to BP alterations. Even though each training set

for each cell line contains on average around 320K samples, these are comprised from the
pairing of around 800 compounds. The limitations that arise from this low coverage of the
chemical < pavedeby change's in delep learning architecture and require more
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training compounds and/or extra input informatiorOn this front, we applied a data

augmentation techniquewhere each training set wasugmented with randomly sampled

pairs between Q1 an®2 compound signatureee Sl 4.2). However, due to conflicting
evidencebetween Q1 and Q&anscriptomic signatures the performance of the models varied

significantly across cell linéseeSI5.3). Arather efficientworkaround that we utilized in our

approach is to quantify predictive uncertainty using deep ensembles. We showed that the
model ' s performance, even when tested on compo
the ones used in training, is higher for samples with lower uncertgiityure4.5). Thus, the

model ' s estimate of predictive uncertainty can
results. Foiinstance if an application imposes a constraint on the maximum allowed error,

the appropriate uncertainty threshold can be identifieshd only point predictions with

uncertainty lower than this threshold can be consid&r&inally, we showed that transfer

learning is a suitable approach to expand the biological coverage of deepSIBA to additional

cellular models with fewer available dgtaints (Tablet.3). For example, in the NPC cell line,

which has approximately 50% fewer compound signatures than A375, deepSIBA was still able

to achieve reasonable performance.

4.4.3 Signaling pathway inference for target structure

The predictions of @epSIBA can be used to infer a signaling pathway signature, in terms of
the most upregulated and downregulated pathways, for a target chemical structure without
available GEx data. The inference is performed following a-lkENpproach, in which
referen@ compounds with the smallest distance to the target, as predicted by the model, are
selected as its neighbors and their pathway signatures are retrieved. Then, pathways that
frequently belong in the 10 most upregulated or downregulated pathways of thghbers

are inferred as t phedormaace of the dpmoach wap evaltiated anthe T h e
test compounds of the MCF7 model and then, as a use case, it was taskést the signaling
pathways affected by FDA approved anticancer drugs, for windBEx data are available in

our dataset. Additionally, the chemical substructures that mostly influence the inferred
pathways were identified and visualized using a graph gradiased approach.

4.4.3.1Performance evaluation in the test set of MCH+a the test set of the MCF7 cell line,

the average performance of the inference approach is presented in Rhbl®©n average 5
pathways per test compound were inferred to belong in its 10 most downregulated pathways
with a precision of 73.3%. Regardingemgulation, an average of 2.5 pathways per compound
with a precision of 69.7% were inferred. We have to note that the statistical significance of
the inferred pathways is ensured by comparing the neighbor selection process using the
trained model to a randm selection.

Table4.5 Pathway inference results for the tesbompoundsof MCF7
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Number of inferred .
Precision (%)

pathways
Downregulated 5 73.3
Upregulated 2.5 69.7

4.4.3.2Use case: signaling pathway inference of FDA approved anticancer déugisof the

59 FDAapproved cytotoxic drugs presented by Saral, 18 were present or had a structural
analogue in the MCF7 training set (Tanimoto ECFP4 similarity *088yder to simulate a
realistic application for the signaling pathway inference, these 18 drugs were excluded from
the usecase. From the remaining 39 drugs, only 3 had more than 5 neighbors each in the
training set, as predicted by the model atiek inferred pathways are presented in Ta@lé.
Fludarabine and Clofarabine are direct nucleic acid synthesis inhibitors, while Pralatrexate is
an indirect inhibitor of nucleotide synthesis through inhibition of the folate c§fdie.our use

case, the inferred downregulated signaling pathways include cell cycle, purine and pyrimidine
metabolism, RNA transport and splics o me |, whi ch are <closely
mechanism of action. Furthermore, because of the MCF7 cell line, pathways such as oocyte
meiosis and progesterormediated oocyte maturation, that have been associated with the
pathogenesis of breast cancerere inferred as downregulatet.Regarding upregulation,
pathways such as N&ppa B signaling, natural killer cell mediated cytotoxicity, leylieoc
transendothelial migration and TNF signaling, that are closely related to inflammation and
apoptosis, were inferred.

