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IEVADS

Genotipa-fenotipa saistiba ir svarigs pétiSanas virziens dabaszinatn@s.
Problémas atrisina$ana nozim&tu, ka, zinot genotipu (genétisko informaciju), ir
iespgjams paredzet fenotipu (genotipa determin€to organismu ar tam raksturigo
fiziologiju) un otradi. 20. gadsimta otraja pusé pieeja genétikai, biokimijai un
molekularajai biologijai bija orient€Sanas uz sareZgito biologisko sistému sadalisanu
komponentgs ceriba izprast genotipa-fenotipa saistibas. STs pieejas sniedza detalizétu
izpratni par biologiskajam individualajam komponentém (metabolits, reakcija), bet
nerisindja sistémisko mijiedarbibu starp biologiskajam un vides komponenteém, kas
nosaka fenotipu (Price, Qvarnstrom, & Irwin, 2003).

Misdienas tehnologiskie sasniegumi lauj izmantot augstas caurlaidibas
metodes, lai vispusigi un vienlaikus raksturotu biologiskas komponentes
(Lewis, Nagarajan, & Palsson, 2012). Sadu datu veido3anas izmaksas ir strauji
samazinajusas, un apstradajamo datu apjomi ir kluvusi daudz lielaki, kas ir atlavusi
pétnickiem skatit un pétit $linas vai organismus ka veselas sistémas mijiedarbibas
rezultatu (Duarte et al., 2007). Datortehnika un tehnologijas ir neizbégami iesaistitas
iepriek§ minéto datu ieguvé. Taja pasa laika So datu apjoms nosaka, ka ne tikai to
iegliSanu, bet ari to analizi un interpretaciju vairs nav iesp&jams veikt bez
datortehnologijam. Lidz ar to cilvéks delegé datoriem un tehnologijam analizes un
sprieSanas funkcijas ar specifisku algoritmu palidzibu, atstajot sev datora sniegto
risindjumu un viedoklu parbaudi ar eksperimentaliem datiem un parbauditas
likumsakaribas parbauditiem testiem.

Datormodelésana ir viena no tehnologijam, kas lauj analiz&t mijiedarbiba
esoSu elementu veidotu sistému. Bitiba, biologisku sisttmu datormodelis apkopo
publicéto un eksperimentos iegiito informaciju par peétamo procesu vai objektu un
lieto atzitas likumsakaribas vienlaicigi (paraléli). Lidz ar to visa modeli ievietota
informacija un zinasanas tiek parbauditas simulacijas. Biezi vien jaatzist, ka
zinaSanas ir pretrunigas un nepiecieSami jauni eksperimenti. Model&Sanas
eksperimentu (simulaciju) un biologisko eksperimentu cikls veido sistémbiologijas
pieeju — ciklisku progresu procesa izpratnei matematiska [iment (model). Izveidotais
modelis talak izmantojams organisma darbibas normalizacija
(tipisks uzdevums medicina) vai ta uzlaboSana péc izvirzitajiem krit€rijiem
(tipisks uzdevums biotehnologija).

Vielmainas jeb metabolisma procesi, iespgjams, ir paslaik vislabak izpétitie,
liela méra pateicoties labam iespgjam metabolitu koncentracijas kvantitativai
mériSanai un vielas neziidamibas likumam. Sie modeli joprojam neatbild uz
jautdjumu par genotipa-fenotipa saistibu v€lamaja Itmeni, tomér dod loti daudz
vertigas informacijas par iesp&jamiem un neiesp&jamiem organismu stavokliem.

Metabolisma modeléSana, 1idzigi ka citu procesu modelésana, ir iedalama
divos svarigos posmos:

1) modela izstrade — darbibu kopums, lai ieglitu pietiekami precizu objekta
vai procesa matematisku atainojumu un eksperimenti ar objektu buitu
aizstajami ar datormodel&Sanas eksperimentiem;

-



2) modela analize un/vai optimizacija — darbibu kopums, lai noskaidrotu
sisteémiskas 1pasibas, kas nosaka organisma atbilstibu izvirzitajam
optimizacijas kriterijam.

Ir dazadas metabolisma modeléSanas tehnikas: stohastiska kingtiska,
determinéta kingtiska, stehiometriska un citas. Starp §$Tm metodem stehiometriskajai
modelésanai raksturigi liela méroga modeli, jo to lietoSanai ir nepiecieSamas tikai no
masas nezidamibas likuma viedokla sabalans€tas reakcijas. Stehiometriska
model&Sana var darboties ar modeliem, kuros ir tikstoSiem reagentu un tiikstoSiem
tos saistoSo reakciju. Galvenie lietoSanas virzieni ir medicina un biotehnologija.

Paslaik lielakais sam@ra precizais stehiometriskais modelis ir cilvéka
metabolisma modelis ar vairak neka 5000 reagentiem un 7000 reakcijam starp tiem
(Thiele et al., 2013). Caur reakcijas kataliz€joSajiem fermentiem modelt ir iesaistiti
ar1 tikstoSiem génu. Modelis jau tiek tieSi lietots iedzimto vielmainas slimibu
diagnostikas pilnveidoSanai, sniedzot arvien jaunas prognozes par slimibu
izraisitajiem blakusefektiem. Paslaik attistas ar jauna pieeja medicina kliniskajiem
petijumiem, p&c kuru veikSanas tiek pielauta kadu medikamentu vai iericu lictosana
veselibas aizsardziba: datormodelé$ana balstitie kliniskie izméginajumi (in silico
clinical trials) (http://avicenna-isct.org/). Ar §adu pieeju paveras iesp&jas agrini
atsijat neperspektivos risinajumus, ka arT noteikt pacientu grupas, kuram attieciga
tehnologija nav izmantojama.

A1l biotehnologija stehiometrisko modelu lietojums sniedz lieliskus
rezultatus. Ta popularais organisms Escherichia coli tika optimizéts biodegvielas
etanola razosanai (Trinh, Unrean, & Srienc, 2008), biodizela razoSanas
blakusprodukta glicerina parvérSanai etanola (Trinh & Srienc, 2009), ka ari
aminoskabju razosanai (Unrean, Trinh, & Srienc, 2010). Ming&tie risinajumi ir
apstiprinati arT praktiskos eksperimentos.

Pastav ar1 vidgja un liela méroga stehiometrisko modelu izveides un
optimizaciju lietosana veiksmes stastos (Kerkhoven, Lahtvee, & Nielsen, 2014) (Liu
etal., 2014).

L1dz ar stehiometrisko modelu panakumiem un to lielo mérogu Sie modeli
ievie§ jaunas prasibas programmproduktiem, 1pasi situacijas, kad darbojas
starpdisciplinaras komandas, kuras piedalas gan biologiskajos, gan matematikas un
skaitloSanas specialisti.

Reakciju  sabalanséSana  ir  svarigs, bet  sarezgits  process
(Thiele & Palsson, 2010), kuru metabolisko modelu veidotaji biezi vien vienkarSo
un optimizacijas rezultata ieglst risinajumus, kas neatbilst vielas neziidamibas
likumam un noved pie nepareiziem secinajumiem.

Cita probléma ir metabolisko tiklu vizualizacija, kas lautu biologiem
pietiekosi labi atpazit procesus un lautu novertet to iesp&jamo atbilstibu realitatei —
konkréta organisma uzvedibai. Ideala gadijuma vizualizacija lautu Tsa laika novertet
procesu, dazadu metabolisko tiklu atzaru mijiedarbibu un iespgjas ar tiem manipulét.

Arvien pieaugoSa probléma ir arl skaitloSanas jauda. Stehiometriskajos
modelos  jégpilnu  uzdevumu  skaitloSana  var  aiznpemt  mé&neSus
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(pieméram — elementaro celu kalkulacija). Lidz ar to ir nepiecieSams uzlabot
optimizacijas procediras, lai stehiometriskie modeli dotu arvien vairak precizas,
praktiskaja biotehnologija un medicina lictojamas informacijas ar iesp&jami mazaku
skaitloSanas resursu un laika paterinu.

Loti dinamiski atfistas arT biologiskas informacijas datu bazes ar dazadu
informaciju: reakcijas kod€joSo génu esamibu organismu genomos, informaciju par
reakciju termodinamiskajam TIpatnibam, kas nosaka reakcijas virzienu
ierobezojumus, informaciju par génu saistibu ar reakcijas kataliz€joSajiem géniem
utt.

Lai arT min€tajos virzienos jau ir bijusi méginajumi uzlabot modelésanas
procesu, vél ir liclas iesp&jas sniegumu uzlabot, jo stehiometrisko modelu izveide un
optimizacija ir sam@ra jauna nozare un turpina strauji attistities. IpaSi tas ir
attiecinams uz darbibam ar liela méroga, taja skaitd genoma meéroga modeliem
apstaklos, kad informacijas daudzums piecaug loti strauji, pateicoties
eksperimentalajam tehnologijam. ST situacija nosaka pétijuma aktualitati un forme
promocijas darba mérki un uzdevumus.

Promocijas darba mérkis un uzdevumi

Promocijas darba merkis ir stehiometrisko datormodelu balstitas
metaboliskas inzenierijas uzdevuma procediiru izstrade skaitloSanas apjoma un
manuala darba samazinasSanai.

Pétijuma mérka sasniegSanai tika izvirziti $adi uzdevumi:

1. Analizét matematiskas likumsakaribas starp stehiometrisko modelésanu un
metabolisma molekularajiem procesiem.

2. Izpetit stehiometrisko modelu analizes algoritmu darbibas principus.

3. Uzlabot stehiometrisko modelu projektésanas un validacijas procediiru
pateréta laika, darbibu skaita un manuali apstradajamo datu apjoma
samazinasanai.

4. Izveidot datu vizualizacijas riku stehiometrisko modelu analizes algoritmiem
ieglito rezultatu vizualizacijai metaboliskas inZenierijas uzdevumos.

5. Izstradat stehiometrisko modelu analizes algoritmu procediiras ar samazinatu
datu apstrades apjomu, laiku, manualo darbu un metaboliskas inZenierijas
uzdevumos analiz&jamo risinajumu kopu.

Pétijumu metodes

Aprekini stehiometriska modelésana pamata tiek veikti, izmantojot matricas
ievadito informaciju, kas interpreté biologiska organisma vielmainas funkcijas.
Matricu transpongsana un matricu algebriskas darbibas tiek izmantotas, lai atrastu
noteikumus, ar kuriem metaboliskais tikls var atrasties lidzsvara jeb stacionara
stavoklT.

