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Abstract

This thesis aimed to build dynamic and steady-state models that describe the physiology of human
ovarian cancer cells. A reduced constraint-based metabolic model derived from the Recon3D GEM
was used along with thermodynamic, transcriptomic, metabolomic, and fluxomic data to examine
the steady-state properties of ovarian cancer metabolism. To build the kinetic models, the
directionalities of all reactions should be predefined. While the integrated data and other manually
added constraints significantly reduced the number of bidirectional reactions, many remained. A
modified ACHR sampling algorithm was used to sample feasible steady-state profiles and the
average sample point was used to extract directionalities for the remaining bidirectional reactions.
Further thermodynamic curations and modal analysis implementation resulted in the production
of steady sets of kinetic parameters that could also operate in physiologically relevant timeframes.
Possible drug targets were proposed through Metabolic Control Analysis and further examined
through simulations of enzyme perturbations. Enzymes Hexokinase (HEX1) and ATPM (ATP
maintenance requirement reaction) significantly affected the cell’s survival, and Long-chain-fatty-
acid—CoA ligase (FACOAL1821) showcased similar results, although to a lesser extent. Lastly,
the model responses uncovered reaction r0474, which represents one of the many catalyzed
reactions of the enzyme Ribonucleoside diphosphate reductase, as a promising drug target for
mitigating cancer proliferation. All these enzymes are connected with deregulated metabolic
pathways in cancer cells and have been suggested as interesting points for treatment development.
Overall, the methods used and developed allowed for the production of the first large-scale kinetic
model of ovarian cancer. Using this model, it is possible to identify drug targets for cancer
elimination, perform simulations of dynamic responses of the cancer cell’s metabolic network as
well as quantify the effects of candidate drug targets on cancer proliferation. Using such models
can assist the study of specific types of cancer cells’ physiology and accelerate the drug
development process. Physiology-specific drug targets can be suggested, and early estimations of
the toxicity response and effective drug dosages can be calculated.

DISCLAIMER: Ovarian cancer can occur in all people with internal reproductive organs. However, the scientific
literature has not made substantial efforts to separate the cases regarding the patients’ gender status (€.g., assigned
female at birth, trans people). This thesis will use inclusive terminology to present statistics and facts indicated in the
literature review, as long as it does not convey misinformation.



Ieprypaon

O xopkivog amotedel v KOpo oution Bavatov maykoouing, aviurpocmmevovtag oyeddv 10
exatoppdpla Bovatovg 1o 2020. Yroroyileton 0Tt T ndpeva ¥ pdvia, 0 aptBoOs TV TEPIMTDOCEDY
kapkivov Ba avénbet katd 60%. O O6poc «Kapkivocy meprypdopel o opdodn acOeveudv mov
TPOKOAOVV TO. KOTTOPO GE OMOLOONTOTE UEPOG TOV GOUOTOS VO DVTOCTOLV OAAOYEG Kol Vo
avanrtuocovtol aveEédeykta. O1 TEPICCOTEPOL TOTOL KOPKIVIKMV KLTTAP®V ONUIovpYoHV GYKOLG,
01 01010t UTOPOVV Vo EIGPAAOVY GTOVS VYIEIS 16TOVG Kot vo Tpokaiécovy PAGPn. EmmAdov, ta
KOPKIVIKG KOTTAPO EYOVV TNV SLVOTOTNTO VO, TOCGTMOVIOL OO TNV OPYIKN TEPLOYN AVATTLENG
KOPKIVOL Kot vo LETOKIVOOVTOL G GAAQ LEPT TOV GMOUATOG OTOV UTOPOVV VO GLVEXICOVV Va
eEamAdvovtal. AVTO TO PAVOUEVO OVOUALETOL LETAGTAOT) KO Ol EKTETAUEVEG LETACTACELG Elval N
KOpla ortia Bavatov and Kapkivo.

O xapkivog TV wodNK®OV gival n o Bavatneopa LopeN YOVOIKOAOYIK®OV Kapkivav. H euepdvion
Kapkivov Tov wodnkdv dev eivar oA cuyvr, 0ALL GuvdEeTan e KoK atpikn Tpdyvoon. Kotd
péso 0po, povo to 40% tov acbevov emProvel TEvie ypovia PeTd T ddyvmor. To eavopevo
aVTO OPEIAETAL GTNV OPYOTOPTLEVT] SLAYVMOOT] TNG VOGOL Y1 TOAAOVS 0.G0eVEiS, e AmOTEAEG LA TOL
10G00Td Bvnodtntog va stvat avénpéva.

[ToAAéC ynuetoBepameie Kot POPUAKEVTIKES OyWYES EXOVV TPOTODEL Y10 TNV KOTATOAEUNGT) TOV
Kapkivov kot pePIkEC ivar EEEIOIKEVUEVES Y10l TV KATATOAEUNGN TOV KOPKIVOL TOV ®OONK®OV.
Qot16c0 1 dadikosion avAmTVENG EOPUAK®Y gival HaKpoypoOVIo Kol KOOTOROP HE UEPIKES
EKTIUNGELG Vo Kupaivovtol ota 1.4 pe 2.5 dtoekatopupvpro Sordpra. o v peimon tov Kk66ToVg
OALG KoL TOV YPOVOL avATTLENG, £0VV avamtuyOel o TANOdpa amd VToAoYIoTIKES HeBOSOVG OV
GTOYEVOVY GTNV OVOKAAVYT VITOCYOUEVOV POPUUKEVTIKMOV GTOYMV KOl OPYIKAOV QUPUUKEVTIKOV
OVLGLOV.

Q01660 01 TOPVEG HEBOJOL TOV YPNCUOTOLOVVTOL Yo TV TPOTUCT THAVAOV QUPUUKEVTIKOV
oTOY®V Yo TOV Kopkivo mapéyovv Alyeg mAnpogopieg mov mepropilovror otnv €0pecn yovidimv
evolaQEPOVTOG (Tov €xovv cuVNBWE VITOoTEL Kamola amoppHOuon) kabmg Kot TNV eXidpacn Tov
Ba £xel n apaipeon Tovg oTNV UOVIUN KATACTOOT TG OVATTUGGOUEVNC KOPKIVIKNG Propdloac.

H avantoén xivntikdv poviéhov mov teptypaeovy 10 HeTaBOAICUO TOV £E€TALOUEVOL KVTTAPOL
umopetl va mapéyet pia TAnBmpa emnpocHetwv TANPopopidv. Ot SUVOUIKES TPOGOUOIMGELS TOV
LETABOAKOD S1KTVOV UTOPOVV VO ATOKAADWYOLV GTOLYEID GYETIKG LE TNV YPOVIKY KA{LOKO TOV
OVOOTOATIKOD QOVOREVOD €VOG Qapprakov, kabmg kot mhoveg ToEIKOAOYIKEG amoKpicELS OV
pmopel va cvoppodv mpv amd TOV pETPOcUd NG KLTTOPIKNG avamntvéng. EmmAéov,
YPNOUOTOIOVTOG KATAAANAEG peBdOOVE, Ta KIvNTIKA HOVTEAN UTOPOVV VO EUTAOVTIGTOOV LE
multiomics zwepopotikd dedopévo TPOoEEPOVTIC £T0L eEEIBIKEVUEVES TANPOPOPIES Yo TNV
(OLVOTVLTIKY] OTTOKPIGT] TOV TPOGOLOIMUEVOD KVTTAPOV.

H mapovoa dimhopatikn epyacio otoyedel va cUUPAAEL 6TO 0Py IKE GTAOLN AVATTLENG KO EPELVOG
QOPUAK®V Y10t TOV KOPKIVO TV woBNK®OV Tov avOp®dmov, He TV avAALGT HOVIUNG KOTAGTAONS
Kol SUVOUIKAOV 1010THTOV TOV HETAROMSHOD TOV KOPKIVIKOV KLTTAp®V wobnknc. ' tov okomd
aTO, KATAGKEVAGTNKE £VO TPOGAPUOGUEVO PETAROAKS LovTéLo, Tov Paciotnke 610 avOpOTIVO



petafolkd poviého peydAng xAipoxog Recon3D. To poviého pOVIUNG  KOTAGTOGMG
onuovpyndnke pe mmv ypnon tov redHUMAN workflow, mov otoyever omnv yprion tov
aVTIOPACEMY TOL GULUUETEXOVV OTO UETOPOAIKE VTOCLOTNUATA €VOLOPEPOVTOS. To pHOVTELO
nepExel 1724 aviopaoels ko 622 petaforkés evooels. o v kaAdTeEpT OVIITPOCHTELGN TNG
QLOOAOYIOG TOV KOPKIVIKOV KLTTAP®V NG oONKNGg, £ytve KATOAANAN €vomUATOON
TEPOLOTIKOV OEOOUEVOV KOl AAA®V LOONLOTIKOV TEPLOPICUDV. ZVYKEKPLUEVA LECH TNG HEBOIOL
TFA 10 povtélo dwapopemdnke mote va meptlapfavel TAnpoeopieg yia v evépyela Gibbs tmv
AVTIOPAGEMY KOl TIC CLYKEVTIPMOELS TOV HETAPOATOV o€ otafepn kotdotaon. EmmAéov péom tng
pedddov REMI éywve mpocsOnkm transcriptomic dedopévev mov e&nydnoav and Wild Type (WT)
kot BRCAT petadlaypéva kapkvikd kottapoa wodnkav. Téhog, £yive mposbnkn metabolomic ko
fluxomic dedopévev KOOMOSG Kol TEPLOPICUAOV EAGYIOTNG PONG KOl EAUYIOTOTOINGNG TOV
afpoiopatog Tov podv. OAeG 01 TAPATAVE® TPOTOTO|GELS GTO LOVTEAO UEIMGOV CNUOVTIKA TOV
EMTPENTO YDPO AVGEDV KOl LETETPEY AV TOALEG OUPIOPOLES AVTIOPAGELS GE LOVOIPOLES. 26TOGO,
Y10 TNV KOTOAOKELT] TOV KIVNTIKOV HOVTEA®DV, 01 KOTELOVVGEIS OA®V TV avTdpacemV Ba mpénel
va eitvar pokabopiopévec. o Tov oKomd avTd OMOVPYNONKE Hio TPOTOTOMUEVT) EKOOYN TOL
ACHR ahyopiBupov, evoc aiyopiBuov mov ypnowomolel Monte Carlo random walks yio
OEIYUOTOAN YL GV UTTOTIKA KOTOVEUNUEVOV CNUEIDV GTO EMTPENTO YMPO ADGEDV TOV LOVIEAOV.
Ta detypoata podv poVIUNG KOTAGTOONG YPNOUOTOONKAY Y10 TOV LITOAOYIGUO €VOG UEGOV
delyparog, and 1o omoio e€Nynoav o1 kaTeLHLVGELS TOV AVTIOPAGEMVY TOV ATEUELVAV.