Table4.6 Pathway inference results for FDA approved anticancer drugs

Inferred Downregulated

Inferred Upregulated

Drug Mechanism of Action . . KEGG
KEGG Signalingthways . .
Signaling Pathways
Purine metabolism,
Pyrimidine metabolism Leukocyte
transendothelial
RNA transport . . .
. . . . . migration, Oxytocin
Fludarabine Nucleic Acid Synthesis Spliceosome Cell cycle . )
- . signaling pathway,
Inhibitor Oocyte meiosis L
. Alzheimer's disease,
Progesteronemediated . .
. Pertussis, Rheumatoid
oocyte maturation, .
. . arthritis
MicroRNAs in cancer
Natural killer cell
RNA transport ) .
. mediated cytotoxicity;
SpliceosomeCell cycle
L . Leukocyte
. . . . Ubiquitin mediated .
Clofarabine Nucleic Acid Synthesis transendothelial

Inhibitor

proteolyss,
Progesteronemediated
oocyte maturation
MicroRNAs in cancer

migration, Oxytocin
signaling pathway,
Pertussis, Rheumatoid
arthritis
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NFkappa B signaling

athway, Natural killer
Purine metabolism, P y

cell mediated
Inhibits dihydrofolate Pyrimidine metabolism .
Pralatrexate . cytotoxicity, TNF
reductase(DHFR) and Metabolic pathways, . .
] signhaling pathway
thymidylate synthase RNA transport,
Spliceosome Leukocyte
P transendothelial
migration

4.4.3.3 Substructure importanceThe method described in section 2.7 was used to highlight
important substructures that deepSIBA pays attention to when inferring the pathway
signature of each anticancer compound presented in the use case @.6plgigue 4.6). In

Figure4.6, red colored atoms represent atoms for which the model exhibits large directional
derivatives across all pairs of target and neighbor compounds. Such atoms that are closely
connected in the target compound’ s tontel ecul ar
inferred pathway signature. As shown in Figdi& for Fludarabine and Clofarabine, deepSIBA

highlights the 2ZFluoroadenine and-Zhloroadenine substructures as important respectively,

while the model mostly focuses on the Pteridine structure wiieierring the pathways

affected by Pralatrexate.

A. Fludarabine B. Clofarabine C. Pralatrexate

2-Fluoroadenine

Atom importance +

FHgure 4.6 Important atoms related to the inferred biological footprint of the compounds of
the use case, as identified by the deep learning mdtie® red color sigfies the most
important atoms)

In the presented use case, avdemonstrated that by utilizing the training compounds as

reference, theinferred signaling pathwaignatures for each of the anticancer drugs were

found to be closely connected to their respective MoA (Tdk8g Thus, ouinference method

has the potential to providean early estimate regarding thpathways affected by a

compound, using only its chemical structure as inputditionally, we showed that for each

compound the highlighted substructures are also directly related tar thespective MoA

(Figured6) . This fact not only increases the inter
is a crucial topic of DL methods for drug discovery, but also shows that a GCNN model trained
end-to-end on molecular graphs is able to leaneaningful structural representations that
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are related to c¢omf®Torthe bestoflmir knbwiedge, thes Is thefiflsf e c t s .
time a DL modewas used to identify important substructures and infer the signaling pathway
signature of a target compound without available experimental GEx data. A possible limitation

of our approach might be its resolution capabilities in specificazses of compands with

similar chemical structure but different MoA. Although the comparison of the Fludarabine and
Clofarabine useases suggests that our approach might be able to identify small structural
differences between drugs with similar MoA (Figdi®), welaven’'t systematically
usecases of structurally similar compounds that affect different BPs. From the analysis of the