Linearas algebras metodes tiek izmantotas, lai no matrica ievaditas
informacijas veidotu vektora veida kopigo atrisinajumu kopu, kura var atrast
stehiometriska modela visu atrisinajumu kopu.

9.



Eksperimentalo datu validacija stehiometriska modeli tiek izmantota,
salidzinot eksperimentalos datus ar stehiometriska modela rezultatiem.

Masas neziidamibas likums tiek izmantots reakciju balans€$ana un stacionara
stavokla noteikSanai.

Uz ierobezojumiem balstitas modele$anas principu lietosana.

Vizualizacijas izveidosanai tiek izmantota XML faila struktiira.

Zinatniskais jauninajums un praktiska vertiba

1. Uzlabota stehiometrisko modelu projektéSanas procediira specifiska tipa
modeliem, uzdevumiem un pieejamajiem datiem.

2. lIzstradats datu vizualizacijas riks stehiometrisko modelu reprezentacijas
atviegloSanai.

3. Izstradatas procediiras stehiometrisko modelu analizes algoritmiem datu
apstrades apjoma, laika un metaboliskas inzenierijas uzdevumu analiz€jamo
atrisinajumu kopas samazinasanai.

Pétfjuma tezes
1. Agrina ierobezojumu ievieSana stehiometrisko modelu veidoSana lauj
samazinat validacijas procesa apstradajamo datu apjomu.
2. Automatizéta modula stavokla vizualizacija reakciju plismu Iiment uzlabo
metabolisko celu savstarpgjas mijiedarbibas analizi.
3. Metaboliskas analizes algoritmu kombinacijas samazina analiz€jamo
risinajumu telpu un analiz&jamo risinajumu kopu.

Promocijas darba struktiira un apjoms

Promocijas darbs ir uzrakstits latvieSu valoda, satur anotaciju, ievadu, 5
nodalas, secinajumus, literatiiras sarakstu un 12 pielikumus, kas apkopoti atseviska
s€juma, taja skaita 15 tabulu, 44 attelus, kopa 145 lappuses. Darba izmantoti 196
literatiiras avoti.

1. BIOLOGISKO DATU DAUDZVEIDIBAS IETVERSANA
DATORMODELI

Katrs organisma veids (suga) sastav no unikala genoma, kura ir arT kodétas
organisma metabolisma iesaistitas reakcijas, metaboliti, to mijiedarbiba,
funkcionalitate, to savstarp&ja savienojamiba.

Biologisku sisttmu datorvadiba vadamas sisttmas datormodelis ir
datorvadibas izstrades priek$nosacijums, jo katrai biologiskai sistémai, neatkarigi no
tas méroga (Slna, audi, organisms), ir sava vadibas sisttma (biologiska vadibas
sistéma - BVS), kas ir genétiski determin&ta (Stalidzans, 2005).

Optimalu datorvadibas iesp&ju projekté€Sanu un izmantoSanu paslaik kave
tiesi BVS nepietiekamais apraksts matematiski formaliz&ta veida datormodelt. BVS
datormodeléSanai un optimizacijai ir noteicoSa loma organisma sekmigas
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datorvadibas projektéSana un realizacija. Ta ka katrai vielmainas reakcijai atbilst
konkréts gens, genétiski determinéto organismu vielmaina bitiba ir BVS, kuras
model&$anai un optimizacijai ir veltis §is promocijas darbs.

Metaboliti ir vielas, kas nodroSina metabolisma procesus organisma.
Metabolitiem ir plass uzdevumu klasts, pieméram, ka organisma procesu degviela
metabolisma norisei, §tnu, audu un pat organu struktiiras veidoSana. Matematiski
pastav likumsakariba starp fermentu, metabolitu (substrata un produkta)
mijiedarbibu.

Reakcijas plisma (metabolic flux vai flux)
(Edwards, Covert, & Palsson, 2002) jeb reakcijas atrums ir matematisks lielums, kur§
parada, ar kadu atrumu substrats tiek parveidots produkta, izmantojot metaboliskos
celus un reakcijas, kur So procesu regulé fermenti.

Metaboliskie celi stehiometriskaja modeleéSana tiek veidoti no tajos
iesaistitajam  reakcijam, kur reakcijas parveido substratus  produktos
(skat. 1. A att.), ka arT starpproduktos. Metaboliskaja cela starpproduktu konversija
veido nepartrauktu reakciju virkni (skat. 1. B, C, D att.), ko sauc par metaboliskiem
celiem. Metaboliskajos celos eksiste arT vienadi metaboliti (skat. 1. C, D att.), kurus
konverte dazadas reakcijas, [idz ar to veidojas sasaiste starp Siem celiem.

Aﬁréts Wukts D SU-bStréts
—

B 4 Substratsun
Substrats Starpprodukti ukts @ rrodukts
- O — S — Gl \

CS bstrat st dukt Produkts ‘
ubstrats arpprodukts [ ]
= M ﬂiukts r

Blakusprodukts

1. att. Metaboliska tikla biokimisko celu veidu pieméri
Avots: autora veidots

Katrai metaboliskajai reakcijai ir nepiecieSama energija, lai ferments
katalizétu (aktivizétu) to. So energiju sauc par brivo energiju $iina, organisma. Kad
reakcija notiek process, ta izmainas brivaja energija ir vienadas ar brivas energijas
lielumu produktos minus brivas energijas lielums substratos. Matematiski $o procesu
izsaka ar $adu vienadojumu (Welch, 1985):

AG= AGprodukti — AGsubstrati (1)

AG - ir briva energija, kas nepiecieSama, lai reakcija uzsaktos konversijas process,
AGprodukd - ir kopgja Gibbs briva energijas summa produktiem,
AGgypstrati - it Gibbs briva energijas summa substratiem.
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Organisma procesi censas notikt lidzsvara, ka rezultata péc noteikta laika
iestajas lidzsvara stavoklis, kad nepiecieSama briva energija organisma, $inas
metabolismam tiek izveidota citos metabolisma procesos. Lidz ar to organisma
metaboliskas reakcijas nodro§ina stabilu, nemainigu metabolismu, kur nemainigos
daudzumos tiek pateréti substrati un sarazoti produkti. Tapat norit starpproduktu
konversija. Stacionara stavokll organisma nemainas reakciju plismu vertibas un
metabolitu koncentracijas organisma.

Lai spétu apstradat strauji augoSos daudzdimensionalos datu apjomus, ir
vajadziba izstradat sarezgitas datu analizes metodes. Dazadas metodes ir izstradatas
un lietotas, sakot no stohastiskiem kingtiskiem modeliem
(Golightly & Gillespie, 2013), Beijesa tikliem (Wilkinson, 2007), stehiometriskiem
modeliem (Lewis et al., 2012) lidz pat grafu un mijiedarbibas tiklu izstradei un
analizei (Le Novére et al., 2009).

Promocijas darba no vairakam modeléSanas metodém tiek aplikota tiesi
stehiometriska (uz ierobezojumiem balstitd) model€sana, kas tiek lietota genoma
mérogu stehiometriska modela (GSMR) analizé. Rekonstru€tais genoma meroga
metaboliskais tikls ietver apvienotu un sistematiz&tu informaciju par zinamiem
metabolitiem un enzimatiskam, spontanam reakcijam $0ina vai organisma.

ATPGMD etoh_tx XI
x_glecD 1 0
gleD 0 0 0
x _xylD 0 1 0
xylD 0 0 -1

2. att. Stehiometriskas matricas piemérs metaboliska tikla reprezentacijai
Avots: autora veidots

ST ir matrica (skat. 2. att.), kura stabinu veida tiek reprezent&ta metabolitu
esamiba noteiktas reakcijas (apzimé 1 vai -1). Rindas matrica tiek reprezentétas
reakcijas (skat. 2. att.). Pozitivs skaitlis apzimé, ka metabolits tiek sarazots reakcija,
negattvs skaitlis nozZimg, ka metabolits tiek patéréts $aja reakcija, savukart 0 apzimé
to, ka metabolits nav iesaistits reakcija.

ds,
G My

1 -1 1 0 07 |V2 0
—Zl=lo0 1 —1-1-1|*|va]|= |0
dt 0 0 0 0 1 |v 0
@ Vg
dt

S1, Sz, S3, — reakcijas izmantotie substrati,
V1, V2, V3, V4, Vs, - reakcijas atrumi, ar kadu substrati tiek parversti produktos.

Formulas kreisaja pus€ ir izteiktas fermentu koncentracijas izmainas laika.
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2. STEHIOMETRISKAS MODELESANAS ANALIZES
ALGORITMI

Misdienas stehiometriskas modelésanas analizu algoritmi tiek iedaliti 2 lielas
dalas: novirzitie un nenovirzitie algoritmi. Nenovirzitie algoritmi veic sistematiskas
visu risinajumu parbaudes, bet novirzitie algoritmi mekl€ vienu no visiem
risindjumiem. Promocijas darba tika apskatiti plismu balansa analizes al (flux
balance analysis) (FBA) plismas variacijas analize,
(flux variability analysis, FVA) (Burgard, Vaidyaraman, & Maranas, 2001),
metabolsika ~ pluasmu analize (metabolic flux analysis, MFA)
(Zhao & Shimizu, 2003), kas ir novirzitie algoritmi. Savukart elementarie celi
(elementary modes, EM) (S Schuster, Dandekar, & Fell, 1999), fermentu apakskopas
(enzymatic subsets, ES)
(Pfeiffer, Sanchez-Valdenebro, Nufio, Montero, & Schuster, 1999), ekstrémie
metaboliskie celi (extreme pathway, EP) (Yeung, Thiele, & Palsson, 2007) analizes
algoritmi tika apskatiti ka nenovirzitie algoritmi.

Novirzito algoritmu lietojums

Novirzitie algoritmi izmanto stehiometrisko matricu un biologiskos
ierobezojumus, lai ar vektoru aprékiniem analiz€tu risinajumu telpu. Pasi par sevi
novirzitie algoritmi bez GSMR un tas ierobeZojumiem sniedz nepilnigus un
neprecizus analizes datus no risinagjumu telpas, jo dala atrisinajumu Saja telpa
biologiski, fiziski un kimiski nesp&j daba pastavét. Tiek ieviesti papildu biologiskie
ierobezojumi, lai izslégtu no GSMR risindjumu telpas daba neeksist&josos
metabolisma stavoklus.