Me Bdon ovtd 10 TPOTOTOMNUEVO HOVTIELD, €YVEe 1 TOPOY®YN KIVNTIKOV HOVIEA®V TOL
TPOGOUOIOUEVOL UETOPOAKOD dtkTOOVL. [1a TV dnuovpyio owt®V, opiotnke apykd to €i60C
pLOLOY avtidpaong yio kKaBe avtidpacn pe PAon TNV GTOLXEOUETPIO TNG. LTV GUVEYELD KAVOVTAG
XPNOM OEYUATOV UOVIUNG KOTAGTOONG TOL HOVTEAOL kabmd¢ kot g pebooov ORACLE,
EMAEYOMKAV TIES KIVITIKADV TOPOUETPOV TOV EIVOL GOUPOVES LE TO TOPATAVE® SETYUATO LOVIUNG
Katdotaons. Me autd tov TpOTO Htopovv va mopayfodv pio tIAn0dpa ard KivnTikd povtéla e
SPOPETIKEG TYEG OTIC KIVNTIKES TAPAUETPOVG TOVS, OAAA 1 gvotdbela Tovg dev elvan ciyovpn.
Kavovtag ypnomn g lokoproving pntpog Tov d1apopikod GLUGTHUATOC, TO LOVTEAD UTOpPOHV Vo
€€eTa0TOVV MG TPOS TNV gvuatdbela Tovg YOpw amd To oNueio 6TadePng KATAGTAONS LE TO 0010
KOTOOKELAGTNKOV (TO TPAYLUTIKO LEPOG OAMV TOV WOIOTIU®VY TPENEL Vo, Elvart apvnTikd). Emmiéov,
To LOVTEAD EMAEXONKAY £TGL MOTE VO AEITOLPYOLV GE YPOVIKA TAaicta pe Proloyikr| onuacia,
onAadn ypnyopotEPA amd TOV YPOVO OUTAAGCLACHOD TOVL KLTTAPOL. Avtd emtedydnke e
TPOTOTOOELS OTIC TOUPUUETPOVS TOV HOVTEAOV oTOfEPNG KOTAGTAOTG EMEITO OO TNV €E0ymYN
TANPOPOPLOV OO TOVG TPOTMIKOVG TEAEGTEG TV LOVIEA®V.

To épyo g oOmAwpaTikng epyaciog OAOKANp®VETAL pe TV ¥pNom HeBddmv yia v €0peon
TOOAVOV QOPUAKEVTIKOV GTOY®V GTO UETAPOAICUO TOV KapKivov TV ®oONKAOV. Zuykekpluéva,
ypnowonomnke 1 texvikn MCA, n omoio pumopel va mopdyst eKTIUIGES Yo TG OAAAYEG OF
GLYKEVTPMGELG KO POEC TOL TPOKAAOVVTOL AItO SATAPOYES OTIG KIVNTIKEG TapapéTpous. Me avtd
Tov 1poémo mpotddnkay Eviupa Kol ovTOPAcES TOL UETOPOAIKOD SIKTVOV 7OV ATOTEAOVV
VTOGYOUEVOVS QPOPUOKELTIKOVS oTOY0oVG. [ v mocotwkn &&étaon g emidpaong Tovg
TPOLYLATOTOONKOV TPOCOUOIDGELS EVEVIIKADV OVOAGTOADV LLE TNV EQOUPLOYT SLOTAPAYDV GTNV
TIUN TOL PEYIGTOV PLOUOL avTidpao™Sg (Vmax) Kol TNV OAOKANP®GT TOV S0POPIKOV GLGTHUOTOC
€m¢ TV véa poviun xkatdotaor. H emhoyn g mapapétpov Vmax Paciletal 6to yeyovog 6Tt tiun
™G vl YPOpUIKE avaAoyn TS CLYKEVTPMOONS TOV GLVOAKE O100écton evivov Kot €Tt pmopet
va yivel QUeECH EPOOVIG 1| EMdpao otV Tapoywyn s Propdadas.



Ta évlopa mov eEetdomkav ektevag Ntov 1 e€okvdon HEX1, ATPM (avtidpaon cuvtipnong
ATP), Aydon paxpdg arvcidag Amapod o&eog - CoA FACOAL1821 ko to r0474 to omoio
avTImPOcOTEVEL piol amd TG TOAAEG KOTAALOUEVES OVTIOPAGELS TOL €VODUOL SLPOGEOPIKY
avaywyaon pyovovkieolitov. Ta HEX1 xouw ATPM emmpéacav onpaviikd v emPioon tov
Kkuttdpov Kot 1o FACOAL1821 mapovoiace mapdpota anoteléopota, ov Kot o€ pikpotepo Paduo.
Téhog, or amokpicelg tv povtéAwv amokdAvyav OtL to évlvpo 10474 €ixe vmooyoueva
OTOTELEGLLATO, MG POPLOKEVTIKOG GTOYOG Y10l TOV LETPLOCHO TOV TOALUTAAGLOGLLOV TOL KOPKIVOD.
Oha ta évlopa cuvodnkav kor pe v PipAtoypoeio Kabhg avikovv oe LETAROAMKA LOVOTTATIO TO
omoio £yovv KaTaypaPEl ®C amopvBcuéva, KaTd TNV €£ETOON KOPKIVIKOV KLTTAP®OV, Kol Yo
avTO TOV AOYO £Y0VV TPOTAEl G EVOLAPEPOVTA OTLELD GTOYXEVUEVNG BEPATEVTIKNG Oy ®YNC.

Yuvolkd, ot péhodot mov ypnoipomodnkay Kot avamtdxdnKay enETpeyay TV TOPAY®Y| TOL
TPMOTOV, HEYAANG KA pLoKOG KvNTikoD LOVTEAOD Y10 TOV KOPKIVO TV 00ONKOV. XP1CLULOTOUDVTOG
ovTO TO HOVTELO, €lval dVVOTOC O EVTOMIGUOC QUPUAKEVTIKMOV OTOY®V Yo, TNV €£AAElYN TOL
KOPKIVOL, 1 €KTEAEGT] TPOGOUOIDCEMY SUVOUKADV OTOKPIGEOV TOL HETOPOAKOD SIKTVOV TOL
KOPKWVIKOD  KLTTAPOL KOODG Kol 1 TOCOTIKOTOINGN TV ENMIOCEDV TOV  LIOYNPLUOV
(QOPUOKEVTIKOV OTOY®V oTOoV ToAAOmAaclacud tov. H ypnon téroiwv poviéAwv pmopet vo
Bonbnoel ot PEAETN CLYKEKPIUEV®VY TUTTMOV PLVGIOA0YI0G KOPKIVIKMY KLTTAPMV KOl VO ETLTOYVVEL
™ Jwdkacio avamtuéng eoapudkmv. Mmopovv emiong, voa  mpotafodv  efedikevpévol
(QOPUOKEVTIKOT GTOYOL Y10 TN PLGLOAOYIN TOV UEAETOUEVOV KAPKIVIKOV KLTTAP®V KOl LTOPOVV
vo yivouv TpOWES eKTWNoES TG TOEKNG omdKPIoNg TOL  KLTTAPOL OAAL Kol T®V
OTOTEAECUATIKMOV 00GEMV TOL PAPLLAKOV.

Vi
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1. Introduction

1.1 Cancer

Cancer is a leading cause of death worldwide, accounting for nearly 10 million deaths in 2020
(approximately one in six deaths). It is estimated that the number of cancer cases will grow by
60% in the years to come®. The term “cancer” describes a group of diseases that cause cells in any
part of the body to change and grow out of control. Most types of cancer cells create a lump called
a tumor (more specifically, malignant tumor, since not all tumors are cancer). Cancerous tumors
can invade healthy tissues and cause damage. It is also common for cancer cells to detach from the
main cancer site and travel to other parts of the body where they can continue spreading. This
phenomenon is called metastasis, and widespread metastases are the primary cause of death from
cancer.

As the scientific community strives to tackle this medical problem, it is evident that every type of
cancer poses unique challenges and should be treated as a separate disease.

1.2 Ovarian cancer

Ovarian cancer (OC or OVCA) is the most lethal form of gynecological cancers?, with the number
of associated deaths steadily increasing over the years (Figure 1.1). The occurrence of ovarian
cancer is not very common, but it is linked to poor prognosis. On average, only 40% of patients
survive five years after the diagnosis, when taking into account all types and stages of the disease.
This phenomenon is observed because most patients are diagnosed when the disease is in its late
stages, and as a result, the mortality rates are elevated®.

The most common origin of OC is from the fallopian tube, where Serous Tubal Intraepithelial
Carcinomas (STICs) shed onto the ovary surface and establish a tumor®. Past reports indicated that
malignant ovarian cancer tumors originate from metastatic activities of primary tumors from the
colon, stomach, pancreas and uterus. However, newer studies claim that they do indeed begin in
the ovary *.

The heterogenous microenvironment of an OC tumor contains tumor and non-tumor cells,
including immune cells. Since no anatomical barriers limit the ovaries, OC cells can detach from
the primary tumor and induce metastatic effects in the organs in the pelvic cavity, such as the
uterus, bladder, rectum and small intestine, and even in other organs like the liver and lung®.

The main types of ovarian cancer are epithelial, which account for around 90% of all malignant
OC, and the less common stromal OC. Further classification can be based on the different
histological subtypes. The differences arise from various sites of origin and specific responses to
tumor suppressors, chemotherapeutic treatments, and molecular target drugs. Malignant
histological subtypes arising from epithelial cells include high-grade serous ovarian cancer
(HGSOC), ovarian clear cell carcinoma (OCCC), endometrioid ovarian cancer (EnOC), mucinous
ovarian cancer (MOC), low-grade serous ovarian cancer (LGSOC), and malignant Brenner cell
tumors®.
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Figure 1.1 (A) Changes in cancer deaths cases and cancer-death rates worldwide and (B) estimated deaths from

ovarian cancer from 1990 to 2019 58,

Ovarian carcinosarcomas (OCS), also known as malignant mixed mullerian tumors (MMMT),
have epithelial and mesenchymal components. Lastly, Ovarian sex-cord stromal tumors (SCST),
the most common of which are granulosa cell tumors (GCT), and the rarer Sertoli—Leydig cell
tumors originate from stromal cells®.