CMap dataset we have showed that compounds with high structural similarity tend to have

similar biological effect (se8l Figurest.6). This lack of data regarding compounds that are
derivatives but affect different BPs limits our ability to systematically perform the
aforementioned comparison and pinpoint the maximum resolution of our approach.
Furthermore, die to the nature of thenference method, limiting factonsiay alsaarise from

the lack of diversity in affected BPs by the training compounds. This lack of diversity can
influence the signaling pathway inference for an unknown target structure, when its true
biological footprint is not represented in the reference compoundm such caseghe

inference of incorrect signatures can be avoided by focusing on target compounds with at

least k reference neighbors (here k =B only infer statistically significant pathways, using

our met hod’ svalueal cul ated p

4.5 Conclusiorand availability

In this paper, we developed a deep learning framework to match the chemical structure of
compound perturbations to their biological effect on specific cellular models. We showed,
that the careful formulation of the learning problem and the flexibility lod Siamese GCNN
architecture enabled our models to achieve high performance across all test scenarios.
Additionally, we highlighted the utility of the uncertainty estimate, provided by deep
ensembles, in test cases where the unknown chemical structuregeayedifferent from the
structures used to train the models. Finally, we presented a novel inference pipeline, which
can infer a signaling pathway signature for a target compound and subsequently identify
which substructures mostly influenced the predicti The novelty, performance and
interpretability of our methods paves the way for further investigation in order to expand
their coverage and utility.

Possible efforts for further investigation can be concentrated on the input representation, the

biologc a | response distance and the model’'s wuncer
interesting idea is to include binding information in order to capture the potential protein

target of the input molecules. This extra information can be passed to theehsdtther in the

form of latent space embeddings from a trained binding affinity prediction model or in the

form of predictions against a panel of protein kina$eRegarding the biological distance

bet ween compound perturbations, this can be a
effect on different levels of biological hierarchy, i.e. GEX, signaling psthvanscription
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factors and signaling network$>! Afterwards, these distances could be combined or
separate models could be trained in order to better capture the similar effect of compounds.
Additionally, instead of using a distance metric between all affected BPs,isg®olbgical
processes could be selected and application specific models could be developed to identify
compounds t hat affect t hese bi ological proce
estimate, an interesting avenue for investigation is to take intoocant the transcriptomic
signatures of replicates from the CMap dataset and calculate distributions of pairwise
distances between compounds. Then, models could be trained on these distributions to better
capture the variation of the experimental groundith. Finally, collecting more data regarding
derivative compounds with different MoA is an interesting avenue for further investigation in
order to identify the resolution capabilities of the substructure importance approach.

The highly interdisciplinarydmework of deepSIBA combines aspects from both the CADD

and ‘“omics domains in order to incorporate th
molecule perturbations, which are closely related to their efficacy and toxicity profiles. We

believe that owm methods have the potential to augment-silicodrug discovery, either by

exploring on a massive scale the biological effect of compounds/libraries without available

GEXx data, or by suggesting new chemical structures with desired biological effect.

All analyzed data that were used to train our models and produce all tables and figures are
available athttps://github.com/BioSysLab/deepSIBA&urthermore, the R source code to
analyze the CMap dataset amgleate the training, validation and test sets is available at
https://github.com/BioSysLab/deepSIB#eprocessing Finally, the Keras/TensorFlow
implementation of our deep learning models, alongsidénea ensemble models for each cell
line are available atttps://github.com/BioSysLab/deepSIBA/learning
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4.7 Supplementary InformationSI)

1 Data preprocessing and quality control

1.1 Dataset and quality overviewl he filtered CMap dataset contains 112994 transcriptomic
signatures from 20254 compounds tested across 70 cell lines. Durinidf¢hi@d process, for

each compound per cell line, its signature with the highest quality across different dosages
and time points was selected. The assigned quality score based on TAS, number of replicates
and whether the signature is considered an examnpk presented inTable 8.1. The
distribution of signature quality across cell lines is presented in Figule Beep learning
models were developed for the MCF7, PC3, VCAP and A375 cell lines, which have the highest
number of compounds with Q1 signaas.