Omikas dati ir dazadi eksperimentali iegiti dati par organismu vai $tinu grupu.
Tajos var ietilpt tadi dati ka genomikas (Barrett et al., 2013), proteomikas (Gasteiger,
2003),  transkriptomikas  (Craigon et al., 2004), metabolomikas
(Xia, Mandal, Sinelnikov, Broadhurst, & Wishart, 2012), epigenomikas
(Bernstein et al., 2010), plismu omikas (Bernstein et al., 2010) dati. Stehiometrisko
modelu analiz€ un optimizacijas ir pielaujams vienlaikus integrét vairakus omikas
datu veidus (Hyduke, Lewis, & Palsson, 2013).

Pastav vél viens biologisks ierobezojums GSMR — biomasas reakcijas
vienadojums (biomass composition, BVR) (Gombert, Moreira dos Santos,
Christensen, & Nielsen, 2001). Skaitliskas vértibas pie metabolitiem norada to
daudzumu, kas nepiecieSamas, lai izveidotu vienu vienibu biomasas, kura tiek
ietverti visi metabolitu daudzumi, kas nepiecieSami, lai §tina attistitos, augtu, veiktu
daliSanas procesu un vairotos.

Katrai reakcijai ir noteikts ierobezojumu diapazons plismu vértibam. Sadi
ierobezojumi ieviesti GSMR nosaka atrisinajumu telpas ierobezoSanu stehiometriska
modeli, kas samazina analizu algoritmu apstradajamo atrisinajumu kopu. Pastav
vairaki veidi, ka biologiskos datus ievietot modeli ka ierobezojumus:

e substrata uznemsanas pliismas atrumu ierobezojumu iestatisana;
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e gtnu delécijas ierobezojumu iestatisana;
e omikas datu ierobezojumu iestatiSana;
e produkta razosanas atrumu plismu iestatiSana.

Stehiometriskas modelesanas analizes algoritmi parsvara modificé reakciju
plusmu robezas GSMR un stehiometriska modelt ar analizém un optimizacijam.

Plismu balansa analizes (FBA) algoritma meérkis ir izvirzit prognozetu
reakciju plismu sadalfjumu organisma metabolisma, kas atbilst ievaditiem
eksperimentalajiem datiem - ierobezojumiem. FBA algoritms tiek lietots, lai noteiktu
izveidota organisma modela sp&jas prognozet konkréta organisma fenotipiskas
Tpasibas ka pluismu sadalfjumu, kas tiks iegiitas pie noteiktiem organisma
stehiometriska modelt ieviestajiem ierobeZojumiem.
(Edwards et al., 2002). Atrisinagjuma telpa rezultats ir izvirzito Krit€riju un
ierobezojumu optimums. Pastav liels modeli neatrasto alternativo risinajumu skaits.

Metaboliskas plismas analizes (MFA) algoritma datu kopumi (data sets)
(Joyce & Palsson, 2006), kas tiek iegiiti plismu omikas eksperimentos, tick izmantoti
MFA analizes algoritmu apstrades procesa. Metabolisko tiklu plismu datu apstradé
un analiz€ izmanto FBA. Atskiriba no FBA analizes algoritma MFA izmanto
eksperimentos iegtitas reakciju pliismu vertibas, un ka papildu ierobezojumus GSMR
ievieto pliismu robezas konstantas vertibas. Rezultata atrisinajumu telpa tiek strikti
ierobezota un atbilzu variantu skaits krasi samazinas.

Plismu variacijas analizes (FVA) algoritmam izmanto visus ieviestos GSMR
ierobezojumus un izvirzito mérka funkciju, lai modell simulétu katras reakcijas
minimalas un maksimalas plismu veértibas. FVA var tikt izmantota konkrétam
organisma datorsimulaciju fenotipam. Izmainoties kaut vienam ierobeZzojumam FVA
ir japarkalkulg, jo analizes rezultati var atskirties.

Nenovirzito algoritmu lietojums

Nenovirzitie algoritmi tiek lietoti tad, kad nepiecieSams izanalizgt nevis kadu
no iesp&jamiem atrisinajumiem, bet gan, kad interes€ visa nultas telpas atrisinajumu
kopas analize stehiometriskaja modeli. Pati par sevi nultas telpas vektoru kopa ir
vektoru ierobezota kopa atrisinajumu telpa, kura var atrast jebkuru modela izvirzito
atrisinajumu ka stacionaro stavokli. PaSu atrisinajumu kopu izmanto citos analizes
algoritmos, lai veiktu sistematiskus un visas nultas telpas atrisindjumu analizi
(Poolman, Sebu, Pidcock, & Fell, 2007). Nenovirzitie algoritmi izmanto atrisinajumu
telpu ar nultas telpas vektoriem un stehiometrisko matricu, lai veiktu stehiometriska
modela optimumu analizi.

Matematiski EM nozimé, ka stacionaro stavoklu reakciju atrumu vektoriem
(reakciju plismu vértibam) ir jaatrodas stehiometriskas matricas atrisinajumu telpa
(Reder, 1988). Ta tiek uzskatita ka objekts, kuras robezas ierobezo ar nultas telpas
vektoriem. Tika definéts, ka EM ir pareiza bazes vektoru izvéle nulta telpa
(Newsholme, Challiss, & Crabtree, 1984), (Fell, 1993).

Visu iespgjamo metabolisma stacionaro stavoklu nultas telpas vektorus
aprekina s§adi (Fell, 1992), (Leiser & Blum, 1987) :
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dX

a 3)
v - reakcijas plismu atruma vektors,
X - koncentracijas vektors.
Stacionara stavokla noteikumu defineé algebriskais vienadojums

(Stefan Schuster & Hilgetag, 1994) :
N+xv=0
4)

N - ir stehiometriska matrica,

N dimensijas nosaka metabolitu un reakciju daudzums organisma. EM ir
mazaka iesp&jama metabolitu kopa stacionara stavokli, kur ir vismaz viens substrats
un viens produkts, un nevar biit vairaki stacionarie stavokli. EM ir unikala kopa, kura
nav nevienas citas apakSkopas (Pfeiffer et al., 1999).

noteiktu metaboliska tikla sp&ju ar mazako iesaistito reakciju un fermentu daudzumu
nodro$inat metabolismu.

Génu ckspresijas, metaboliskas inZenierijas vai metabolisko regulaciju
pétijumos ir liela interese atrast fermentu grupas, kas visos stacionaros stavoklos spgj
operét ar vienadu reakciju plasmu proporciju. Sadu fermentu grupu sauc par
fermenta apakSkopam (ES). Tas apzZimé fermentu grupu, kas nodrosina metabolisko
vadibu nevis par vienu, bet par vairakiem fermentiem saskanota veida.
Stehiometriska modelésana ES lieto tad, ja reakcijas plismas izmainas, bet
apakskopas plismu proporcija nemainas un izpildas 3  noteikumi
(Rohwer et al., 1996) :

e pastav tikai viena neatkariga reakcijas pliisma, ar kadu tiek patéréts vai
sarazots metabolits;

e nepastav nekadas lineara algebra sasaistes starp savienotajiem fermenta
apakskopas metabolitiem un no argjas vides pievadamiem metabolitiem;

e nepastav nekadi fermenta vai cita Iidziga veida regulacijas efekti fermentu
apakskopas reakcijam un arpus kopas metaboliskam reakcijam.

3. STEHIOMETRISKA MODELA PROJEKTESANAS
PROCEDURAS IZSTRADE UN IEROBEZOJUMU
IZMANTOSANA

Paslaik dazadu izméru stehiometrisko modelu izveidei un projektésanai
pastav procediira (Thiele & Palsson, 2010), kura sastav no pieciem posmiem. Kopa
procediira sastav no 96 soliem, kuri bitiski paatrina stehiomteriska modela
projekt€Sanas procesu.
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5. Rekonstrukcijas
1. Rekonstrukciju monti¥a un
skices izveide izplatigana

2. Rekonstrukciju 4. Rekonstrukcijas
skices pilnveidoSana novertéiana

3. Rekonstrukciju
parvériana datoram

nolasima formata

3. att. VienkarS$ota stehiometriskda modela projekté$anas procediira ar pieciem
posmiem

avots: autora veidots

Promocijas darba autors, praktiski izstradajot stehiometriskos modelus
(Pentjuss & Kalnenieks, 2013), (Pentjuss, Odzina, et al., 2013),
(Kalnenieks, Pentjuss, Rutkis, Stalidzans, & Fell, 2014),
(Pentjuss, Rubenis, Bauze, Aprupe, & Lace, 2013), ieviesa uzlabojumus publicétaja
projektesanas procediira (skat. 3. att.), lai uzlabotu stehiometriska modela izveides
procesu, ka arT samazinatu projekté$anas procesa patéréto laiku un lietotaja manualo
darbu. Galvenie uzlabojumi ir veikti 2. un 4. izveides procediiras posma. Atskiriba
starp originali public&to procediru un autora uzlaboto ir tada, ka 2. posma lielaks
uzsvars tiek veltits ievadamas informacijas autentiskuma un informacijas parbaudei
no vairakam datu bazém. Lidz ar to 4. projekt€Sanas procediiras posma validacijas
procesos tiek samazinata $adas informacijas vairakkartgja cikliska parbaude.
Salidzinajuma ar publicétas projekt€Sanas procediru, autora izstradata
stehiometriska modela izveides procediira samazina lietotaja manuali veicamas
darbibas un pateréto laiku projektéSanai kopuma.

2. tabula apkopotie promocijas darba autora izvirzitie ierobezojumi tika
praktiski izpétiti stehiometriskaja modelésana un klasificéti ka obligati, izvéles vai
neeksistgjosi ierobezojumi konkrétam stehiometrisko modelu analizes algoritmam.
Kopuma tika secinats, ka katram analizes algoritma ierobezojumam ir papildus sava
pozitiva ietekme uz analizes algoritma kalkulacijas apstrades laiku, iznemot EM, kur
katrs papildu ierobezojums palielina kalkulacijas laiku. Pargjie ierobezojumi tiek
izmantoti atbilstosi 2. tabula uzskaititam klasifikatora grupam, un to pozitiva ietekme
ir atkariga no stehiometriska modela lieluma, izvirzita mérka, ka arT no
stehiometriska modela kvalitates.
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2. tabula. Promocijas darba pétamo analiZu metoZu apkopojums par ierobeZojuma

kriterijiem

fl;isgeé].; Transpor- Substritu Jauna celma
Algori PAKSAA Tormo- ta reakciju " Biomasas izveide,
goritms| reakciju| _. - ~ parvérSanas| . _ . -

liismu dinamika | plasmu Strums vienadojums|  metabolismu

pus vertibas funkcionalitatei

vertibas

FBA |Obligati | Izveles Izveles Obligati Izveles Izveles
MFA | Obligati | Izveéles | Obligati | Obligati Izvéles Izveles
FVA | Izveles | Izveles Izveles Obligati Izveles Izveles
EM Nav Obligati Nav Nav Izveles Nav
ES Nav Obligati Nav Nav Nav Nav
EP Nav Obligati Nav Nav Izveles Nav

4, STEHIOMETRISKO MODELU ANALIZES REZULTATU
VIZUALIZACIJAS RIKA IZSTRADE

Sistémbiologija arvien vairak tiek veikti liela apjoma eksperimenti ar
organismiem. Tiek iegiita dazada veida informacija, kas var tikt izmantota
modelésanas, analizes un simuléSanas procesos. Tomér ar lielu analiz€jamo datu
apjomu rodas So datu reprezentacijas probléma. Metaboliska tikla att€lu izveide katrs
no tiem ir javerte individuali, janosaka mérkis metaboliska tikla modela analizei,
janem véra metaboliska tikla izméri, analizes algoritmi. Promocijas darba tika
analizEti 6 stehiometriskds modelé$anas analizes algoritmi un izveidotas analizes
procediiras dazadu uzlabotu parametru nodro§inasanai, ka ari lietotdja manuala
darba, analizes algoritmu apstrades laika un atrisindjumu kopas izméra
samazinasanai. Visu analizes algoritmu rezultatus var reprezentét ar automatizéti
veidotiem metaboliska tikla att€liem un diagrammam.