Common gene mutations leading to development of OC are observed on the tumor suppressor
TP53 gene and the DNA repairing BRCA1/BRCA2 genes*. Additional mutated genes are
associated with RAS/MAPK signaling pathways linked with cell growth and division. The relative
percentages of the subtypes with their respective gene mutations are illustrated in Figure 1.2 *.
The notion of ovarian cancer has serious psychological effects on patients at all phases of
diagnosis, treatment and possible recurrence. Specifically, potential patients with a higher risk of
developing OC are more likely to have higher rates of anxiety and depression during the screening
processes. If a diagnosis occurs, these symptoms are raised, at which point psychological
interventions may be required. Patients have reported intense anxiety and depression, physical
discomfort, and functional disability during the treatment period. These effects may be due to the
reduced levels of estrogen and androgens that occur as a result of surgeries and the stressors
induced on the body by chemotherapeutic treatments. Many psychological symptoms remain even
after post-treatment survival periods and are accompanied by anxiety of family members getting
the disease or the chance of recurrence’.

1.3 Risk factors

In general, people with certain genetic dispositions and habitual activities are more likely to
develop cancer. These characteristics are called risk factors and vary based on the type of cancer.
Research has shown that epithelial ovarian cancer is associated with many risk factors listed
below?®:
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Figure 1.2 Types of ovarian cancer histotypes and their known gene mutations. 90% of the diagnosed ovarian cancers
are in one of the seven epithelial histotypes, the most common being HGSOC. Stromal ovarian cancer originates from
stromal cells and showcases different properties but is less common®,

« Age is an important factor in developing OC, as half of all cases are found in patients 63
years of age or older.

« Obesity is a potential risk factor, as it has been linked to a higher chance of developing
cancer. However, there is still no clear correlation with ovarian cancer.

« Anyone who had not had a full-term pregnancy before age 35 or never carried a pregnancy
to term is at a higher risk of developing OC.

« Hormone therapy after menopause is linked with an increased risk of having OC.

« Having a family history of ovarian, breast or collateral cancer can also increase the chances
of OC. Moreover, specific gene mutations, such as on BRCAL1 and BRCA2 genes, can
either be inherited or induced by environmental factors.

« Similarly, if the patient used to have breast cancer, the risk of developing OC is higher.

On the flip side, there are documented factors that are possibly linked with a smaller chance of
developing OC. These include:

« Having a full-term pregnancy at an age before 26.

« Having multiple full-term pregnancies.

« Breastfeeding.

« Using birth control pills or other forms of birth control.



1.4 Current drugs used in cancer and ovarian cancer

The chemotherapeutic treatments are designed around specific weaknesses or metabolic features
of the tumor cells. These cellular characteristics might be common in all types of cancer, which
leads to the design of “general-purpose” drugs, or they can be specific to the type of cancer and
the patient's genetic profile, leading to a more customized chemotherapy. Most developed drugs
inhibit a specific signaling pathway, which is pivotal for the tumor's survival and growth 2.

Cisplatin/paclitaxel combination

One of the earliest chemotherapeutic medication for OC is the cisplatin/paclitaxel combination.
Cisplatin is able to bind to DNA strands and prohibit the repair of damaged DNA. This effect
impacts all types of cells but is more detrimental to the quickly proliferating cancer cells. Similarly,
paclitaxel targets tubulin and effectively does not allow the formation of spindles, a vital factor in
the cell division stage®°.

Antiangiogenic therapies

Angiogenesis is the process by which the organism forms new blood vessels from pre-existing
vessels. Itis an integral part of tumor growth as it ensures that the cancer cells have adequate levels
of nutrients and oxygen. Angiogenesis is crucial for the persistence of epithelial OC, and many
antiangiogenic therapies have been proposed. Most drugs target the growth factor (VEGF), a
signaling protein for promoting new blood cells. Examples include bevacizumab, aflibercept,
nintedanib, pazopanib, sunitinib, sorafenib, and cediranib® These drugs can also target other
enzymes, which further inhibits the production of new blood cells. Different studies have examined
the effects of these targets in different types of OC with mixed outcomes.

Poly (adenosine diphosphate [ADP]-ribose) polymerase inhibitors

The PARP enzymes coordinate the base-excision repair pathways and are essential to the cellular
DNA repair system. Inhibiting the PARP enzymes results in many single-strand breaks, translating
into double-strand breaks when the cell replicates. Such mistakes are taken care of by homologous
recombination with the help of BRCA proteins. However, as stated before, many patients with OC
have a genetic mutation in BRCA1/2 genes and, as a result, display targeted sensitivity to treatment
with PARP inhibitors. This phenomenon of two otherwise nonlethal changes resulting in tumor
cell death is called synthetic lethality and is extremely useful for providing targeted therapy. Drugs
used in clinical trials include olaparib, veliparib, rucaparib, and niraparib.

Other drug targets

The ERBB/HER-family of receptor tyrosine kinases play a key role in cell growth and survival.
The dysregulation of associated enzymes like EGFR, HER2, HER3, and HER4 can affect tumor
growth significantly; however, recent clinical trials had discouraging results?.

Folate receptors have been recorded to be highly over-expressed in non-mucinous OC. New
clinical studies are trying to target those receptors like Folate Receptor-A, with encouraging
results.

The activation of the insulin-like growth factor (IGF) system initiates a surge of downstream
signaling events, which facilitate tumorigenesis by promoting cellular proliferation, angiogenesis,
invasion, and metastatic potential and inhibiting apoptosis. Recent studies are trying to inhibit this
signaling pathway, and new data are pending.




Other drugs are developed for specific types of OC targeting the gene mutations commonly
associated with them, like KRAS, BRAF and PTP53 genes?.

1.5 Drug development cycle

The process of developing a drug and getting it into the market contains many challenges. On
average, it is estimated that for every 10,000 structures synthesized during drug design, 500 will
reach animal testing, ten will reach phase I clinical trials, and only one will reach the marketplace.
Additionally, over the past decades, the costs linked to a new drug's research, development and
marketing approval have been steadily increasing®*.

Based on 106 randomly selected new drugs from a survey of ten pharmaceutical firms, it is
estimated that the average out-of-pocket cost per approved new compound is almost $1.4 billion
(2013 dollars). Capitalizing out-of-pocket costs to the point of marketing approval at a real
discount rate of 10.5% vyields a total pre-approval cost estimate of over $2.5 billion (2013
dollars)'2. The general process followed during the development and distribution of the drug is as
follows!!:

Drug discovery and optimization

Based on a disease's metabolic and genetic characteristics, suitable drug targets are picked for
which lead compounds are produced. The drug targets can be enzymes, proteins and nucleic acids,
and the lead compounds might come from natural products, existing drugs, and chemically similar
compounds to the enzyme's substrate. There are many ways to discover suitable drug targets and
lead compounds, from in vitro and in vivo assays to computational screening methods. An iterative
optimization phase follows the discovery of a promising drug candidate to enhance some of the
compounds' characteristics, such as the activity and specificity, minimization of side effects and
ADME (absorption, distribution, metabolism, and excretion) properties.

Preclinical and Clinical trials

Once the drug has been optimized, it has to go through rigorous preclinical and clinical trials that
are significantly more expensive than the previous steps. Preclinical trials involve animal testing
to estimate the drug's effective dose (ED) and lethal dose (LD), pharmacological properties, and
form of production.

Clinical trials take 5-7 years to complete with hundreds of volunteer patients and are the bulk cost
of the whole procedure. They are carried out in 4 phases which are not necessarily successive, but
they can often run in parallel and change their goals based on the general results. The involved
volunteers are both healthy patients and patients with the targeted disease. The purpose of the
different phases is to examine the drug's effectiveness and record any short-term and long-term
side effects. In Phase 1V, the final phase, the drug is released to the market, and everyone
prescribed to take it can report its effectiveness and any unexpected side effects.




1.6 In silico methods

As discussed, the drug development market includes high monetary risks, so it is thus vital for a
drug to have some first strong indications of therapeutic abilities. Computational tools can provide
some first estimations about the effective drug targets of a particular disease and prune through
databases of chemical compounds to find some early drug candidates. The use of such in
silico methods helps in cutting down the costs by discarding strategies that would otherwise need
experimental results to validate while at the same time being time-efficient due to their
standardized procedures.

A method used to predict drug targets in cancer cells is to examine the specific metabolic networks
constituting the physiology of the targeted cells. Possible ways of achieving this are by simulating
different regulatory genes and their interactions®® or simulating the active metabolic subsystems
in the cell*,

Gene regulatory network inference is a method that explores the different regulatory connections
of genes in a specific biological setting. The method can assess the strength of interactions through
experimental data and uncover deregulation of critical biological processes that are not present in
normal cells. In the context of cancer, pinpointing the critical genes in a gene regulatory network
(e.g., the ones with most interactions) can produce an early estimate of drug targets that can
exclusively target cancer cells®®.

A similar method aims to detect the different metabolic alterations that lead to cancer-specific
metabolism, which can help develop drugs that can reduce cell proliferation in cancer cells without
affecting normal cells. These metabolic rewirings can be associated with mutated genes, and an
outline of possible drug targets can be produced based on gene essentiality methods. Further
validation can be yielded by simulating gene knockouts of the essential genes and examining how
the metabolic system is affected*.

Such methods are accurate at estimating which genes have to be targeted to inhibit cancer spread.
In addition, gene knockout simulations can provide an early estimation of the effect of drugs on
the physiology of the cell (where essentially, the drug will inhibit a particular gene or its expressed
enzyme/protein). However, gene regulatory networks can only provide binary information i.e., if
a gene is a possible drug target or not. At the same time, gene essentiality methods only provide
steady-state flux profiles, disregarding the dynamic responses that occur when the original
perturbation (drug administration/gene knockout) is imposed.

Knowing the system's transient response can provide information about the time scale of the
inhibitory effect, as well as possible toxicological responses that might happen before cell growth
mitigation. Furthermore, dynamic simulations of the metabolic network can exhibit additional
information about the phenotypic response to the proposed changes. The dynamic simulation is
achievable through kinetic modeling based on a model enriched with a complete set of multiomics
data.
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1.7 The goal of this thesis

The present thesis aims to assist in the early stages of drug development and research, specifically
for ovarian cancer, by creating steady-state and kinetic models of metabolic networks that can
represent the physiology of OC cells. A graphical overview of the thesis is shown in Figure 1.3.
Newly developed methods around the production of constraint-based models and kinetic analysis
will be used to capture thermodynamic data and multiomics data of OC cells. By implementing
omics data, steady-state samples of the metabolic network will be more representative of OC
physiology. Still, due to the large scale of the developed constrained-based models, there is high
uncertainty in reaction directionalities, which hinders the reconstruction of kinetic models. This
uncertainty will be tackled by effectively sampling the solution space and deriving statistical
information about the system's capabilities.