Table 4.1 Signature quality score

Number of
Quality sore TAS _ Exemplar
replicates
Q1 >04 > 2 True
Q2 0.2-0.4 > 2 True
Q3 0.2-0.4 <2 True
Q4 0.2-0.4 > 2 True
Q5 0.2-0.4 <2 True
Q6 <0.1 > 2 True
Q7 <0.1 <2 True
Q8 <0.1 <2 False
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FigureA1Di stri buti on of signature quality scores
category is formed by grouping together 63 cell lines with smaller number of available
transcriptomic signatures.

1.2 Distances betweer@Q2transcriptomic sigiaturesacross cell lines.

As already discussed on the main paper, there is a significant number of compound pairs
which have similar transcriptomic signatures in one cell line but not in the other (Fig)e S

As it can be seen in Figurd.& this effet is much more prominent in the case of quality 2
(Q2) signatures.
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Figure 8.2 Scdterplot of distances between Qfanscriptomic signatures for the same
compound pairs in the MCF7 and VCAP cell lines. Each point in the plot represents a pair of
compourds with available transcriptomic signatures in both cell lines. The red lines3t 0.

for MCF7 and @.for VCAP indicate the mean + standard deviation of theribigion of
distances between QQuplicate signatures for each respective cell line

1.3 GO tem enrichment and distance calculatiorizor the MCF7, A375, VCAP and PC3 cell
lines, the average number of significantly enriched GO terms in quality 1 signatures is
presented in Table4x2. Enrichment pvalues were calculated with GSEA and adjusted using
the BenjaminiHochberg procedure. GO terms with an adjustedafue less than 0.05 were
considered significantly enriched. Based on Tadl2 8 e number of top and bottom GO
terms to consider during the ensemble distance calculation was selected (180,240 and

50 GO terms). The ensemble distance approach outputs 5 distance scores for each signature
pair, one for each of the numbers of top and bottom GO terms considered. The histogram of
standard deviations of the calculated distances for each celli$ipresented in Figured S.

The effect of the number of GO terms to consider during distance calculation is small, but not
negligible. Furthermore, the relationship between pairwise distances between compounds at
the GO termlevel and at the gendevelwas examined (Figure4d). Although distances are
significantly correlated,the similar biological effect ofthemical structuresis better
represented on a functional level between enriched GO terms. Finally, the ensemble distance
approach of the GO terrfeature vectors was validated computationally. For the MCF7 cell
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line, where enough quality 1 duplicate signatures are available (n = 20), their distance
distribution was compared to a randomly selected subset of pairwise distances between
different compound perturbations (Figure 4%). It is clear that the proposed ensemble
distance metric can easily separate duplicate compound perturbation pairs from random
pairs.

Table 8.2 Average number of significantly enriched GO terms following compound treatment
Average number of signnt GO terms

Cell line (p.adj < 0.05)
MCF7 20.1
A375 29.8
VCAP 11.2
PC3 30.0
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Figure 8.3 Histograms of standard deviations of distances calculated between enriched GO
terms for 5 different numbers of top and bottom GO terms (10, 20, 30, 40 and 50) for each
cell line. Distances were calculated between compounds with Q1 signatures only.
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Figue S1.4 Scatter plot of pairwise distances between compounds calculated at the gene and
GO termlevel for each cell line. Distances were calculated between compounds with Q1
signatures only.
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Figure 8.5 Distribution of distances calculated with the ensdmlisSEA score approach
bet ween compounds’ affected BPs for t he MCFZ7Y
distribution of pairwise distances between duplicate signatures, while the red line represents
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the distances between signatures of random compopadts. The separation between the
two distributions indicates that the ensemble distance function can distinguish compounds
that affect similar BPs (duplicates) from random compound pairs.