Promocijas darba izstrades laika tika analiz&ti 54 dazadi model&Sanas riki,
darbibas vide, funkcionalitate, stehiometrisko modelu vizualizacijas iespgjamiba, ka
ari pielietoSana sisteémbiologija. Tika mekl&ts stehiometrisko modelu model&sanas
un analizes riks ar vizualizacijas iesp&jam. Rezultata tika atrasti 4 kandidati ar
stehiometrisko modelu vizualiz€$anas funkcijam
(Cell ilustrator, CellDesigner, CellNetAnalyzer, GLAMM), bet neviens no
kandidatiem nesp&ja nodro$inat promocijas darba izvirzito mérki.

Gala rezultata promocijas darba autors izvelgjas model€Sanas vidi ScrumPy
promocijas darba mérka sasniegSanai, kas ar daziem papildindjumiem sp€ja
nodroS§inat promocijas darba mérka sasniegSanu. ScrumPy ir izstradata Python
programmesanas vidg, ir brivpieejas, ietver sevi gan dinamisko, gan stehiometrisko
modelésanu. ScrumPy vidg ir iesp&jams integrét lietotajam saprotama veida papildus
nepiecieSsamas stehiometriskds modeléSanas algoritmus ka FVA. ScrumPy
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model&sanas riks ir pieejams uz dazadam Unix, Linux un MAC OS operétajsistemam
un ir brivi pieejams izstrades kods.

Lai vizualizacijas riks varetu automatiz€ti reprezentet analizes algoritmu
rezultatus, ir nepiecieSams lietotajam manuali izveidot vizualizacijas skici ar
metabolisko tiklu, jo automatizeti no pasa sakuma izveidot biologisko sistému
att€losanas tradicijam atbilstoSu analiz€jama metaboliska tikla struktaru, turklat, ar
minimalu sai$u krusto$anos, ir sarezgits uzdevums pat grafa rikiem. Lidz ar to par
manualas vizualizacijas skices izveides riku promocijas darba rezultatu sasniegSanai
tika izvelets InkScape vektorgrafikas apstrades riks, jo tas vislabak spgj izpildit
iepriek§ izvirzitas prasibas vizualizacijas skices rika izvEles krit€rijiem
stehiometriskas modelésanas datu un analizes rezultatu automatiskai
reprezentgsanai.

@] Bioinf: package
#-] Data: package
#-1 Kinetic: package
#-J LP: package

#-] Parser: package
#-J Structural: package
+-(] ThirdParty: package
+-(] Util: package

#-] tkGUI: package
#-] wxGUI: package

4. att. ScrumPy modeléSanas rika modulu klases
avots: autora veidots

ScrumPy modelésanas rika ,,LP” un ,Structural” modulu klases tika
izmantotas (skat. 4. att.), lai pielagotu vizualizacijas moduli PySVG
(http://codeboje.de/PySvg/), ar kura palidzibu ScrumPy modeléSanas vidg tika veikta
att€la stehiometriskas model€sanas analizes metozu rezultatu vizualizacija ar autora
izstradato riku.

FVA analizes algoritmi rezultati ir reakciju plismu diapazoni, kuru
vizualizacijai tika izmantots GnuPlot modulis. Sis modulis ScrumPy modelésanas
vide izveido savienojumu ar GnuPlot (Racine, 2006) vizualizacijas riku.

{"GALSID': 10.0, 'Sucgh_con': 0.0005, "acet_dehyd': 0.12, 'asp_glul_shuttle': Q.
5450000000000028, 'm_nadph_bio_tx': -0.11, 'm_accoa_bio_tx": -0.015, 'gpl3': 0.0

05, 'C¥T14': —0.09500000000000001, 'gbp_bic_tx': -0.125, 'm_nadp_bio_tx': 0.11,
"ASPAMI_m': 0.5450000000000028, 'ASPAMI c': 0.5450000000000028, 'UDPEME': 10.0,

'ATP_diss": 38.68216666666666, 'oaa_bio_tx": -0.05, 'akg_ cit_shuttle®: -0.0925000
00000000001, 'GAPD': 30.650166kRE6ERGEESL, 'TPI'": 10.784166666666664, '"ed3': 0.0320

5. att. ScrumPy modeléSanas rika FBA analizes algoritma rezultatu interpretacija
avots: autora veidots
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Cytosol Mitachondria
NAD NAD
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Mal—————— Mal

¥31 0.58
NADH NADH
0AA 0AA
GLUT =% GLUT
0.575 /‘ 0.575
AKG AKG

ASP: ASP

6575

6. att. ScrumPy modelé$anas rika FBA analizes algoritma rezultatu interpretacija
ar promocijas darba izstradato vizualizacijas riku
avots: autora veidots

Salidzinot 5. att. un 6. att., var secinat, ka stehiometrisko modelu analizu
metozu rezultati lietotdjam &rtaku datu reprezent€Sanu nodroSina autora veidotais
automatizetais vizualizacijas riks, kur§ Tsa laikd var generét simtiem failu
(skat. 6. att., 7. att.) ar attieciga mérka nosaukumu, substratu, produktu un datumu.

Manuali veidota
modelastruktiira
(vienastruktiravienam
modelim)

Automatiski 1zveidoti
risimajumu telpas
analizesrezultati

Automatiskaanalizes
rezultatu ievietogana
modelastruktiira

Automatiski atkartojas visam
mteres€josam substratu
produktuun ierobezojumu
kombinacijam

7. att. ScrumPy modeléSanas rika FBA analizes algoritma rezultatu interpretacija
ar promocijas darba izstradato vizualizacijas riku
Lielu izm@ru stehiometrisko modelu apstrade $ada veida analizes algoritmu
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rezultatu reprezent€Sana bitiski atvieglo lietotaja rezultatu apstrades laiku un
manualo darbu.

5. STEHIOMETRISKO MODELU ANALIZES PROCEDURU
IZSTRADE

Analizu algoritmu procediiru izstrade promocijas darba tika veikta ar
ScrumPy modelésanas riku. Tika papildinata ScrumPy funkcionalitate ar
vizualizacijas iesp&jam vieglakai stehiometrisko modelu analizu algoritmu rezultatu
reprezenteSanai, ka rezultata ar mazaku laika paterinu tika izstradatas procediras
stehiometrisko modelu padzilinatai, atrakai analizei ar samazinatu lietotaja manualo
darbu. Procediras tika veidotas ta, lai tajas gan kombingtu analizu algoritmus, gan
kombinacijam pievienotu mérka virzitu uzdevumu. Tika noteikts, ka uzlabotu
rezultatu iegiiSanai tikai konkréti promocijas darba izvirzitie analizu algoritmi var
tikt sava starpa kombinéti (skat. 3. tabulu). Promocijas darba izstrades laika tika
projektéts un izveidots Z. mobilis centrala metabolisma stehiometriskais modelis
(Pentjuss, Odzina, et al., 2013) un alternativa rauga
K. marxianus modelis, ka ar7 pilnveidots cilvéka mitohondrija pilna genoma méroga
stehiometriskais modelis (Pentjuss, Rubenis, et al., 2013). Modeli attiecigiem
specialistiem sniedza dazadas hipotézes organisma metabolisma funkcionalitate, ko
bez tiem uzreiz cilveks nevargja noverot. 3. tabula. Promocijas darba petamo analizu
algoritmu apkopojums par ierobezojuma kritrijiem.

rﬁ'sgzgli(tu”r:fs FBA MFA FVA EM ES EP
FBA --- - --- --- --- ---
MFA Var - - - - -
FVA Var Var - - - -
EM Nevar Nevar Nevar - - -

ES Nevar Nevar Nevar Var - -

EP Nevar Nevar Nevar Var Var ---

Kopuma promocijas darba tika aprakstitas vairakas stehiometriska modela
analizu algoritmu procediras (skat. 3. tabulu).

ES un EM analizu algoritmu procediiras pielietoSanas laika kombin&ta
procediira nodrosinaja par 153 s atraku EM kalkulaciju (skat. 8. att.). Lidz ar to tika
ietaupits laiks EM analizes algoritma kalkulacijas.

ES algoritms » EM algoritms

8. att. ES un EM analiZu metoZu procediira

avots: autora veidots
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FVA un FBA analizes algoritmu procediira tiek izmantoti reakciju diapazoni,
kas tiek iegtti, pielietojot FVA analizes algoritmu. Tie paatrina FBA algoritma
kalkulacijas laiku. Tas tiek nodrosinats, ja reakciju diapazona augsgjas un apaksejas
vertibas tiek ievietotas stehiometriskda modell un reakcijas tiek parveidotas par
vienvirziena, ja augs€ja un apaks$gja reakciju diapazona vertiba nemaina zimi
(Pentjuss & Kalnenieks, 2013), (Pentjuss, Rubenis, et al., 2013) (skat. 9. att.).

FBA algoritms » FVA algoritms

9. att. FBA un FVA analiZu metoZu procediira
avots: autora veidots

FBA un FVA analizu algoritma procedira FVA parada stehiometriska
modela visus alternativos risinajumus. Tomgr tas neparada, kadas reakcijas ar kadam
plusmu vertibam konkretaja alternativaja stacionara stavoklt tiek izmantotas. Lidz ar
to atrisinagjumu kopa ir daudz stacionaro stavoklu, tad FBA analizes algoritma
pielietoSana samazina atrisinajumu kopas lielumu
(Pentjuss, Odzina, et al., 2013) (skat. 10. att.).