Additionally, the kinetic models will be built around steady-state samples to better capture
dynamics consistent with the cell's physiology. More steps must be completed to ensure that the
kinetic models used will operate in timescales that can be considered physiologically relevant. The
final kinetic models should be able to reproduce the dynamic responses of the metabolic network
when a perturbation is imposed. Ultimately, the model size and complexity will reveal the
elaborate responses to the enzymatic inhibitions imposed by simulated drugs. Such research
endeavors aim to explore the metabolic network of ovarian cancer cells and propose metabolic
drug targets which differ from the signaling and antiangiogenic approaches currently used.
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Figure 1.3 Overview of the thesis: Integration of omics data and generation of steady-state metabolic models of two
ovarian cancer phenotypes (1), Creation of kinetic models of the WT cancer phenotype (2), Model pruning and
validation (3), and Identification of targets for therapeutic interventions (4).




2. Methods

2.1 Steady-state metabolic models

Genome Scale Metabolic models, abbreviated as GEMs, are a stoichiometric representation of the
metabolism of different organisms. They portray all known biochemical reactions taking place
inside the modeled cells, which are based on functional annotation of known gene sequences and
the corresponding gene-protein-reaction relationships (GPR) °.

An extensive catalog of GEMs has been developed for different types of cells like bacteria, yeast
and plants. Many genome-scale models have also been developed for human metabolism, with the
most recent one, Recon3D, containing 13,543 reactions involving 4,140 metabolites®®.

For this thesis, a reduced version of the Recon3D GEM describing the physiology of ovarian
cancer cells has been developed through the redHUMAN workflow *’. The redHUMAN workflow
begins with a thermodynamic curation of the directionality of reactions through estimated Gibbs
free energies of compounds and reactions. Next, a set of subsystems relevant to the simulated
metabolism are selected and are subsequently connected with a network expansion using reactions
from the GEM. The produced core metabolic network is then connected with the extracellular
medium components, and any essential pathways for the production of biomass building blocks
are added. Lastly, the reduced model is enriched with omics data and is verified through
consistency checks. Figure 2.1 presents the above workflow schematically.

The final reduced model for ovarian cancer contains 1724 reactions and 622 metabolites, and its
characteristics are further analyzed in the Results section of the thesis.
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Figure 2.1 Schematic of the redHUMAN workflow!’.



2.2 Constraint-based modeling of metabolism

2.2.1 Flux Balance Analysis

Many tools have been developed over the years that can simulate the metabolic network of cells
with known reactions. The earliest constraint-based modeling method is Flux Balance Analysis
(FBA) which uses linear programming to analyze flux distributions under the assumption of quasi-
steady-state!®. Based on this assumption, the net production rate of all metabolites in the model is
zero and can be represented as:

X _—Nv=0 2.1)
dt

where X is an m-length vector representing the metabolite concentrations in the model, N an mxr
stoichiometric matrix for the r reactions and m metabolites in the model, and v is a r-length vector
of the steady-state fluxes of the r reactions. N is a sparse matrix, as most metabolites do not
participate in many reactions. Furthermore, there are practically always more reactions than
metabolites meaning that the system described in 2.1 is always underdetermined. Even after
integrating constraints that force the system to have physiologically relevant reaction fluxes, the
allowable solution space is still vast. For that reason, it is common to assume an objective
(optimization) function that describes the phenotype of the modeled cell:

Z=cv (2.2)

where Z is the objective function and c is 1xr vector containing the weights for each reaction
describing their contribution to Z. Examples of objective functions are the maximization of growth
rate or the maximization of ATP or lactate production. With the use of an objective function, FBA
can calculate an optimal solution (Fig 2.2).
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Figure 2.2 How different constraints in FBA lead to an optimal solution of the modeled metabolic network?®.



2.2.2 Thermodynamics-based Flux Analysis

While FBA can assess the feasible flux distributions of the systems and can integrate fluxomic
data from the modeled physiology of the cell, it fails to prove the thermodynamic feasibility of the
solution space and lacks the ability to integrate metabolomic data. Thermodynamics-based Flux
Analysis (TFA) builds on the FBA framework in order to address the above weaknesses®. This is
done through a Mixed Integer Linear Programming (MILP) formulation that can calculate
thermodynamically feasible fluxes and concentration profiles. The additional constraints are:

(Flux coupling) vi—zFK<0| vP-2zPK<0 | v/,vP=0 (2.3)
(Directionality coupling) zf +zP <1 (2.4)
(Gibbs free energy of reaction)  4,G; = (4,:G;°)pp 11,09 + RT X7y In [X]] (2.5)
(Thermodynamic feasibility) AG+zFK—K<0 | 4,G;+zPK-K<0 (2.6)

Equations 2.3 split the net flux of a reaction into forward and backward variables (v/ and v?) and
equation 2.4 ensures that only one of these variables is active. Here K is a parameter with an
arbitrary high value (so that it will not constrain the upper bound of the fluxes’ range). Equation
2.5 calculates the Gibbs free energy of the reaction based on the standard Gibbs free energy
((4,G;®)pu,1.r,4p) and the concentrations ([X;]) of the metabolites participating in the reaction.
Lastly, equation 2.6 couples the value of Gibbs free energy with the directionality of the reaction.
This formulation allows the integration of metabolomic data as constraints, which outline the
physiologically relevant ranges of the metabolite concentrations. Note that the concentration
variable must be in logarithmic form (In [X;]) in order to respect the linear programming
formulation.

The standard Gibbs free energy value is calculated from the standard Gibbs free energy of
formation 4,G;°, of the individual components of the reaction. These values are estimated by the
Group Contribution Method (GCM)?° and corrected for biophysical conditions in the cell such as
ionic strength and pH value, membrane potential and temperature®®.

Based on this new MILP formulation that allows for binary variables, several new constraints can
be added based on assumptions about the cell's regulation and physiology and help constrain the
system further.

2.2.3 Basal Fluxes constraint

No matter the cell's physiology, it can be assumed that there will always be some enzyme
concentration for each reaction inside the cell that produces a basal metabolic flux. In order to
reflect that on the model formulation, a new constraint can be added:

viE+vf >« @.7)
Based on 2.7, every reaction will have a flux value of at least some basal tolerance &, regardless

of the reaction directionality. This constraint allows for every reaction to carry at least a basal flux
through the metabolic network. In the current thesis the basal tolerance will be equal to 10 mol/h.
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2.2.4 Minimization of the sum of fluxes

A hypothesis often employed in constraint-based modeling, is based on the idea that cells operate
as efficiently as possible in order to achieve optimal growth conditions?!. One way to integrate this
in the above modeling formulation is by adding a constraint that minimizes the sum of fluxes:

v +vf < Zpsy where Zygp = min (X, v{ +v7) (2.8)

By setting the sum of all fluxes as an objective function Z.., it is possible to calculate a minimum
allowable value that can then be added as a constraint. This way the solution space can be scaled
down even further.

2.25 REMI

The REMI method (Relative Expression and Metabolomic Integrations) further expands on the
ability to integrate thermodynamics and metabolomics on GEMs by allowing the addition of gene
expression as constraints?2. The core assumption that this method operates on is that the relative
changes in gene expression between two conditions correlate with the resulting differential flux
profiles. As such two, versions of the model (wild-type and mutant) can be linked together in order
to add constraints that satisfy information from transcriptomic data:

vimutant > ¢B; | vl_Wlld > ¢B; (2.9)
vimutant > pvlwlld — 0 | Uimutant < pvlywld + 0; (2.10)

c(1-B)<o0;,<e+(1-B)K (2.11)

Transcriptomic data can indicate if a gene is upregulated or downregulated when comparing
expression data between the two cell states. This is reflected on proportional changes in flux values
of the reactions regulated by these genes. Equations 2.9 ensure that upregulated or downregulated
fluxes always carry a basal flux €. The binary variable B; dictates which deregulations are actively
imposed. Equations 2.10 enforce a reaction ratio p between the two fluxes (first inequality refers
to upregulated fluxes and the second one to downregulated fluxes). The slack variable o; has a
very small value when the deregulation is imposed (equation 2.11) so as to not affect the reaction
ratio constraints.

The need for the binary variables B; stems from the fact that in practice, not all reaction ratios can
be imposed simultaneously. In order to find the maximum number of imposed constraints,
consistent with the data, an objective function is used:

Zconsistency = Max X1 B) (2.12)
Where n refers to the number of added upregulated and downregulated constraints. A similar

approach can be used to find alternative optimal solutions with different groups of active
constraints.
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2.2.6 Variability analysis

All the added constraints in both LP and MILP formulations are changing the solution space such
that many variables cannot operate on the whole range that was initially imposed. Variability
analysis is a method that aims to find the feasible bounds for a given variable in the model. The
type of variable can change depending on the method used such as fluxes for FBA and
concentrations and Gibbs free energies for TFA. This is done by setting an objective function for
each variable separately and subsequently solving the system to find the maximum and minimum
allowable values. The applications of the method include assessing the effect of a constraint on the
bounds of a variable and testing if an otherwise bidirectional reaction became unidirectional.

2.3 Sampling process

Most biochemical reactions can operate in both directions, giving cells the flexibility to respond
swiftly to environmental changes. However, when building a kinetic model from the metabolic
system, it is necessary to determine the reactions’ directionality. Generally, there will be 2
possible states of the metabolic network when k bidirectional reactions are part of the system.
These states of the system are named Flux Directionality Profiles (FDPs) and it is crucial to pick
a representative in order to build the kinetic model. Integrating data from various sources and
different biological levels reduces the number of bidirectional reactions (BDRs). Nevertheless,
even after integrating data, there will typically be several bidirectional reactions for whom the
directionality should be determined. If the number of BDRs is small, it is common to manually
curate the directionalities based on literature data about each biochemical reaction. One approach
is to exhaustively enumerate all the possible states of the metabolic network and choose the one
that best fits certain predetermined criteria (e.g., stability of kinetic models, variability of solutions
space). However, this method is impractical when the number of BDRs is high. To circumvent
this, sampling methods can be used that sample an extensive set of steady-state profiles in the
solution space. The average of these sample points can be used to extract average directionalities
for the remaining BDRs of the system.

2.3.1 ACHR sampling

Artificial Centered Hit-and-Run (ACHR) is a sampling algorithm that utilizes Monte-Carlo
random walks to pick asymptotically distributed points from the solution space®. The sampler
requires that the sampled space is convex, meaning that only LP formulations are allowed. A
number of convergence criteria can be used in order to assess the convergence of the sampling
process?*. The algorithm used contains the following steps:

1. Sample warmup points, which are steady-state solutions in the edges of the solution space.
A minimum of 2x the number of reactions, warmup points are required for which every
reaction is sequentially maximized and minimized. Any further warmup points are derived
by using an objective function with randomly chosen weights for the c vector.

2. Find the center point of the sampled warmup points and begin Monte-Carlo random walks
on the lines connecting the warmup points and the center point. Note that every point on
these lines, respects equation 2.1.
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3. The random walk consists of a number of thinning steps that separate the actual sampled
points. When a new sample point is picked, it is used to recalculate the center point. The
process continues until the number of requested sample points is chosen.