1.4 Comparing structural and biologicadffect distance For eachcompound pair, Morgan
circular fingerprints with radius 2 were generated using RDkit and their pairwise Tanimoto
coefficient (Tc) was computédDuring fingerprint generation, the default atom invariants
were used, making them milar to the widely used ECFP#inally, pairwise compound
distances were calculat, asp  "Ydilhe relationship between pairwise compound structural
distances and their distance in terms of affected biological processes (GO terms) in each cell
line, was examined (Figurd 8). We report similar results to Sii al.® and their aralysis of
transcriptomic and structural distances in the original CMAP dataketeed, compounds
with similar ECFP4 fingerprints, tend to affect similar biological processes (lowarddfant

of Figure 8.6). However, there are many structurally dissimilar compounds that have similar
biological footprint (upper left quadrant of Figurd.§). Finally, the majority of compounds
are structurally dissimilar and affect different biologicabgesses (upper right quadrant of
Figure 8.6).

A375 MCF7

ECFP4 distance
ECFP4 distance
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ECFP4 distance
ECFP4 distance

0.4

0z
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Figure 86 Scatter pl ot of ©pairwise distances betweer

bet ween compounds’ enriched BPs. The red | ines
compounds similar in striiere and similar in effect (0.3 for ECFP4 and 0.2 for BPs). Even
though there is no correlation between compoun

the majority of structurally similar compounds tend to affect similar BPs (lower left quadrant
of the plot).
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2 Deep learning model

2.1 Input representationMolecular graphs are presented to the model using the Atom array,

the Edge array and the Bond array. The Atom array has as many rows as the max number of
atoms across all compounds and eadtumn represents an atom featurtn total, 62 atom
features are utilized. The atom featuresnsistof the concatenated vectors of 4 one hot
encoded features and 1 binafgature, which describe:

The symbol of the ator{fone-hot).

The degree of the atorfone-hot).

The number ofttached hydrogen atoms (oHgot).
The valence of the atorfone-hot).

If the atom is aromati¢binary).

=A =4 =4 -4 A

The Edgearraydescribes the connectivity of the graph representing the molectite Edge

array consists of as many rows aeth max number of at oms. Each
neighborsThe Bondarray is 3dimensional anaontains the features of each boridach row
represents an atom, while each column represents a neighbor, up to 5 for each/Atoomd

is described by 6 bary features ontained in the Bnd array, whichdescribewhether the

bond is:

Single

Double

Triple

Aromatic

Conjugated

In a Ring

The Atom, Bond and Edge arrays were created using RDKit in python.

=A =4 =4 =4 4 =2

2.2 Graphconvolutions Graph convolutions were implemented in Keras as described by
Duvenaudet al® A graph convolutional layer aggregates information from the neighigo
nodes of a node/atom in the molecular graph. For every atom, its bond features are summed
and concatenated with its atom feature vector. The resulting feature vector of each atom is
summed with the feature vectors of its neighbors, using the connigctinformation of the

Edge array, creating in this way a new feature vector for every atom with aggregated
information from the atom’ s neighborhood.

following a graph convolution layer, a function, such as sum, is used to aggregate node
embeddings into whole graph embeddings. In our implementation we omitted the use of an
aggregation function and instead utilized 1convolutions to gather information across
neighborhoods and produce a graph feature map.

Graph Convolutional Layer Pseudocode:

1: Input: Atom array® , Bond arrayb , Edge arrayp
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2:for each atom ain a molecule
3: Yo =B ®

4: O 0Oét oo Edo Q

5: for each neighbor j from N neighbors

6: v =B

7 O 0EE OO0 QHWO Q

8: ® @ B &

9: (A 1 Qo 20 ® #is the new concatenated atom and bond
matrix

2.3 Model hyperparametersThe hyperparameters used to train the models are presented in
Table 8.3. In our approach we utilized widely accepted hyperparameter values without
performing hyperparameter optiraation.