FVA algoritms » FBA algoritms

10. att. FVA un FBA analiZu metoZu procediira
avots: autora veidots

Apvienota MFA un FVA analizes algoritmu procediira palidz interpretét
alternativam stacionaram stavoklim konkrétas reakciju plismu vértibas detalizéta
veida (Pentjuss, Odzina, et al., 2013), (Pentjuss, Rubenis, et al., 2013)

(skat. 11. att.).
MFA algoritms » FVA algoritms

11. att. MFA un FVA analiZu metoZu procediira
avots: autora veidots

MFA, FVA, FBA analizu algoritmu procedira ir papildinata ar MFA un FVA
algoritmiem, kur organismam ar MFA analizes algoritmu tiek atrasti vairaki
alternativie risinajumi, un ar FBA palidzibu So stacionaro stavoklu visu reakciju
plismu vértibas lietotajs var detalizéti izpétit (skat. 12. att.). Tika pielietots
K. marxianus stehiometriska modela analizé sadarbiba ar LUMBI darbiniekiem
2015. gada.

» FVA algoritms FBA algoritms
algoritms

12. att. MFA, FVA, FBA analiZu metoZu procediira

avots: autora veidots
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Uzlabota EM analizes algoritma darbiba kopa ar ES, FBA vai FVA analizes
algoritmiem, un ar analizes mérka izvirziSanu, kas sastav kopuma no 6 solu
procediiras. Vispirms ir jaizvirza EM analizes algoritma merkis, kadi substrati un
produkti ir iesaistiti metabolisma. Tad ar FVA vai FBA algoritmu sistematiska veida
janoskaidro visi iesp&jamie blakusprodukti. P&c tam ir jaizdze$ no stehiometriska
modela neiesaistitie produkti. Javeic ES analizes algoritma kalkulacija un tikai tad
japielieto EM analizes algoritms, lai noskaidrotu visus iesp&amos atrisinajumus
stehiometriskaja modeli. Piedavata procediira lauj samazinat EM kalkulacijas laiku,
modela atrisinajuma kopas lielumu. Promocijas darba izstradata vizualizacija
atvieglo EM analizes rezultatu interpretaciju un reprezentaciju. Procediira tika
pielietota K. marxianus stehiometriska modela analizé sadarbiba ar LUMBI
darbiniekiem 2015. gada, ka ar7 Z. mobilis modela apstradé (Kalnenieks et al., 2014).

Procediiru, kura apkopo MFA analizes algoritmu ar ES un EM algoritmiem,
salidzinajuma ar iepriek$ aprakstito procediiru, pielieto, lai petitu kadu specifisku
organisma metabolisma stavokli pec eksperimentos iegiitiem datiem. MFA analizes
algoritmu rezultatus stehiometriska modeli nolasa, interprete un lietotajs nosaka, kuri
metaboliti un reakcijas konkréta metaboliska stavoklt netiek iesaistiti. Tas tiek
dzestas stehiometriska modell. Atlikusas reakcijas veido ierobezotu metabolisko
tiklu, kur ar EM un ES palidzibu tiek pétiti visi iespgjamie stacionarie stavokli. Sada
veida tiek apliikoti alternativie stacionarie stavokli, kuri visticamak biitu nakamie
iesp&jamie stacionarie stavokli, ko organisma metabolisms sasniegtu. So procediiru
izmanto, lai nevajadz&tu kalkul&t visus stacionaros stavoklus stehiometriskaja
modeli, kas paatrina procesa kalkulacijas laiku, pielietojot tikai EM algoritmu (skat.
13. att.).

MFA analizes
reakciju ES algoritms EM algoritms
dzgsana

13. att. Procediiru soli MFA analizes algoritma darbibas uzlabo$anai ar ES, EM un
arizvirzitajam mérkim nevajadzigo reakciju dzéSanu
avots: autora veidots

FBA analizes algoritms tiek pielietots, lai atrastu optimuma stavokli
stehiometriskaja modeli. Tomer pastav daudz citu alternativo risinajumu, kurus FBA
nespej paradit.

FVA un FBA analizes algoritma pielietoSana ka metoZzu kombingSana
paradija, ka ar FVA var iegiit visus alternativos risinajumus, bet neparada konkréta
risindjuma detaliz&tu stacionaro stavokli. FBA, FVA analizes rezultatu dati nodala
atrisinajuma kopas dalu, kas ietver sevi specifiskus metabolisma procesus
(skat. 14. att.). Abu algoritmu pielietoSana kompensg to tikumus un lauj lietotajam
samazinat nepiecieSamo manualo darbu, samazinot kop&jo nepiecieSamo analizu
skaitu modelim.
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FBA Ierobezoju FBA FVA
. mu . .
algoritms st algoritms algoritms
ievieSana

14. att. Procediiru soli FBA algoritma darbibas uzlabo$anai ar ierobeZojumu
ievieSanu modeli un FVA algoritma pielietoSanu

avots: autora veidots

FBA analizes algoritms, izmantojot dazadus ierobezojumus atrisinajuma
kopa, atrod optimalo risinajumu ar izvirzito mérka funkciju. Savukart EP analizes
algoritms bez ierobezojumu palidzibas atrod mazako iesp&jamo stacionaro stavokli
organisma. FBA algoritms izvirza kriteriju, ka jaatrod optimalais, bet EP izvirza
kriteriju, ka jaatrod Tsakais jebkads stacionarais stavoklis. FBA analizes algoritmu
apvienojot ar EP analizes algoritmu un izvirzito merki, var iegtt alternativo
risindjumu, kur§ nav optimalais, bet Tsakais stacionarais stavoklis
(Pentjuss, Rubenis, et al., 2013) (skat. 13. att.).

Apvienoto EP un ES analizu algoritmus kopa ar MFA analizu algoritmu
apvienoto procediiru var izmantot, lai samazinatu atrisinajumu kopu organisma
metabolisma konkrétam stavoklim, ka arT samazinat kalkulésanas laiku. Izdevigi
procediiru izmantot, kad MFA algoritma pielietojums notiek modelim, kuram ir liels
skaits eksperimentos nenoteikti reakciju plismu dati, ipasi, ja neizmanto biomasas
vienadojumu. Savadak ir jastrada ar algoritmu ,,reaction correlation coefficient”
(Poolman et al., 2007), kas ir lidzigs ES algoritma darbibas principiem tikai domats
vairak liela méroga stehiometriskiem modeliem ar ieviestu biomasas vienadojumu.
Ar ES palidzibu noskaidro, kuras reakcijas ir apvienojamas viena apakskopa, lai
samazinatu kop€jo reakciju skaitu. Ja kada no §Im reakcijam ir ar eksperimentali
meritam plismu vertibam, tad pargjam reakcijam $aja apakskopa pieskir to pasu
vértibu. Sada veida var samazinat nezinamo reakciju pliismu vértibas modeli. Tas
samazina alternativo risindgjumu skaitu, MFA analizes algoritma kalkul€Sanas laiku.
Nakamajos solos, pielietojot EP analizi, var uzreiz atrast no visiem alternativiem
stacionariem stavokliem Tsako. Ja tiek atzits EP analizes algoritma rezultats par
neefektivu, tad MFA un ES analizes metozu rezultatus var pielietot talaka analizg,
izmantojot citus nenovirzitos algoritmus (skat. 15. att.).

Ierobezoju- FVA
mu ES algoritms q
L algoritms
ievieSana

15. att. Procediiru soli MFA algoritma darbibas uzlabo$anai ar ierobeZojumu
ievieSanu modeli, ES, FVA un FBA analiZu metoZu pielietoSanu

FBA

algoritms

avots: autora veidots

Ieprieks aprakstitas procediiras lauj stehiometriska modeli samazinat analizu
algoritmu kalkulacijas laiku, ieglt dazadus alternativos risindgjumus, samazinat
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atrisinajumu kopu un samazinat manualo darbu lietotajam ar modeli. Ta uzlabo
modela analizes rezultatu precizitati.

Izmantojot min&tas procediras, ir iegiitas sekojoSas biologiski nozimigas
atzinas:

e mikroorganisms K. marxianus:

e  spgj razot sukcinatu no ksilozes ar augstaku iznakumu neka no laktozes
vai heksozeém;

e Krebsa cikls sukcinata razoSana var darboties arl bez visam taja
iesaistitam reakcijam;
e spgj sarazot etanolu, acetatu, laktatu un etilacetatu tuvu teorétiskajam

iznakuma maksimumam, izmantojot laktozi, glikozi vai inulinu ka
substratus.

e  mikroorganisms Z. mobilis:

e  spgj sarazot sukcinatu no glicertna 120 % apméra, papildus asimilgjot
oglskabo gazi;

e patergjot glicerinu, sp€j sarazot vairak glicerata un sukcinata, neka tas
biitu iesp&jams ar heksozeém ka substratiem.

Ar autismu saistita cilvéka mitohondrija SUCLG2 géna bojajuma ATP
razo$ana samazinas par 50,8 %, savukart ar autismu saistita SUCCOAS géna
bojajuma ATP razoSana samazinajas tikai par 1.0 %.

SECINAJUMI

Galvenie darba rezultati

Promocijas darba tika izstradatas uz stehiometriskajiem datormodeliem
balstitas metaboliskas inZenierijas uzdevuma risinaSanas procediiras skaitloSanas
apjoma un manuala darba samazinasanai.

1.  Darba analizéti molekularas Siunu biologijas pamati, energijas parneses
principi un staciondrais stavoklis metabolisma, un ta pielietosana
stehiometriskaja modelésana matematisko likumsakaribu veidos.
Metaboliskajos tiklos notiek reakcijas norisei nepiecieSamas vielas piegade

un saraZotas energijas aizvadiSana reakcijam. Metabolisma procesi metaboliskajos
tiklos virzas uz stacionariem stavokliem, bet ir arl parejas stavokli starp
stacionarajiem stavokliem. Stacionaraja stavokli §finas metabolisma energija tick
sarazota un patéréta vienadi.

Stehiometriskaja modelésana bija nepiecieSams izmantot visus promocijas
darba att€lotos S$linas metabolisma molekularos procesus, energijas parneses
principus un metabolisma lidzsvara stavokla Tpasibas.
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Promocijas darba izpétitas sakaribas starp sistémbiologija pastavosajam
modeléSanas metodeém, 1pasi sakaribas starp readlajiem metabolisma procesiem
molekularaja biologija un dinamiskaja modelésana. Lidzsvara stavoklus
metaboliskaja tikla, ko parada dinamiskd model€Sana, var aprékinat, izmantojot
linearo algebru un stehiometrisko matricu.