2.3.2 Avoiding basal bounds

As stated above, the model must be in LP formulation to perform sampling with the ACHR
sampler. In the current thesis, the MILP formulation of the model was simplified to an LP version
by keeping only the variables of flux and assigning bounds to them based on variability analysis
performed on the MILP formulation. However, flux variables may have feasible bounds from
negative to positive values since they are not split into their forward and backward counterparts.
This particular case is observed when a reaction can still operate in both directionalities despite all
the imposed constraints (BDR). These bidirectional reactions pose a problem because they do not
reflect the basal bound constraint imposed on the MILP formulation (Figure 2.3). Sampling with
this version of the model will result in steady-state samples containing fluxes of bidirectional
reactions that do not satisfy the basal tolerance. A workaround is introducing these bounds to the
sampler so that the random walk cannot sample in the respective areas. In order to achieve this,
several changes are required:

« Warmup points are sampled using the model in the MILP formulation. The points are then
confirmed as feasible in the LP version of the model.

« Since the ACHR sampler uses lines between two points to choose the next point randomly,
it is possible that these lines intersect basal bounds. The line parts that are inside basal
bounds should be discarded, as sampling in them will yield unfeasible sample points. To
avoid this, an additional algorithm was developed that segments the line into parts that do
not intersect basal bounds and randomly chooses one of them to continue the random walk
on (see Figure 2.4).
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Figure 2.3 In MILP formulation, variables v, v2 can have positive, bigger than the basal tolerance values and only
one is active at a time (based on eq. 2.3). The net flux feasible range is [V; min Vimax] (green ranges) but basal bound
constraints exclude the values that are smaller than the basal tolerance (red range). However, when imposing these
bounds in the LP formulation, the flux variable is not confined by basal bound constraints and can thus have values
that are smaller than the basal tolerance.
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Figure 2.4 Step 1: randomly choose a direction for the next sample point. Step 2: if the line crosses basal bounds (red
areas) perform a segmentation and only keep the parts that satisfy basal tolerance for all flux variables. Step 3:
randomly pick one of the allowed segments and sample a point from it. Step 4: perform the above process iteratively
until the number of requested sample points have been reached. All of these points respect the basal tolerance
constraint.

These changes can increase the computation time of the algorithm by an order of magnitude,
however, they ensure that the new sample points are feasible in the MILP formulation.

Additionally, since all the sampled points satisfy the basal flux tolerance, the average values
calculated for the fluxes of the bidirectional reactions should also be larger than the basal tolerance.

2.4 Kinetic models

Kinetic models of metabolism capture the transient state of the system based on a set of ordinary
differential equations of mass balances and reaction kinetic formulas:

= = Nv(X,p) 2.13)

Equation 2.13 is similar to 2.1, only now the fluxes v; are time dependent functions. Specifically,
v(X,p) represent reaction rate laws that have as input metabolite concentrations X and Kinetic
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parameters p. A summary of the reaction kinetics used is documented on Appendix A. These
reaction rate laws are assigned based on the different stoichiometric coefficients of the respective
reactions and the kinetic parameters are estimated using the ORACLE framework?.

2.4.1 Building kinetic models

The ORACLE framework produces sets of Kinetic parameters around steady-state samples of
concentrations and fluxes. In particular, ORACLE estimates the following kinetic parameters:

K,,; = —RT4,G; (2.14)

eq,i
__ Iz
0ij = m where 0i,j € [0, 1] (2.15)

Vi steady state = Vmax,i * f(X: p) =v(X,p) (2.16)

Here, o; ; is a saturation constant that is sampled between 0 and 1 to more easily calculate the
values for K, ; ; parameters. K, ; is the equilibrium constant that can be calculated by the standard
Gibbs free energy and v,,,4,; is the maximum velocity of the rate law of the reaction, that can be

calculated when taking into consideration the sampled steady-state flux value. The f (X, p) is the
saturation term which changes depending on the rate law of the reaction.

2.4.2  Pruning Kinetic models

The sampling of kinetic parameters described in the previous section produces kinetic models
based on steady-state samples of concentrations and fluxes. However, the sets of kinetic
parameters sampled will not always satisfy local stability. The criteria used to check for local
stability are based on the eigenvalues of the Jacobian matrix of the ODE system. Specifically,
assuming small perturbations in the concentrations [X;] of the system, the differential equations

can be linearized with a Taylor expansion:

d(8X;) A(Nv) 1 %2(Nv) o2 _ d(Nv) 2
— = 4 %y 5X; +EZZ‘=1 ox2 X7+ = Yy Xy 6X; + error « (6X/)
or in matrix form % = J6X (2.14)

If the Jacobian matrix J is diagonalizable, the above equation can be integrated and return:

6X](t) = ?=1 cl-bl-exp (/L't) (2.15)

Here, c; are unknown constants determined by the initial perturbations, b; denotes the eigenvectors
and A; the eigenvalues of the Jacobian matrix. Based on equation 2.15, the kinetic model can be
considered asymptotically stable if and only if the real part of the eigenvalues of the Jacobian
matrix are negative. When sampling a new set of kinetic parameters, ORACLE performs the above
stability check by calculating all the eigenvalues of the system and checking the sign of their real
part.
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The sampled kinetic parameters can be further pruned by requiring physiologically relevant time
scales. While eigenvalues with a negative real part ensure linear stability, the system must be able
to return to the steady-state profile in a timescale that is practical for the metabolic network of the
system (when a perturbation is imposed). One way to quantify this constraint is to assume that the
metabolic processes operate with a timescale several times faster than the doubling time of the
cell. For a cell culture growing in the exponential phase, the doubling time can be calculated by:

2 = uB = B(t) = exp(ut) +In(B,) - tq = ”‘72 (2.16)

Where B is the cell concentration, u is the growth rate constant and t, is the doubling time of the
cell. For the purposes of this thesis, the set of kinetic parameters is further pruned to meet
physiologically relevant timescales. The criteria enforced is that the maximum eigenvalue of the
Jacobian matrix must be larger than three times the doubling time of the simulated cell. This
condition is based on the idea that aperiodic systems will settle to approximately 95% of the steady-
state value after three dominant time constants.

Lastly, the kinetic models can be examined on their robustness to nonlinear perturbations.
Specifically, by applying random perturbations to the initial steady-state concentrations, the kinetic
models can be assessed based on their ability to dampen the perturbations in less than one doubling
time cycle. In the current thesis, this is done by applying a 10% random perturbation to each
concentration 50 times, integrating the ODE system and checking if the Euclidean norm of the
normalized concentrations has reached 95% of their steady-state values before the doubling time.
The sets of kinetic parameters that satisfy these criteria for all 50 perturbation runs are considered
robust and are used in the later stages of the thesis.

2.5 MCA and ODE simulations

The pruned sets of kinetic parameters can be used to examine proposed drug targets and their
effects on biomass production and the system at large. Additionally, using the Metabolic Control
Analysis method (MCA), new drug targets can be proposed based on the simulated physiology of
ovarian cancer cells. MCA uses control coefficients to estimate the concentration and flux
responses to a specific parameter perturbation:

Kl v _ i

Pk~ dinpr ' Pk dinpg (2.17)

For example, in the case of this thesis, MCA calculates the control coefficient values for the
biomass flux variable. These calculations are done for each pruned kinetic model, and an average
control coefficient is produced for each kinetic parameter. The control coefficients are then ranked
by absolute value, and the top ranked are examined. MCA is a valuable tool for uncovering
complex interactions inside the simulated metabolic network.

Simulating enzyme perturbations is a way to quantify the MCA estimations as well as test already
proposed drug targets. The perturbation of the enzyme’s concentration can be imposed on one or
more reactions of the metabolic network simultaneously. In practice, the perturbation is applied
by altering the v,,,,, value of the respective reaction rate laws (Since vy, = kcaclEtot])- The ODE
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system is then integrated until it reaches a new steady-state. The change in the v,,,, is similar to
the effect of an inhibiting ligand on the enzyme’s activity or a gene knockdown. It is even possible
to simulate gene knockouts by setting the v,,,, value to zero. Ideally, for promising drug targets,
the calculated biomass flux should decrease or even get nullified, signaling cell death.

2.6 Code availability

The mathematical formulations described in section 2.2 have been integrated into the current thesis
through the Python package PyTFA and the MATLAB toolbox matTFA?®, The kinetic analysis
results were produced with the use of the SKiMpy python package. The computations were
performed on a desktop with a 36-core Intel® Xeon(R) Gold 6254 CPU @ 3.10GHz and 93 GB
of RAM. All the code used in the current thesis, along with the required toolboxes and packages,
can be found on the GitHub page: https://github.com/Ilias719/LS_kinetic_OC.
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3. Results

3.1 Building the model of Ovarian Cancer cells

3.1.1 Model curation

The model used for the current thesis is a reduced version of Recon3D GEM produced with the
redHUMAN workflow and was provided by the EPFL LCSB lab. It consists of 614 metabolites
participating in 1724 reactions. The data integrated into the model were:

« Thermodynamic constraints for 998 reactions (section 2.2.2).

« Transcriptomic data for 332 reactions. The gene expression data were extracted from wild-
type and BRCA1 mutated ovarian cancer cells?” and were integrated into the model if the
reported fold change in gene expression was at least 1.3.

« Fluxomic data for 67 reactions?’.

After the integration of the above data, the model contained 488 BDRs, of which 72% were
transport reactions, 23% were part of the intracellular metabolism and synthesis pathways, and 5%
accounted for boundary reactions which are necessary for maintaining the mass balances of the
extracellular metabolites within the network .

As discussed in the Methods section, in order to build sets of kinetic models, all reactions should
be constrained to operate in one direction. For this reason, a series of curation steps were followed
to reduce the number of BDRs. After each imposed step, a variability analysis of the remaining
BDRs was performed.