Table 4.3 Model hyperparameters

Optimizer Adam
Learning Rate 0.001

Epochs 20

Batch size 128

Regularization Dropout (rate =0.3)
Batch Normalization Momentum 0.6
Weight Initializer Glorot Normal

Activation Function RelLu

2.4 Gaussiamixture. By using a Gaussian regression layer, each model outputs a mean and
variance of the biological effect distance bet
output is also a Gaussian, with mean and variance calculated from the uniformly agkight

mixture of each model. The mean and variance of the mixture are defined as

where,

1 w is the output mean value of the biological effect distance of each model.
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1 0 is the number of models.
1 & isthe final mean value of theniformly weighted mixture.
1 1 "Q"Qts the standard deviation of theniformly weighted mixture.
1 Qs the output variance of the biological effect distance of each model.
Finally, the coefficient of variationoftt@a us si an mi xture is used as t

predictive uncertainty and is defined as

L1 Qa ®
Ow ——38
a

3 Other similarity/distance learning methods

3.1 ReSimNetOur approach was compared with a recently proposed archite called

ReSimNef. ReSimNet takes as inpuhe 2048bit ECFP4 fingerprints of two chemical

compounds and predicts their CMap score, which corresponds to the transcriptional response

similarity of their GEx signatures. ReSimNet encodes the ECFP4 input to embedding vectors in

the latent space using§iamese MLPs and predicts their CMap score as the cosine similarity of

their embeddings. In our implementation, ReSimNet was trained to predict the similarity

bet ween compounds’ affected BPs and afterwards
distarce value for evaluation. The performance of randomly initialized ReSimNet ensemble

models was evaluated for each cell line, @rréspective test seff@ble4.2 of the main papeér

3.2 TwoStepRLIn this study, TwoStepRLS, a Kronecker product kehal utilizes a

regularized leassquares (RLS) methpdasusedto predictthe GGterm similarity of pairs of

compounds using as input the Tanimoto similarity
The regularization parameter was set to the proposed valtie2®¥. This method was
implemented usingRLscorg an opensource python package for kerAeghsed machine

learning, which includes implementationsRESnachne learning methods.

4 Dataset splitting and augmentation

4.1 Dataset splittingAn overview of the training and test sets for each cell line is presented
in Table 8.4 and 8.5, while the distribution of the target variable is presented in Fig4r&.S

For the proposed learning task, random splitting of compound pairs between training and test
has no benefit, since if a compound is present on the training set its affected BPs are known
and distances to other compounds can be calculated instead ofgtesd

Table 8.4 Cell line specific training sets

Cell line Number ofCompounds Number ofPairs
MCF7 713 253828
PC3 608 184528
A375 592 174936
VCAP 934 435711
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Table 8.5 Cell line specific test sets

Cell line Number ofCompounds Number ofPairs
MCF7 70 49910
PC3 74 44992
A375 77 45584
VCAP 63 58842
A375 MCF7
GO ;erm distance GO term distance
PC3 VCAP
UTU 012 0?4 076 UTS 0‘,0 072 O‘,d UJB UTS
GO term distance GO term distance
Figure 87Hi st ogram of the model’'s target variable

4.2 Data AugmentationWhen training augmented ensemble models, the original training set

of each model, consisting of @ignature pairs, was augmented with randomly sampled pairs
between Q1 and Q2 signatures. This technique was utilized in order to increase the number
of compounds and the diversity of chemical structures available during training. Although this
approach rsulted in better performance for the MCF7 cell line compared to random
initialization ensembles in terms of precision
of Q2 transcriptomic signatures. We observed many cases where the distance between Q1
signatures of compounds A and B was very small, e.g. 0.1, while the distance between
signatures of compounds A and C, where C is a structural analogue of B (Tanimoto similarity >
0.85) and has a Q2 signature was high, e.g. 0.8. This kind of discrepamegrb®1 and Q2
signatures poses a problem for the learning model that only uses chemical structures as input.