Linearas algebras aprékini ir saistami ar $§linas metabolismu, energijas parnesi
un metabolisma funkcionalitati [idzsvara stavokli stehiometriskaja modelt.

2. Promocijas darba analizéti stehiometrisko modelu analizes algoritmu
darbibas principi.

Stehiometriskaja modelésana izmantoti FBA, FVA, MFA, EM, ES, EP
analizes algoritmi.

FBA analizes algoritms ir nenovirzitais analizes algoritms, kuru lieto, lai
aprékinatu mikroorganisma reakciju plismu optimumu stehiometriskaja modelt
konkréta produkta razoSanas metaboliskas inzenierijas uzdevuma veikSanai.

FVA analizes algoritms ir nenovirzitais analizes algoritms, kas parada
optimuma  alternativos risindjumus stehiometriskaja modelt. To lieto
mikroorganisma spgjai pielagoties argjas vides apstaklu izmainu analizei.

MFA analizes algoritms ir nenovirzitais analizes algoritms, kuru pielieto, kad
ir liels plismu omikas eksperimentalo datu apjoms. Stehiometriskaja modeli ar MFA
analizes algoritmu aprékina optimumu izvirzitajam metaboliskas inzenierijas
uzdevumam ar mazu alternativo risinajumu skaitu.

EM analizes algoritms stehiometriskaja model&sana ir novirzitais analizes
algoritms. To pielieto, kad nepiecieSams noskaidrot visus alternativo modelu
stacionaro stavoklu risingjumus. EM parasti lieto stehiometriskaja modelt 1idz 100
reakcijam, jo lielakiem modeliem skaitloSanas apjoms strauji palielinas.

ES analizes algoritms ir novirzitais algoritms, kuru lieto, lai noskaidrotu
reakcijas, kuras savstarpgji proporcionali korelé pie dazadu plismu izmainam
stehiometriska modelt.

EP analizes algoritms ir novirzitais analizes algoritms, kuru lieto, lai atrastu
stehiometriskaja modelt visisako metabolisko celu produkta razosanai.

3. Darba autors ir uzlabojis stehiometrisko modelu izveides un validacijas
proceduru pateréta laika, darbibu skaita, manuali apstraddjamo datu apjoma
samazinasanai.

Autors izstradajis uzlabotu stehiometrisko modelu izveides un validacijas
procediru, kura samazina stehiometriska modela izstrades laiku un manualo darbu
validacijas solos. Uzlabota procediira atskiras no esosajam ar to, ka ir ieviesti papildu
parbaudes soli stehiometriska modela izstrades procesa sakuma, lai validacijas solos
nebiitu vairakas reizes japarbauda viena un ta pati informacija.

Promocijas darba tika noskaidrots, ka nenovirzitajiem algoritmiem, lietojot
arvien vairak dazadu ierobezojumu, var panakt analizes algoritma procesa apstrades
laika samazinasanu. Savukart no novirzitajiem analizes algoritmiem EM un EP
termodinamikas papildu ierobezojums samazina analizes algoritma procesa
apstrades laiku, bet, ieviesot biomasas ierobezojumu, apstrades laiks tika palielinats
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daudzkartigi. ES analizes algoritma termodinamikas ierobezojums samazindja
analizes algoritma procesa apstrades laiku.

4.  Darba izstradats datu vizualizacijas riks stehiometrisko modelu analizes
algoritmu rezultatu vizualizacijai metaboliskas inZenierijas uzdevumiem.
Autors noskaidrojis un analiz&jis 56 sistémbiologija izmantojamos

datorizetos resursus, kur neviens no izve€l&tajiem resursiem nebija piemérots visu
promocijas darba uzdevumu realizacijai.

Tadgjadi dal&jai promocijas darba uzdevumu realizacijai tika izvElEts
stehiometrisko modelu analizes riks ScrumPy.

Lai pilnvertigi veiktu visus promocijas darba uzdevumus, tika izstradats jauns
vizualizacijas 11ks ScrumPy modelésanas rika.

Katram analizes algoritmam tika pielagots izstradatais vizualizacijas riks, lai
lietotajam draudziga veida reprezentetu analizes algoritmu rezultatus.

5. Darba autors izstraddjis stehiometrisko modeju procediiras ar samazinatu
datu apstrades apjomu, laiku un metaboliskds inZenierijas uzdevumos
analizéjamo atrisinajumu kopu.

Kopuma izstradatas dazadas procediiras, kur se$as no tam apvienoti dazadi
stehiometrisko modelu analizes algoritmi noteiktu datu iegiiSanai, kas samazina
procesa apstrades laiku, analiz€jamo datu daudzumu un lietotdja manualo darbu.

Pargjos procediiru kopumos, kuros apvienoti dazadi stehiometrisko modelu
analizes algoritmi, izmanto lictotdja specificétu informaciju. Katrs no Siem
procediiru kopumiem izvirza uzlabojumus stehiometriska modela analizes,
apstrades, modelésanas, optimizacijas, alternativu noveértésanas procesos. Lidz ar to
tika uzlabots procesa apstrades laiks, ka arT samazinats analiz€jamo datu, alternativo
risinajumu, lietotaja manuala darba apjoms.

Secinajumi un attistibas perspektivas

e Uzlabotai stehiometrisko modelu izstrades procediirai validacijas procesa
jaizmanto ierobezots stehiometriska modela apjoms, jo liela izméra
stehiometrisko modelu izveid€ validacijas posms procediira tiek biezi cikliski
atkartots.

e  Stehiometrisko modelu analizes algoritmu izmantoSana ar dazadiem papildus
ierobezojumiem samazina analizes algoritmu apstrades procesa laiku un
stehiometriska modela risinajumu kopas apjomu.

e EM analizes algoritmam katrs ierobezojums palielina skaitloSanas laiku un
stehiometriska modela atrisinajumu kopas lielumu.

e Autora izstradata automatiz&ta vizualizacijas rika pielietoSana kopa ar
stehiometrisko analizes algoritmu procediiram samazina lietotaja iespgju
kladaini interpretet starprezultatus procediiru solos un gala rezultatos.

e Promocijas darba analiz&ta stehiometriska modela analizes algoritmu
procediiras var lietot tikai validétam stehiometriskajam modelim, jo katra
procediiru soll modelim ir jasasniedz stacionarais stavoklis.

Ka attistibas perspektivas var iezimet vairakus darbibas virzienus:
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Promocijas darba uzlaboto stehiometrisko modelu izstrades un validacijas
procediiru var pilnveidot un pielagot signalu tiklu, transkripcijas tiklu, génu
ekspresijas tiklu izveides vajadzibam.

Pilnveidot vizualizacijas riku, lai to var€tu izmantot genoma méeroga
stehiometriskajiem modeliem manuali vai automatiski veidoto metabolisko
tiklu att€loSanai.

Uzlabot un integrét metabolisko tiklu analizes algoritmu procediiras ta, lai
varétu izmantot dazadu veidu omikas datu integraciju stehiometriska modeli.
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INTRODUCTION

Genotype — phenotype relationship is important scientific direction in life
sciences. Knowing genotype would be possible to predict phenotype and vice versa.
In the second half of the 20th century scientists oriented in reductionist way dividing
biological systems in smaller parts to get precise and detailed understanding in
research of genetic, biochemical and molecular biological problems. This approach
gave detailed knowledge about individual biological parts, like metabolites and
enzymes, but did not show much progress in understanding systematic interaction
between biological and environmental processes, which determines phenotype (Price
etal., 2003).

Nowadays technological achievements enabled use of high throughput
methods to characterize biological components comprehensively and simultaneously
(Lewis et al., 2012). Such data production costs have plummeted and the data
processed amounts have become much larger, allowing scientists to explore cells or
organisms as one whole system interactions result
(Duarte et al., 2007).

Computers and technology are inevitably involved in the above mentioned
data extraction and acquisition. At the same time, the amount of data determines that
not only extraction and acquisition, but also the analysis and interpretation is no
longer possible without computer technology. Thereby, the person delegates to
computers and technologies the analysis and reasoning functions with specific
algorithms. The function of researcher remains to analyse computer supplied
solutions and visualisations, confront them with experimental data and general rules.
Computer modeling is one of the technologies that allow analysis of the designed
system, where all elements are in interaction. Basically, the computer model of
biological system gathers published and experimentally obtained information about
the research process or object and applies recognised regularities simultaneously (in
parallel). Consequently, the whole model, its parameters, inserted information and
knowledge are tested in simulations. Often, it must be recognised that knowledge is
controversial and requires new experiments. Modeling experiments (simulations)
and biological experiments cycle are part of Systems Biology approach - cyclic
progress in the process of understanding in mathematical level (model). The
developed model is used for the process normalization in an organism (typical task
of medicine) or for the improvement of the specified criteria (typical task of
biotechnology). Metabolism, or metabolic processes is probably now best explored
biological process largely due to good possibilities for the quantitative measurement
of the concentrations of metabolites and application of mass conservation law. These
models still do not answer question of the genotype-phenotype relationship at the
desired level, but gives valuable information about the possible and impossible states
of an organism. Metabolism modeling, similar to other process modeling, can be
divided into two important stages:
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e development of model: set of operations to obtain sufficiently precise
mathematical representation of object or process to enable replacement of
experimentation with object by computer modeling experiments;

e analysis and / or optimization of model: set of operations to determine the
systemic features which define the organism compliance with the set
optimization criteria.

There are various metabolic modeling techniques: stochastic kinetic,
deterministic  kinetic, stoichiometric, and others. Among these methods
stoichiometric modeling is specific as it can be used for large-scale models, since it
is based on the law of mass conservation and balanced reactions. Stoichiometric
modeling can work with models with thousands of reagents and reactions. The main
application areas of stoichiometric modeling are medicine and biotechnology.
Currently, the largest relatively precise stoichiometric model is the stoichiometric
model of human metabolism with more than 5,000 metabolites and more than 7,000
reactions (Thiele et al., 2013). Through the reaction catalysing enzymes also
thousands of genes become involved in the model. The model is already directly
applied to improvement of inborn metabolic disease diagnostic, giving more and
more new predictions about the disease and expected side effects. Currently, a new
computer simulation-based clinical trials (in  silico clinical trials)
(http://avicenna-isct.org/) approach to medicine clinical trials is under development
to reduce the time and resources necessary for the release of new drugs and medical
devices on the market. With this approach, possibilities open up for early screening
of different medical solutions and identification of patient groups where the proposed
treatment should not be applied.