Firstly, basal flux constraints were imposed on the model, reducing the BDRs to 472. The number
of BDRs was further reduced to 456 by minimizing the sum of fluxes. Next, a new objective
function was temporarily used to describe the cancer cell’s physiology more precisely and to
examine if it will further decrease the number of BDRs. This objective function maximizes
biomass production, ATP synthesis, glutamine uptake and lactate production. The reactions in the
model involved in this objective function are shown below:

Zphysiology = max (F_biomass + ATPS4mi + PGK + PYK + EX giln L e+ EX lac_L_e)

This objective function is based on experimental observations of cancer physiology that include
elevated levels of energy requirements, high lactate production (Warburg Effect) and glutamine
uptake. By enforcing this objective function and doing variability analysis for the rest of the BDRs,
their respective ranges were further constrained while also closely describing cancer cell
physiology. After all the modifications, 450 BDRs remained, of which 347 are transport reactions,
18 are exchange reactions, 25 are nucleotide interconversion reactions and 60 are part of
intracellular metabolism and synthesis pathways. The latter group was manually curated in order
to pick a directionality leaving 390 BDRs. The imposed curations are documented in Appendix B.
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The above steps considerably reduced the number of bidirectional reactions; however, it is difficult
to accurately choose a directionality for the rest of them, especially since almost 90% are transport
reactions. For example, many bidirectional transport reactions occur between the extracellular
medium and the cytosolic compartment of the cell, where two or more amino acids are
interchanged through the compartments. It is difficult to manually select a directionality for these
types of reactions as it leads to a bias towards the preferred compound inside the cell. Additionally,
it is known that cells utilize these transport reactions to dynamically change the concentration of
amino acids based on their needs and environmental changes. The same argument can be made for
nucleotide interconversion reactions, where it is difficult to assess the importance of converting
one nucleotide to another.

Sampling a set of feasible steady-state profiles of fluxes can provide a statistical approach for
acquiring directionalities for the rest of the BDRs. Using the modified ACHR sampler (section
2.3.2), aset of 1 million sample points was produced from an LP version of the model. The number
of warmup points was 10000, and the number of thinning steps was set to 500. The 1 million
steady-state flux values were averaged, and the mean point was used to extract the directionality
for each of the remaining BDRs.

The final version of the model is showcased in Figure 3.1. Specifically, core parts of the metabolic
network are shown, including the glycolysis pathway, pentose phosphate pathway, tricarboxylic
acid cycle, and urea cycle. While there are only 73 reactions displayed, they can depict the attempt
of the enforced constraints to better describe the physiology of the cell. The reported values of the
fluxes are the average of 1000 steady-state samples of the final FDP.

The glycolysis pathway is shown to carry relatively high amounts of carbon flux most of which
ends up secreted as lactate. Parts of the pentose phosphate pathway aid in this carbon flux and also
produce ribulose 5-phosphate, a precursor for the production of nucleotides. The urea cycle
includes fluxes that overall lead to the secretion of urea outside the cell.

An important pool of metabolites in the metabolic network of any cell is the adenylate molecules
i.e., ATP, ADP, and AMP. More specifically, it has been reported that the concentrations of these
metabolites are always in a specific ratio called adenylate energy charge, which is calculated by:

B [ATP]+§[ADP]
ec= [ATP]+[ADP]+[AMP] 3.1)

The energy charge can range from 0.7 all the way to 0.95, with human cells being closer to the
upper end of the range?®. In order to better depict this property of the metabolic network, the model
was enriched with ATP/ ADP/ AMP metabolomic data from Homo Sapiens?. The bounds of the
concentrations were relaxed by 20%, to not constrain the system too much. It is worth noting that
these relaxations result in high and low energy charge values that were inside the above provided
range. The concentrations imposed are reported in Table 3.1.

Table 3.1 Metabolomic data from Homo Sapiens.

Metabolite Concentration (mol/L)
ATP 4.67x10°3
ADP 5.69x10*
AMP 4.23x10°
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Figure 3.1 Core reactions of the metabolic network. The pathways included are Glycolysis, Pentose Phosphate
Pathway (PPP), Tricarboxylic Acid cycle (TCA) and Urea cycle. The values displayed next to the reaction’s name are
an average of 1000 sampled steady-state flux profiles, in mol/h. Negative values indicate that the reaction operates in
the opposite direction to the one that was assigned by default in the model. The color intensity of the fluxes goes from
light grey to blue to red as the absolute value increases. The map was made using the Escher Toolbox®.
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3.1.2 Kinetic model building

The structure of the kinetic model was built by assigning reaction rate laws based on the
stoichiometry of each reaction. As shown in Table 3.2, the vast majority of reactions were assigned
the Generalized Reversible Hill mechanism followed by Reversible Michaelis-Menten. The
resulting kinetic model must be populated with values for all the kinetic parameters involved in
the rate laws. To achieve this, the following steps were done:

1. 1000 steady-state samples of fluxes, concentrations, and thermodynamic variables were
produced.

2. For each steady-state profile, 100 sets of kinetic parameters were generated that were
consistent with the associated steady-state profile and resulted in a linearly stable system
(real part of eigenvalues is negative).

3. The 100,000 resultant kinetic models were pruned based on their adherence to
physiologically relevant timeframes.

For the last step, based on equation 2.16, it is possible to calculate that for a growth rate of 0.026
hour, the doubling time of the simulated cell is a little over 26 hours. As such, for the purposes
of this thesis, those models were chosen whose dominant time constant was at least three times
faster than the doubling time of the cell (i.e., the maximum eigenvalue of the Jacobian matrix
should be smaller than -3/26 =- 0.11).

In the reduced model of the cell, there were 610 reactions for which thermodynamic data was not
available. In the first run, before generating steady-state samples, these reactions were assigned
standard Gibbs free energy 4,.G° ranges from -10 kcal/mol to 10 kcal/mol. No other intervention
was done, but when following the above steps, the kinetic models produced did not have
physiologically relevant dynamics. Even the fastest sets of kinetic parameters had dominant time
constants that were three orders of magnitude slower than the cell’s doubling time (Figure 3.2). A
series of changes were made to the constraints imposed at the steady-state level to explore what
contributes to the slow dynamics.

Firstly, all reactions that facilitate a diffusion transport of compounds were enforced to operate
close to thermodynamic equilibrium. This step ensured that diffusion phenomena did not limit the
whole metabolic network. Additionally, all other reactions were set to operate away from
thermodynamic equilibrium to diversify the equilibrium constants’ values. Indeed, as shown in
Figure 3.2, these changes resulted in a faster response of the metabolic network, but it was still
two orders of magnitude slower than the desirable eigenvalue boundary.

Table 3.2 Types of rate law mechanisms and the number of reactions reported for each of them.

Mechanism Number of reactions
Generalized Reversible Hill 1048
Reversible Michaelis-Menten 293
Convenience 136
Uni-Bi Reversible Hill 90
Irreversible Michaelis-Menten 27
Bi-Uni Reversible Hill 9
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Figure 3.2 Max eigenvalue boxplot distributions of the stable sets of kinetic parameters. The y-axis is in log form
with positive values for easier understanding. The blue dashed line represents the doubling time of the cell, while the
red dashed line represents three times the doubling time. The orange lines in the boxplots show the median value.

To achieve physiologically relevant dynamics, the model’s variables should be curated in order to
guide the sampling process towards faster kinetic models. Modal analysis can quantify the
timeframe of the network by linearizing the ODE system and performing a linear transformation
to identify groups of metabolites that evolve together. In the case of constrained-based models,
these pools of metabolites are associated with one of the eigenvalues of the Jacobian matrix. By
performing modal analysis, it is possible to connect the eigenvalues that do not achieve the
physiologically relevant timeframe with groups of metabolites. It is safe to assume that these
metabolites are evoking the slowness in the system. So, the model was tweaked to enforce lower
concentration ranges for the targeted metabolites and higher flux ranges for the reactions they
participate in. These changes exclude these metabolites from being the rate-limiting step at some
point in the evolution of the system. The modal analysis results returned 342 metabolites that were
linked with slow dynamics, for which a manual curation of their concentration bounds and
connected flux ranges was performed. This resulted in an overall improvement of the dynamics
which led to 9 sets of kinetic parameters with dominant time constants that were at least three
times faster than the doubling time of the cell (Figure 3.2).

These 9 kinetic models were further pruned based on their robustness to nonlinear perturbations.
Specifically, by imposing small random perturbations to the concentrations of the system, the sets
of kinetic parameters can be examined as to their ability to return to steady-state efficiently (in less
than one doubling time cycle). The steps followed in Methods section 2.4.2 returned 6 sets of
kinetic parameters that can be considered robust to nonlinear perturbations. Moving on to drug
target analysis, the results discussed were derived from these 6 kinetic models.
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3.2 Drug target analysis

3.2.1 Drug targets derived from MCA

Metabolic Control Analysis was performed on each of the 6 kinetic models. The control
coefficients for biomass production were calculated, and the results were averaged over the 6
kinetic models and ranked by absolute value. The top 20 control coefficients are shown in Figure
3.3A.

Enzyme HEX1 (Hexokinase: responsible for converting glucose to glucose-6-phosphate) has the
highest control coefficient value, which is positive, meaning that an increase in its corresponding
reaction flux will result in an increase in biomass production. The opposite effect is displayed in
ATPM (ATP maintenance requirement), which holds the second highest absolute value control
coefficient, and an increase in the reaction's flux will decrease the biomass flux value. In total,
there are 13 reactions with a positive control coefficient and 7 with a negative control coefficient.
Reactions that rank lower than the top 20 are not considered since their control coefficient value
is insufficient to derive meaningful observations.

The top 20 reactions are from a group of 11 subsystems (Figure 3.3C). The one with the most
impactful control coefficients is the glycolysis/glycogenesis pathway containing 5 reactions. Three
subsystems (nucleotide interconversion, pyrimidine synthesis, purine synthesis) are directly linked
with the metabolism and synthesis of nucleotides. Additionally, another three subsystems (fatty
acid synthesis, fatty acid oxidation, glycerophospholipid metabolism) are linked with the
metabolism of lipids and fatty acids. These results indicate that biomass production is heavily
impacted by changes in reactions that are part of synthesis pathways for some mandatory
compounds in the growth and doubling process of the cell. Specifically, the biomass production
reaction, used to simulate the growth of the cells in the model, contains amino acids, glucose
compounds, dNTPs, and several lipids and the examined reactions are linked with one of those
key compounds.

Recent literature indicates agreement with the above findings. Regarding glycolysis, it is well
established that cancer cell metabolic phenotypes are dependent on this pathway, mainly for
energy production, regardless of the presence of oxygen3'. Cancer cells produce the required levels
of cellular energy through increased glucose uptake and aerobic glycolysis, even though this is a
less efficient pathway (compared to oxidative phosphorylation in mitochondria). Additionally,
glycolysis is used to produce vital metabolic intermediates for the biosynthesis of essential
macromolecules, which serve as building blocks for tumor proliferation and growth. Such
compounds include NADPH, which is stated to provide chemoresistance by regulating the redox
status of the cells, and ribose-5-phosphate, an essential precursor of nucleic acids and lipids.
Lastly, many glycolytic enzymes have been linked with crucial non-glycolytic processes, such as
HEX1 which is involved in transcriptional regulation and phosphorylation of histones. Many drug
targets from the glycolysis pathway have been experimentally examined, with many of them
reaching Phase 111 clinical trials 3.
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Figure 3.3 A. The 20 enzymes with the top control coefficients by absolute value calculated by MCA. B. Reaction
formula of the enzymes that are further examined in section 3.2.2. C. List of groups of enzymes and the metabolic
subsystems they participate.