5 Performance evaluation
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5.1 Distance threshold for precisiariThe model outputs a continuous value between 0 and 1

for the distance between compu n d s’ affected biological proces
evaluate the model ' s precision, a reasonabl e
Compounds with predicted distances below this threshold are considered similar in terms of

affected biologicaprocesses. First, the connection between the distance threshold and the

average number of common GO terms in the most upregulated and downregulated GO terms,
respectively, for all compound pairs in the dataset was examined and is presented in Figure

$4.8. The average number of common GO terms decreases linearly as the distance threshold
increases (FigureA®). Additionally, for each compound per cell line, the distance threshold

equivalent of a 90% Connectivity score was calculated (Figu®® Eor a secific compound

X, a threshold equivalent of a 90% score indicates that only 10% of other Touchstone
compounds have a distance from X smaller that this threshold. The 90% CMAP score is a

widely accepted threshold to identify compounds with similar tramqgorinic signatures.

Finally, for MCF7, for which enough quality 1 duplicate compound signatures are available,

the distribution of pairwise distances between duplicate signatures is presented in Figbire S

(black line). Based on the information provided Smpplementary figures 8, 9 and 5, a
threshold of 0.2 was selected when evaluating
calculating the model’'s precision on test co
similarity to all training compoundsde than 0.3, this threshold was adjusted to 0.22, because

in this case no samples had a predicted distance less than 0.2.
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Figure 8.8 The relationship between the biological effect distance threshold and the average
number of common enriched BPs. In orde produce the above plot, signature pairs with
GSEA distance below each threshold (x axis) are selected and the average number of common
GO terms (BPs) in the 20 most upregulated and downregulated terms of all pairs is calculated
(y axis).
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A375 MCF7
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Figure 8.9 Histogram of the threshold, which is equivalent to a 90% CMAP score, for all
Touchstone compounds per cell line. The red vertical lines at 0.2 and 0.22 indicate the
threshol ds t hat wer e used to wevalwuate the
compourds, in all cell lines, the utilized thresholds are close to the mean of the threshold
equivalent to a 90% CMAP score.

5.2 Cross validation performancéor each cell line, we evaluated the performance of a 10
model ensemble in a-fold cross validation dip. Each validation set contains pairwise
distances between BPs of nawerlapping sets of 80 validation compounds and all remaining
training compounds. When extracting validation compounds, the maximum allowed
Tanimoto similarity between ECFP4 fingerfwiof validation and training compounds was set
to 0.85. The results of thefold cross validation are presented in Tabf#e6SIn all tested cell
lines, our approach was able to produce consistently good results.

94

m



Chapter 4 DeepSIBA

Table 4.6 Cross validation pégormance of deepSIBA

Pear s

Celline MSE MSE@1% ] Precision (%)
A375 0.008 0.005 0.56 92.11
VCAP 0.025 0.005 0.54 64.28

PC3 0.011 0.009 0.54 96.47
MCF7 0.013 0.009 0.52 58.94

5.3 Augmented deepSIBA performance evaluation.

Table 8.7 Cell linespecific test set performanasf augmented deepSIBA

Predicted simila

Cellline MSE Pear so Precision (%) pairs
A375 0.009 0.61 91.54 272
VCAP 0.030 0.42 84.78 46
PC3 0.011 0.54 25.97 77
MCF7 0.015 0.45 88.00 25

6 Signaling pathway inference for target structure

6.1 Parameter selectionThe most important parameters of the signaling pathway inference
are the distance threshol® and the frequency threshol@ . Training set compounds with
predicted distances from the target less th@n are selected as its neighbors, while pathways
that appear in the neighbor s’ asiintemed aisuhee s wi t h
target’ s si gnat wftke.inferfBricee mefhedrwhsoevaiuated doe different
values ofQ and™Q in the test set of MCF7 (Figurd.$0). The average precision of the
inferred pathway signatures as well as their length were chosen as evaluation méhées.
performance of te method decreases & increases andQ is kept constant at 0.65 for
both the upregulated and downregulated signatures. In terms of precisiof, asicreases

the precision of the approach decreases, and®r @& it becomes 0 (Figured3.0Aand
$4.10B). In terms of the length (average number) of the inferred signature& fohigher