Also in biotechnology stoichiometric model application gives great results.
The most popular organism Escherichia coli was optimized for bioethanol
production (Trinh et al., 2008), conversion of biodiesel by-product glycerol to
ethanol (Trinh, Srienc, 2009) and amino acid production (Unrean et al., 2010). These
model-predicted solutions have been confirmed in practical experiments.

There are also success stories of medium and large-scale stoichiometric model
application (Kerkhoven et al., 2014) (Liu et al., 2014).

Consequently, stoichiometric model success and the large scale of these
models introduces new requirements on software products, particularly in situations
where interdisciplinary team involving both biological and
mathematical/computational specialists is working.

Balancing the reaction 1is important, but complicated process
(Thiele, Palsson, 2010), which metabolic model creators often tend to simplify. As a
consequence, the optimization result is a solution that does not comply with the mass
conversation law and leads to failure in biological experiments.

Another problem is the metabolic network visualization, allowing biologists
to recognize the processes and permit an assessment of their potential relevance to
the real behavior of particular organism. Ideally, visualization allows to evaluate in
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a short time the state of the metabolic network, interaction of different branches and
to analyze the manipulation opportunities.

A growing problem is the computational power. Meaningful computing tasks
of stoichiometric model analysis can take months
(for example — elementary modes calculation). Therefore, it is necessary to improve
the optimization procedures to stoichiometric models to get more and more accurate,
practical biotechnology and medicine usable information with the least possible
computational resources and time consumption.

Bio-information databases with a variety of information: reactions coding
genes, new genome sequences of organisms, information about the thermodynamic
characteristics of reactions that determine the direction of response limits, etc.

Although in the mentioned directions many studies already have improved
the modeling process, there are still great opportunities to improve performance,
because the stoichiometric model development and optimization is a relatively new
direction and continues to develop rapidly. In particular, this applies to the handling
of large-scale, including genome-scale models under circumstances where the
amount of information is growing rapidly thanks to experimental technologies. The
described situation determines the aim and form objectives and tasks of the PhD
thesis.

The aim and tasks of PhD thesis

The aim of thesis is to develop stoichiometric computer models based
procedures of metabolic engineering task solving procedures to reduce computation
and manual work.

In order to achieve the aim of PhD thesis several tasks were completed:

1. To analyze the mathematical regularities between the stoichiometric
modeling and metabolism molecular processes.
2. Toresearch operating principles of stoichiometric model analysis algorithms.
3. To improve stoichiometric model design and validation procedure to reduce
time consumption, number of operations and manual processing of data.
4. To develop visualization tool for metabolic engineering tasks to visualize
results of stoichiometric model analysis algorithms.

5. To create procedures of stoichiometric model analysis algorithms for
reducing number of operations, time consumption, manual work and number
of analysed solutions.

Research methods

Stoichiometric model calculations are made in matrix where information
about organism metabolic processes is encoded. Transposition of matrices and
algebraic operations with matrices are used to find the steady state preconditions of
metabolic network.
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Linear algebra techniques are used in stoichiometric matrix analysis to find
the set of steady state fluxes. Superposition of this set represents all possible steady
state solutions for particular stoichiometric model.

Experimental data validation process in stoichiometric model is made
comparing experimental data with a stoichiometric model results.

Mass conservation law is used for reaction mass balance and in steady state
processes.

Constraint-based modeling and analysis methods are used.

XML files are used for visualization of the results of stoichiometric model
analysis algorithms.

Scientific novelty

1. Stoichiometric model design procedure for specific models, objectives and
available data.

2. Visualization tool to facilitate representation of stoichiometric model states.

3. Procedures of stoichiometric model analysis algorithms for reduction of spent
time, number of operations and manually processed data amount.

Theses

1. Early introduction of constraints in stoichiometric model creation process
reduces the amount of operations in the validation process.

2. Automated model state visualization improves metabolic network analysis.

3. Combinations of metabolic analysis algorithms reduce the solution space and
set of solutions to be analysed.

PhD thesis structure and volume

The PhD thesis is written in Latvian containing abstract, introduction,
5 chapters, conclusions, bibliography, and 12 annexes combined in additional
volume, including 15 tables, 44 figures, and 145 pages in total. 196 literature sources
were used.

1. INCORPORATION OF BIOLOGICAL DATA DIVERSITY
IN COMPUTER MODEL

Each organism type (species) has unique genome where metabolic reactions,
metabolites, their interactions, functionality, and their compatibility are encoded.

Computer model of computer controllable biological systems is a
precondition of computer controlled development, since all biological systems
irrespectively of their scale (cell, tissue, organism) has a control system
(biological control system — BCS) which is genetically determined
(Stalidzans, 2005).

Currently, optimum design and use of computer control possibilities is
delayed by insufficiently described BCS in a mathematically formalized way in a
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computer model. BCS computer modeling and optimization has a key role in
successful organism computer designing and implementation. Since a specific gene
corresponds to a metabolic reaction, metabolism of genetically determined
organisms, basically, is BCS, and its modeling and optimization is the main aim of
the PhD thesis.

The metabolites are substances that ensure metabolic processes in an
organism. Metabolites have a wide range of tasks, such as fuel of organism metabolic
processes for forming cells, tissues and organs.

Mathematically there is a relation between enzyme and metabolites (substrate
and product) interaction.

The reaction flux (Edwards et al., 2002) or reaction rate is a mathematical
value which describes the speed at which the substrate is converted into product
using metabolic pathways and reactions, where this process is regulated by enzyme.

Metabolic pathways in stoichiometric modeling are built from involved
reactions where those convert substrates to products (see Figure 1 A). Metabolic
conversion of intermediates is forming continuous series of reactions
(see Figures 1 B, C, D) known as metabolic pathways. Several metabolic pathways
can contain the same metabolite (see Figures 1 C, D), which participates in a variety
of reactions, thereby creating the link between these metabolic paths.

A D _—
Substrata rt Substrats
S s e

B . 4 Substrate
Eubstrate Intermadiztas Dyoduct R Droduct

C o Product

Substrate Tntermediatas m

R — p— oduct r

Intermediates

Figure 1. Metabolic network biochemical pathway examples
Source: made by author

Each metabolic reaction requires energy to catalyze (activate) it. This energy is
minimum energy required to start a chemical reaction. When the reaction is in
progress, the variations in the free energy are equal to the free energy value of
products minus the amount of free energy substrates. Mathematically, this process is
described by the following equation (Welch, 1985):

AG= AGproduct — AGgypstrate M

AG — free energy required to start reaction conversion process;
AGproduct — total product sum of Gibbs free energy;
AGgypstrate — total substrate sum of Gibbs free energy.
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Metabolism in organism tends to occur in a steady state when all reaction rates are
in balance. After certain amount of time all reaction required free energy for steady
state processes are established in other metabolism processes in organism. In this
case metabolic reactions in organism ensure stable, non-fluctuating metabolism,
where substrate consumption and creation of products are constant. Intermediate
conversion occurs in the same way. This means that in steady state reaction rates and
metabolite concentrations do not change in time.

There is a need to develop complex data analysis techniques to handle the
rapidly growing volumes of multi-dimensional data, Different methods have been
developed and applied from stochastic kinetic models (Golightly, Gillespie, 2013),
Bayesian networks (Wilkinson, 2007), stoichiometric models (Lewis et al., 2012) up
to the graph and interaction network development and analysis
(Le prevents et al., 2009).

The stoichiometric (constraint-based) modeling, which is used in genome
scale stoichiometric model (GSMR) analysis, is discussed in the thesis. The
reconstructed genome-scale metabolic network includes integrated and systematic
information on certain metabolites and reactions in the cell or organism.

ATPGMD etoh_tx XI
x_glecD 1 0 0
gleD 0 0 0
x_xylD 0 1 0
xylD 0 0 -1

Figure 2. Example of part of stoichiometric matrix for metabolic network
representation
Source: made by author

This is a matrix (see Figure 2) where the metabolites are represented in
columns and metabolites are represented in rows. If metabolite is involved in reaction
then it is denoted 1 or —1. If metabolite is not involved in reaction then it is denoted
as 0 (see Figure 2). A positive number indicates that the metabolite is produced in
the reaction; a negative number means that a metabolite is consumed in the reaction.

dSll v

ddstz 1-1 10 0 er]I 0 )
—=[0 1 —1—1—1]*"3 = lo @)
dtl Lo o o0 o0 1 [v4J 0

EEE Vs

dt

S1, S2, S3, — substrates used in reactions,
V1, V2, V3, V4, Vs, - reaction rates.

The enzyme concentration changes in certain time period is expressed on the
left side of the formula.
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2. STOICHIOMETRIC MODELING ANALYSIS
ALGORITHMS

Nowadays stoichiometric modeling analysis methods are divided into two
large groups: biased and unbiased algorithms. Unbiased algorithms carry out a
systematic examination of all solutions, while biased algorithms are used to analyse
one solution from all possible solution set.

In the thesis several analysis methods are described like: the Flux Balance
Analysis (FBA) Flux Variability analysis (FVA) (Burgard et al., 2001), Metabolic
Flux Analysis (MFA) (Zhao, Shimizu, 2003), which are biased algorithms. Also
unbiased algorithms were used: Elementary modes (EM) (Schuster et al., 1999),
Enzyme Subset (ES) (Pfeiffer et al, 1999), Extreme Pathway (EP)
(Yeung et al., 2007).

Biased analysis algorithms

Biased algorithms use stoichiometric matrix and biological constraints to
analyse solution space with vector calculations. Biased algorithms such as they are
without GSMR and additional constraints provide incomplete and inaccurate
analysis of the data from the solution space, because not all solutions in the space are
biologically, chemically and physically feasible and can occur in organism.
Additional and biologically feasible constraints should be introduced to exclude from
GSMR solution space unfeasible natural metabolic conditions.

Omics data is different experimentally measured data from the organism or
cell group. These may include different kind of data such as genomics
(Barrett et al, 2013), proteomics (Gasteiger, 2003) transcriptomics
(Craigon et al., 2004), metabolomics (Xia et al, 2012), epigenomics
(Bernstein et al., 2010), fluxomics (Bernstein et al., 2010) data. Stoichiometric model
analysis and optimization allows integration of multiple omics data types (Hyduke
etal., 2013).

Another biological constraint for GSMR is biomass reaction equation
(biomass composition, BVR) (Gombert et al., 2001). Numeric values for each
metabolite in BVR represent the quantity needed to create a one unit of biomass.
BVR incorporates all the metabolites required for cell development, growth, division
and reproduction.