Interestingly, enzymes HEX1 and PFK (Phosphofructokinase), which MCA suggested, have
already been studied as the reactions catalyzed by them are rate-limiting in the glycolysis pathway.
Other notable enzymes are glucose transporters for blocking the uptake of glucose, GAPD for the
deregulation of NADPH production and PK (Pyruvate kinase) and LDH (Lactate dehydrogenase).
While experimental trials have shown promising results for many of these enzymes, a significant
drawback is that the inhibitors used also affect other types of cells leading to concerns about
toxicities. Despite that, antiglycolytic agents may prove a pivotal part of combination therapies,
where the parallel use with chemotherapeutic drugs has been shown to lead to lower drug
resistance®.

Moving on to lipids, there is an abundance of different categories and subsequent compounds that
contribute to different tasks in the cell, such as membrane formation, energy storage and
production (through fatty acid oxidation), and signaling pathways that contribute to tumorigenesis.
Of the many enzymes that participate in these tasks, there are a few that showcase deregulation in
malignant tumor cells and are of importance when it comes to inhibiting cancer physiology. Two
of those enzymes are Acetyl-CoA carboxylase and Fatty Acid Synthase, both of which were
highlighted by MCA as crucial to biomass production (enzymes ACCOAC and FAS120COA /
FAS100COA, respectively). They have been experimentally tested for cancer inhibition with
promising results. Additional deregulated enzymes are Stearoyl-CoA desaturase and the
cholesterol synthesizing enzymes HMGCR and SM. Since lipid metabolism is closely regulated
by intracellular oncogenic signaling, it is challenging to propose simple treatment strategies that
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inhibit fatty acid or cholesterol synthesis, especially since differences in dietary lipids may disrupt
the results. A more combinatorial and specific targeting of the lipid metabolism is speculated to
achieve pivotal results®.

One more metabolic subsystem of importance is nucleotide metabolism. It is complex and diverse
and includes de novo synthesis of nucleotides as well as salvage pathways. Nucleotide metabolism
is regulated by key metabolic enzymes as well as allosteric effects by different nucleotide
substrates. An upregulated nucleotide metabolism is essential in cell proliferation, a finding which
has led to the development of many inhibitory drugs. They account for nearly 20% of all developed
drugs for cancer treatment and can be classified into three main categories; purine analogs,
pyrimidine analogs, and metabolic enzymatic inhibitors. Apart from the last category, nucleotide
analog drugs have a more general inhibitory effect as they often target more than one enzyme.
Interestingly, dysregulated nucleotide metabolism has been also found to alter the immune
microenvironment and affect the host immune response 3. However, such cell interactions are
beyond the scope of this thesis. Regarding the MCA results, 4 enzymes execute nucleotide
interconversions, HMR_4672 (dCTP Deaminase) produces dUTP and INSK (Inosine kinase)
produces inosine monophosphate. The sensitivity of the biomass production to these enzymes
might imply physiology-specific irregularities, providing a way for more targeted inhibition of
nucleotide metabolism. However, due to the high uncertainty involved with the directionality of
many nucleotide interconversions, these results might occur from the specific state of the
metabolic network. Further examinations with different alterations of the reaction directionalities
(different FDPs) could show the possible uniqueness and importance of these results.

The above comparison with literature data, showcases the validity of the model’s estimations.
Based on the fact that three subsystems of interest and particular enzymes were correctly estimated,
it is likely that other proposed drug targets that were not mentioned in the literature are also
promising drug targets.

3.2.2 Simulations of enzyme perturbations

For the purposes of this thesis, each enzyme with the highest control coefficient from the three
above discussed metabolic subsystems was examined (Figure 3.3B). Enzymes HEX1,
FACOAL1821 (Long-chain-fatty-acid—CoA ligase), r0474 (Ribonucleoside diphosphate
reductase dCTP-forming) along with ATPM (for its potential to deregulate the elevated levels of
the cell’s ATP) were subjected to enzyme perturbations by changing their v, value by 10%,
50% and 100%. This change in the v,,,, value was positive for enzymes with a negative control
coefficient and vice versa, in order to achieve a decrease in biomass production. A 100%
perturbation indicates gene knockout in enzymes with a negative control coefficient and double
the enzyme activity in enzymes with a positive control coefficient.

It should be noted that in every perturbation run, regardless of the enzyme, one of the six models
was highly sensitive to the changes imposed and always returned a biomass production flux of
zero. This may indicate that the particular set of kinetic parameters was sensitive to numerical
errors or that this state of the kinetic model portrayed a very unstable physiology. As such, it is
excluded from any further analysis and figures.
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Figure 3.4 portrays the results from all three enzyme perturbations. As expected, the perturbations
led to new, lower steady-state value for the biomass flux. By increasing the intensity of the
perturbation, the effect is more significant. Differences are also observed between the five models

which showcase diverse responses to the perturbation and distinct steady-state profiles.

A 10% enzyme perturbation (Vmqx = 0.9Vmax originar) d0€s not have significant effect to the
biomass flux with the largest deviation calculated being only 21%. The effect is more prominent
at 50% perturbation, where the deviations range from 41% all the way to 74%. This comes to show
the inhibitory effect that HEX1 has on the biomass production. Finally, a 100% perturbation,
simulating complete inhibition of HEX1 enzyme or a relevant gene knockout, leads to cell death
for all models. Thus, the metabolic model is heavily dependent on HEX1 establishing its gene as
essential for the survival of the cell.
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Figure 3.4 Time graphs of cell growth for each model and each enzyme perturbation of HEX1. The grey dashed line
indicates the original biomass flux value at steady-state.
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Regarding the time scale of the simulated system, it can be observed that reaching a new steady-
state occurs in a couple of hours, which is much faster than the doubling time of the cell. The
maximum time needed is 8 hours (for 50% perturbation), and the minimum is less than 2 hours
(for 100% perturbation). It is also worth mentioning that all models reached steady-state in very
similar timeframes. Information about the effect’s timescale is vital for drug development
experimental trials.

Another advantage of large-scale kinetic modeling is any information regarding the system’s
dynamic response to such changes. In this particular case, all dynamic responses showcase an
initial increase in biomass production, which in some cases surpasses the original steady-state
value. This effect is exaggerated with models 1 and 5, which quickly reach values higher than 0.14
h*, a concerning, one order of magnitude increase. Such high initial deviations indicate drastic
responses of the cell’s metabolic network and may be linked with toxic responses of the tumor or
aggravation of ovarian cancer. These observations should be taken into consideration when
developing a drug and deciding on drug dosages, as toxicity levels may inhibit the patient’s
successful treatment. An extensive collection of kinetic models could give a more statistically
significant dynamic response that would better encapsulate the drawbacks of such perturbations.

ATPM

ATPM, while not belonging to one of the metabolic pathways discussed above, had the second
highest control coefficient value and the highest negative value. This means that an increase in the
enzyme concentration will lead to a decrease in biomass production which may be because the
ATP levels of the system will be depleted (Figure 3.3B). The simulated perturbations of v,,,, =
1-1vmax,original & Umax = 1-5vmax,original & Umax = vaax,original are showcased in
Figure 3.5. Similar observations can be made as in HEX1 results, with the biomass flux steadily
decreasing as the perturbation increases. In the case of a 100% perturbation, the deviations from
the original biomass flux value range from 39% to 74%. Since, in the case of ATPM, the
Vmax Value is increased, further perturbations e.g., 200%, 1000%, can be imposed, and a further
decrease in biomass production is expected. Since the time evolutions of the system contain
information about all concentrations and fluxes, it is possible to observe how the ATP/ ADP/ AMP
levels are affected. Figure 3.6 showcases the concentrations of these metabolites for a 100%
perturbation. As expected, all metabolites suffer a decrease in their concentration values (ATP
71%, ADP 66%, and AMP 40% relative decrease). The destabilization of the adenylate levels has
significant effects on the metabolic network, which forces the cell to operate at slower rates.
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Figure 3.5 Time graphs of cell growth for each model and each enzyme perturbation of ATPM. The grey dashed line

indicates the original biomass flux value at steady-state.
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Figure 3.6 Concentration levels for ATP, ADP and AMP when the system is imposed to 100% ATPM enzyme
perturbation. The filler lines represent the standard deviation between the 5 kinetic models. ATP has a different axis
than ADP/AMP due to two orders of magnitude differences in concentration values.

FACOAL1821

To study the effects of a deregulated lipid metabolism on the cell’s proliferation, FACOAL1821
was chosen to be perturbed. The results follow similar patterns as the previous two cases and are
portrayed in Figure 3.7. However, it is evident that the effects on biomass production are less
significant. For a 10% perturbation, biomass production decreases by only 5% and for the gene
knockout simulation, the decrease percentiles range from 25% to 39%. These results indicate that
the control coefficient values can also estimate how impactful the perturbation effect is. While
HEX1 and ATPM had high control coefficients and drastically affected biomass production,
FACOAL1821, whose control coefficient value is less than half of theirs, did not impact biomass
production to the same magnitude.
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Figure 3.7 Time graphs of cell growth for each model and each enzyme perturbation of FACOAL1821. The grey
dashed line indicates the original biomass flux value at steady-state.

ro474

Lastly, r0474 is part of the nucleotide metabolism and has a negative control coefficient. The time
evolutions of the simulated perturbations are shown in Figure 3.8. This enzyme gives intriguing
results since it would be expected that the impact on biomass production would be even more
trivial than FACOAL1821’s effect (6 spots down in MCA results). While a 10% perturbation does
not significantly affect cellular growth, 50% perturbation displays a 21% average decrease in
biomass production and 100% perturbation leads to cell death. Furthermore, cell death happens in
a matter of milliseconds. For these reasons, 10474 can be considered essential for the cell’s
survival. Additionally, this case shows that MCA can provide a set of the candidate drug targets
but that further simulations are required to investigate the complex interactions inside the
metabolic networks and confirm in silico these targets.
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Figure 3.8 Time graphs of cell growth for each model and each enzyme perturbation of r0474. The grey dashed line
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4. Conclusions

This work represents, based on the writer’s known literature, the first kinetic model of a metabolic
network of this scale and was used to reliably describe the physiology of ovarian cancer cells.
Thermodynamic, transcriptomic, metabolomic, and fluxomic data were integrated into kinetic
models that can simulate metabolic responses of ovarian cancer’s metabolism. The directionality
for some remaining bidirectional reactions was decided based on a modified ACHR sampling
algorithm. A set of stable sets of kinetic parameters were sampled that could also operate in
physiologically relevant timeframes. This was achieved after imposing thermodynamic curations
and information extraction from modal analysis results. The sets of kinetic parameters were used
to find possible drug targets through Metabolic Control Analysis, and four enzymes of interest
were further examined. Simulations of enzyme perturbations indicated that the produced kinetic
models could give vital information about the dynamic response of the system as well as the impact
on steady-state biomass production. Enzymes HEX1 (Hexokinase) and ATPM (ATP maintenance
requirement) significantly affected the cell’s survival and FACOAL1821 (Long-chain-fatty-
acid—CoA ligase) showecased similar results, although to a lesser extent. Particular attention
should be given to r0474 (enzyme Ribonucleoside diphosphate reductase dCTP-forming), which
delivered promising outcomes, despite its relatively small control coefficient. A ligand that
explicitly targets this enzyme and not the whole nucleotide metabolism, as it is done with most
developed drugs, may provide a physiology-specific treatment.