than 0.4, the length of inferred signatures becomes 0, as more distant compounds are
considered neighbors (Figuret.B0C and &10D). After selecting 0.65 as reasonable
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threshold forQ , we evaluated the performance of the approach for different frequency

thresholds™Q , the results are presented in Figure S11."@sincreases, whileQ

is kept

constant at 0.2 the inference becomes more strictisTiesults in increased precision (Figure
$A.11A and 8.11B), but shorter in length inferred pathway signatures (Fig4ré1¥ and
$4.11D). Based on these results, the selected parameters of the pathway inference for the
MCF7 cell line and the respectiveeucase, are presented in Tablkess

10

9
1_th=0.65,k=5,p_th=001 Y fth=08,k=5p_th=001
\
\
o | o |\
o El \
S
a
A e
2 o N R N AN 2 o N e
g o g % g w \\(
g 4 8 sy
£ oz | § o VoA
< =
z A z VA /1
1 VON
\ &y
~ ! o \
S S S \
|
A
\ \
A
o o
s - T T T &= s = T T %"a T
0.20 0.25 0.30 0.35 0.40 045 0.20 0.25 0.30 0.35 0.40
Distance threshold Distance threshold
D
Fo—eg o

Average length of inferred signature

beo oo oo

Average length of inferred signature

f_th=08,k=5,p_th=001

T T T
040 045

0.40 045

Figure 8.10Performance evaluation of the signaling pathway inference for different distance
thresholds for the test compounds of the MCF7 cell line. Reference compounds (training) with
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of the inference parameters are kept constant and their values are presented in the legend.
(A) The average precision of the downregulated pathway signature as a function of the
distance threshold; (B) The average precision of the upregulattdway signature as a
function of the distance threshold; (C) The average length of the inferred downregulated
pathway signature; (D) The average length of the inferred upregulated pathway signature.
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Figure 8.11 Performance evaluation of the signalimgathway inference for different

frequency thresholds for the test compounds of the MCF7 cell line. Signaling pathways that
appear in the neighbors’ sQgnatunésrwiedhatreéefge
signature. The rest of the infereacparameters are kept constant and their values are

presented in the legend. (A) The average precision of the downregulated pathway signature

as a function of the distance threshold; (B) The average precision of the upregulated pathway
signature as a funin of the distance threshold; (C) The average length of the inferred
downregulated pathway signature; (D) The average length of the inferred upregulated

pathway signature.

Table 4.8 Parameter values for the signaling pathway inference approach

Parameter Value
Distance threshold® 0.2
Number of neighbor®) 5
Frequency threshold 0.65

P-value threshold) 0.01
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Chapter 5 Conclusion

Chapter 5

Conduding remarks

5.1 Conclusion

In this thesis | developed and tested deep learning models for the field of systems
pharmacology. The deepSIBA and deepSNEM pipelines serve as proof of concept that deep
learning can provide a framework to successfiiligorporate elements from both the
structural and systems domain of drug discovery in order to reduce its attrition rates. | hope
that the created datasets and methods can pave the way for more research in the field of
deep learning for systems pharmacajogd also believe that as more data become available,
the deep learning applications for systems pharmacology will become increasingly useful and
find real world applications in the field of drug discovery. However, we have to be mindful
regarding where frther research in the field should be focused to. From my experience, the
most important aspect of any developed pipeline is the problem statement, along with the
data/features and preprocessing steps, rather than the deep learning method. During my
reseach, most of my time was spent on developing the learning problem that can test the
hypothesis, along with finding the right data to train the system. Building a deep learning
pipeline based on experimental data, for tasks that cannot be solved by humangeiy
complex problem. Given the complexity of the problem, | believe that the collaborative effort
of machine learning scientists, systems scientists and biologists is paramount for the success
of the field.

5.2 Data and code availability

All the dataets and code that were created as part of my research is available at the github
page of the lab https://github.com/biosyslab.
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