Overall, the methods used and developed for the current thesis produced large-scale metabolic
models. The results highlight the importance of using such methods, which unveiled groups of
enzymes that are likely to serve as drug targets, intricate dynamic responses of the whole network
and quantifiable estimations of the overall effects on cancer proliferation. Using such models can
assist the study of the physiology of specific types of cancer cells and can accelerate the drug
development process. Physiology-specific drug targets can be suggested, and early estimations of
the toxicity response and effective drug dosages can be calculated.

Of course, even though this thesis has demonstrated results that confirm the robustness of the
methods used, there is still room for improvement and further research exploration. Firstly, it is
critical to sample more sets of kinetic parameters with the desired characteristics and use them to
acquire statistically more diverse simulations. While this will increase the computation time
proportionally to the added number of kinetic models, it has the potential to deliver greater overall
results. Specifically, more kinetic models will strengthen the statistical significance of the results
and rule out outliers, such as one of the six kinetic models that were sensitive to any perturbation.
In general, metabolic responses reported consistently within the population of models may prove
to be more reliable predictors of cancer physiology. Secondly, it would be very intriguing to
explore different states of the metabolic system by picking a different FDP. Since the uncertainty
for many reactions’ directionality is high, it would be interesting to explore the uniqueness of the
thesis’ findings. Other sets of FDPs and their subsequent kinetic models can produce similar or
unexpected outcomes. This does not mitigate the presented findings, since they are backed up by
relevant literature, but it serves as a way to explore the complex interactions inside the cell. Lastly,
the methods developed for the enzyme perturbation simulations allow multiple inhibitions to
happen simultaneously. This might be a vital tool for further investigation of suggested treatments.
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It can aid in exploring the combinatorial drug targeting approach by providing vital information
on how newly discovered drug targets respond when introduced in parallel with existing
chemotherapeutic treatment.

In order to combat each type of cancer as a different disease, researchers will need to combine
experimental data and in silico experiments to minimize the cost, time, and risk associated with
the drug development process. In that regard, the models and methods developed within this
project pave a way for advancing researchers’ understanding of cancer metabolism and allow for
the development of models for further research of other types of cancers.
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6. Appendix A

Rate law formulations used for the purposed of the kinetic model building. Note that these are some examples and

that the model contains many different stoichiometries, so the respective rate law formulations change accordingly.
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/. Appendix B

Bidirectional intracellular reactions along with the Subsystem they belong to, their reaction formula and the manually
imposed directionality.

Variable ID Reaction name Subsystem Formula Directionality
10805 ASPTA Alanine and aspartate metabolism akg c+asp_L c<=>glu_L_c+oaa_c Reverse
9984  r0615 Arginine and proline metabolism nad_c + 4hpro_LT c<=>3h_c+nadh_c+ 1p3h5c_c Forward
9986 r0617 Arginine and proline metabolism nadp_c + 4hpro_LT_c <=>3h_c + nadph_c + 1p3h5c_c Reverse
11143  r0783 Cholesterol metabolism nadp_r + Ithstrl_r <=>2 h_r + nadph_r + chlstol_r Forward
9879 SUCOASIm Citric acid cycle coa_m + gtp_m + succ_m <=> pi_m + gdp_m + succoa_m Reverse
9935 r0081 Citric acid cycle akg m+ala L m<=>glu L_m+pyr m Reverse
10797 ACONT Citric acid cycle cit_c <=>icit_c Forward
10856 FUM Citric acid cycle h20_c + fum_c<=>mal_L_c Forward
10978 MDH Citric acid cycle nad_c+mal_L _c<=>2h_c+nadh_c+ o0aa_c Reverse
10873 MTHFC Folate metabolism h2o_c + methf_c <=> 10fthf c+ 2 h_c Forward
10874 MTHFD Folate metabolism nadp_c + mlthf_c <=> nadph_c + methf _c Forward
10990 r0792 Folate metabolism nad_c + 5mthf_c <=>2 h_c + nadh_c + mithf_c Forward
11001 MTHFD2 Folate metabolism nad_c + mithf_c <=>nadh_c + methf_c Forward
9514 ALATA L Glutamate metabolism akg c+ala L c<=>pyr c+glu L ¢ Reverse
9690 GLUDxm Glutamate metabolism h20_ m+nad m+glu L_m<=>2h_m +akg_m + nadh_m + nh4_m Forward
9691 GLUDym Glutamate metabolism h20_m+nadp_m +glu_L_m<=>2h_m + nadph_m + akg_m + nh4_m Forward
9929 r0021 Glutathione metabolism nad_c + 2 gthrd_c <=>2 h_c + nadh_c + gthox_c Forward
9930 r0022 Glutathione metabolism nad_m + 2 gthrd_m <=>2 h_m + nadh_m + gthox_m Forward
9846 PSSAL hs Glycerophospholipid metabolism ser_L_c + pchol_hs_c <=>chol_c+ ps_hs_c Reverse
9971  r0480 Glycerophospholipid metabolism amet_c + ethamp_c <=>2h_c +ahcys_c + HC00718_c Reverse
10857 G3PD1 Glycerophospholipid metabolism nad_c + glyc3p_c <=>2 h_c + nadh_c + dhap_c Forward
11108 CDIPTr Glycerophospholipid metabolism inost_c + cdpdag_hs_c <=>h_c + cmp_c + pail_hs_c Forward
11111 PCHOLP_hs Glycerophospholipid metabolism h20_c + pchol_hs_c <=>h_c + chol_c +pa_hs_c Reverse
11112 RE3301C Glycerophospholipid metabolism h20_c+ps_hs c<=>h _c+ser L c+pa_hs c Reverse
Glycine, serine, alanine, and threonine
9981 r0553 metabolism h20_c + nadp_c + betald_c <=>3 h_c + nadph_c + glyb_c Forward
Glycine, serine, alanine, and threonine
10863 GHMT2r metabolism ser_L_c +thf_c <=>h2o0_c + gly_c + mithf ¢ Forward
11067 HMR_7748 Glycolysis/gluconeogenesis MO01389_c <=>gbp_c Reverse
11068 HMR_7749 Glycolysis/gluconeogenesis M01389_c <=>f6p_c Forward
h20_m + nad_m + saccrp_L_m <=>2h_m + nadh_m + glu_L_m +
9977  r0525 Lysine metabolism L2aadp6sa_m Forward
10989  r0392 Miscellaneous h20_c + nad_c + glyald_c <=>3h_c + nadh_c+glyc_ R ¢ Reverse
9951  r0249 Pentose phosphate pathway r5p_r<=>rubp_D_r Reverse
9996 r0784 Pentose phosphate pathway nad_c + xylt c<=>2h_c+nadh_c+xylu_L_c Forward
10719 RPEc Pentose phosphate pathway 2rubp_D_c<=>2xu5p_D_c Forward
10859 G6PDH2r Pentose phosphate pathway nadp_c + gbp_c <=>2 h_c + nadph_c + 6pgl_c Forward
10896 PPM Pentose phosphate pathway rlp_c <=>r5p_c Reverse
10909 RPE Pentose phosphate pathway rusp_D_c <=>xu5p_D_c Forward
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10910 RPI Pentose phosphate pathway r5p_c <=>ru5p_D_c Reverse
10913 TALA Pentose phosphate pathway g3p_c+s7p_c<=>fbp c+edp c Forward
10916 TKT1 Pentose phosphate pathway xu5p_D_c +r5p_c <=>g3p_c +s7p_c Forward
10917 TKT2 Pentose phosphate pathway xu5p_D_c+edp _c<=>g3p_c+f6p c Forward
10925 r0570 Pentose phosphate pathway 2drlp_c <=> 2dr5p_c Reverse
11099 RE3273C Phosphatidylinositol phosphate metabolism  h2o_c + pail_hs_c <=>h_c + pa_hs_c + inost_c Reverse
10904 PUNP5 Purine catabolism pi_c +ins_c<=>hxan_c +rlp_c Reverse
9586 D3AIBTm Pyrimidine catabolism pyr_m+ 3aib_D_m<=>2mop_m+ala_ L m Reverse
9848 PYNP2r Pyrimidine catabolism pi_c+uri_c<=>ura_c+rlp_c Forward
9972  r0483 Pyrimidine catabolism akg_m + 3aib_D_m <=>2mop_m+glu_L_m Forward
10622 RE0453C Pyrimidine synthesis datp_c + dtdp_c <=> dadp_c + dttp_c Leave BDR
10633 RE1530C Pyrimidine synthesis dgtp_c + duri_c <=>h_c + dgdp_c + dump_c Leave BDR
10642 RE2954C Pyrimidine synthesis h_c + pep_c + dtdp_c <=> pyr_c + dttp_c Leave BDR
9997 r0788 Sphingolipid metabolism amet_c + HC00718 ¢ <=>2 h_c + ahcys_c + HC01842 ¢ Reverse
9998 r0789 Sphingolipid metabolism amet_c + HC01842_c <=> 2 h_c + ahcys_c + cholp_c Reverse
9959 r0381 Taurine and hypotaurine metabolism h20_c + nad_c + hyptaur_c <=>2 h_c + nadh_c + taur_c Forward
10630 RE1233C Tryptophan metabolism akg_c + Lkynr_c <=>h20_c + glu_L_c + kynate_c Forward
10795 ACACT1r Tryptophan metabolism 2 accoa_C <=>coa_c + aacoa_c Forward
10987 TYRTA Tyrosine metabolism akg_c+tyr L c<=>34hpp_c+glu_L_c Forward
9669 GACMTRc Urea cycle amet_c + gudac_c <=>2 h_c + ahcys_c + creat_c Forward
9819 ORNTArm Urea cycle akg_m +orn_m <=>glu_L_m + gluSsa_m Reverse
10627 REO0691C Urea cycle 4abutn_c <=>h20_c + CE1944 ¢ Forward
10636 RE1897C Urea cycle nad_c + spmd_c <=>2 h_c + nadh_c + CE5586_c Reverse
10637 RE1898C Urea cycle CE5586_c <=> 13dampp_c + CE1944 ¢ Reverse

40