Each reaction is constrained in the range of possible Flux values. Such
constraints in GSMR decrease solution space, which also improves the
stoichiometric modeling analysis algorithms by reducing the processed set of
solutions. There are several ways to insert biological data as constraints into a model:

e reaction flux for substrate consumption;
e gene deletion inclusion;

e  omics data inclusion;

e reaction flux for product production.
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Most stoichiometric modeling methods modify the reaction flux bound values
in GSMR.

FBA algorithm aims to predict flux distribution in the organism metabolic
model, which corresponds to the entered experimental data — constraints. FBA
method seeks optimal solution of model satisfying all constraints values. FBA
method is used to predict specific phenotype characteristics for the organism as flux
distribution (Edwards et al., 2002). The result in solution space is the criteria and
constraints determined optimum in the GSMR. Usually there is a large number of
alternative solutions.

MFA algorithm datasets (Joyce, Palsson, 2006), which are obtained in
fluxomics experiments are used in MFA analysis algorithm processing.

Unlike to FBA analysis algorithm at MFA analysis in experiments measured
reaction rates are used as constant or small diapason values.

As result, the solution space is strictly limited and the number of answers is
drastically reduced.

FVA algorithm uses all imposed GSMR constraints and target function to
simulate minimal and maximal flux values of model reactions. FVA can be used for
computer simulations of a particular organism phenotype. If modifications are made
in at least one restriction, FVA analysis results need to be recalculated, because
analysis results may change significantly.

Unbiased analysis algorithms

Unbiased algorithms are applied in cases when it is necessary to see all
nullspace solution space instead of only some of the possible solutions.

Nullspace vectors set is a constrained set of solution space, where you can
find any possible steady state of stoichiometric model. The solution set itself is used
in other methods of analysis to carry out systematic nullspace solutions
analysis (Poolman et al., 2007). Unbiased algorithms use solution space with
nullspace vectors and the stoichiometric matrix to perform all alternative optimum
calculations in stoichiometric model analysis.
Mathematically EM means that the steady state reaction rate vectors
(reaction flux values) must be in stoichiometric matrix solution space
(Reder, 1988). It is considered as an object with boundaries constrained by nullspace
vectors. It was defined that EM is correct vector selection in nullspace (Newsholme
et al., 1984), (Fell, 1993).

All possible metabolic steady state nullspace vectors are calculated as follows
(Fell, 1992), (Leiser, Blum, 1987):

dX

T @)
v — reaction flux rate value,
X — concentration vector,

Steady-state rule defines an algebraic equation (Schuster, Hilgetag, 1994):
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N — stoichiometric matrix.

The number of dimensions (N) depends on the number of metabolites and
reactions in the stoichiometric model.

EM is the smallest possible set of metabolites at steady state, where is at least
one substrate and one product, and there are no multiple steady states. EM is a unique
set without other subsets (Pfeiffer et al., 1999).

The EP is the shortest of all possible EM solutions. EP method is used to
determine metabolic network capability to convert substrate to products with the
least possible number of reactions and enzymes.

In gene expression, metabolic engineering or metabolic regulation studies it
is highly interesting to find groups of enzymes that in all steady states operate with
the same reaction flow ratio. Such an enzyme group is called enzyme subsets (ES).
This is a group of enzymes which provide metabolic control not only of one but for
several enzymes group in coordinated manner. In stoichiometric modeling ES is used
for enzyme group where the reactions do not change the flux ratio in a subset and
fulfills 3 rules (Rohwer et al. 1996):

e there is only one independent reaction flux rate how fast is consumed or
produced metabolite;

e there is no linear algebra linkage between the coupled ES internal and external
metabolites;

e there is no enzyme or other similar reactions regulatory effects in and outside
enzyme subset.

3. DEVELOPMENT OF STOICHIOMETRIC MODEL
DESIGNING PROCEDURE AND APPLICATION OF
CONSTRAINTS

Currently, for developing and designing stoichiometric models of various size
there is a procedure (Thiele, Palsson, 2010) that consists of five parts. In total, the
procedure consists of 96 steps which significantly accelerate the process of designing
stoichiometric model.
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Figure 3. Simplified stoichiometric model design procedure
Source: made by author

The author of the thesis during building of stoichiometric models
(Pentjuss,  Kalnenieks, 2013) (Pentjuss, Odzinas, et al., 2013),
(Kalnenieks et al., 2014), (Pentjuss, Rubenis, et al., 2013) developed improvements
in the published design procedure (see Figure 3) to improve stoichiometric model
creation process as well as reduce the time spent on designing and user’s manual
work.

The major improvements have been made in Stage 2 and 4 of the design
procedure. The difference between the originally published procedure and the
procedure improved by the author is in Stage 2 where more attention is paid to the
reliability of the entered information and comparison of the information from
multiple databases. Therefore, in Stage 4 of design procedure during validation
process there is a reduction of repeated cyclical verification of the information. It
reduces manual work of the user and the overall time spent for designing
stoichiometric models.

In Table 2 the author puts forward within the thesis collected and analysed
different constraints of stoichiometric model depending on the modeling algorithm.
These constraints were practically applied and classified as mandatory, optional or
not applicable for each stoichiometric model analysis algorithm described in the
thesis.

In general, it was concluded that each of the analysis algorithm constraints
has positive impact on the calculation time, except EM, where each additional
constraint increase the calculation time.

Other constraints are used in accordance with classification of listed groups
in Table 2, and their positive impact depends on the stoichiometric model size, of
posed aim and as well as the quality of the stoichiometric model.
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Table 2. Summary of stoichiometric model analysis methods constraints

Upper / Thermo- | Trans-port Substrat_e B|om§s_s New strain
Method  lower - . consumption|composition
dynamic |reaction flux . development
bounds rate reaction
FBA | Mandatory Optional Mandatory | Mandatory | Optional Optional
MFA | Mandatory Optional Mandatory | Mandatory | Optional Optional
FVA | Optional Optional Optional | Mandatory | Optional Optional
EM None Mandatory None None Optional None
ES None Mandatory None None None None
EP None Mandatory None None Optional None

4. DEVELOPMENT OF STOICHIOMETRIC MODEL
ANALYSIS VISUALIZATION TOOL

Large-scale experiments with organisms become more frequent in systems
biology. There are different types of collected information that can be used for
modeling, analysis and simulation processes.

However, large amount of data for analysis raise a representation problem of
collected data. For better data interpretation the metabolic network visualization
should take into account the defined aim of modeling, dimensions of the metabolic
network and applied analysis algorithms. 6 stoichiometric modeling analysis
algorithms were applied and analysed in the thesis. Analysis procedures are
developed for different improved parameters, reduced manual work for a user and
time spent for processing analysis algorithms, as well as for reduction of solution
space size. Results of all analysis algorithms can be represented with automatically
constructed metabolic network images and diagrams.

In the thesis, 54 different computational tools, their working environment,
functionality, visualization capability, and possible use in systems biology were
analysed. The aim was to find stoichiometric modeling tool with visualization
capabilities. As a result, 4 candidates were found (Cell illustrator, CellDesigner,
CellNetAnalyser, GLAMM) but none of them could fulfill the aim of the thesis.

Author chose ScrumPy modeling tool to do all tasks set in the thesis, and with
a few additions it was capable of fulfilling the aim of the thesis. ScrumPy is made in
Python programming environment and by licensing restrictions for academic
purposes it can be used free of charge. In addition, ScrumPy is one environment for
dynamic and stoichiometric modeling approach. In a short time period it was possible
to integrate additional stoichiometric analysis methods like FVA. ScrumPy tool can
be used on different operational systems like MAC OS, UNIX, and Linux.
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A user has to manually develop a visualization design with metabolic network
in order to allow the visualization tool to automatically represent the results of
analysis algorithms, because it is a complicated task even for graphical tools to
develop metabolic network structure in a fully automated way that corresponds to
traditional representation of biological systems and, moreover, with minimum
intersections. Therefore, Inkscape vector graphics editor tool was chosen as a tool
for manual development of visualization design to achieve the results of the thesis
because it is the most appropriate tool to meet the requirements of the above
visualization design tool selection criteria for stoichiometric modeling and
automated representation of data analysis results.

-] Bioinf: package
#-] Data: package
+-{] Kinetic: package
+{(] LP: package
+-{] Parser: package
+-(] Structural: package
+-1 ThirdParty: package
+-(] util: package
+-(] tkGUI: package
&1 wxGUI: package
Figure 4. ScrumPy modeling tool modules
Source: made by author

ScrumPy modeling tool "LP" and "Structural”" class modules (see Figure 4)
were used to adjust the visualization module PySVG (http://codeboje.de/PySvg/).
ScrumPy for drawing the stoichiometric modeling analysis results with user friendly
interface.

FVA analysis method results are reaction flux ranges that were visualized
using Gnuplot module. This module connects ScrumPy modeling environment to the
GNUPLOT (Racine, 2006) visualization tool.

{"GALSID': 10.0, 'Sucgh_con': 0.0005, 'acet_dehyd': 0.12, 'asp_glul_shuttle': 0.
5450000000000028, 'm_nadph_bio_tx": -0.11, 'm_accoa_bio_tx': -0.015, 'gpl3': 0.0

05, 'CYT14': -0.09500000000000001, 'g6p_bio_tx': -0.125, 'm_nadp bic_tx': 0.11,
"ASPAMI_m': 0.5450000000000028, 'ASPAMI_c': 0.5450000000000028, 'UDPEMP': 10.0,

'ATP_diss': 38.68216666666666, 'oDaa_bio_tx': -0.05, 'akg_cit_shuttle': -0.0095000
00000000001, 'GAPD': 30.65016FG66ARAAEAL, 'TPI': 109.784166666666A64, "ed5': 0.030

Figure 5. FBA analysis method result interpretation by ScrumPy modeling tool
Source: made by author

By comparing Figure 5 and Figure 6 it can be concluded that the
representation of stoichiometric model analysis methods results in more user friendly
interface is provided by the visualization tool created by the author that can generate
in short time hundreds of files (see Figure 6, Figure 7) with the corresponding target
name, substrate, product, and date.

This type of representation of analysis algorithm results significantly
simplifies processing time of analysis results and manual work amount specially
using large scale stoichiometric models.
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Figure 6. FBA analysis method result interpretation by ScrumPy modeling tool by the
developed visualization tool
Source: made by author
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Figure 7. Interpretation of ScrumPy modeling tool FBA analysis method
results by the visualization tool developed within the thesis
Source: made by author

5. DEVELOPMENT OF STOICHIOMETRIC MODEL
ANALYSIS PROCEDURE

Analysis algorithms procedures for the thesis were carried out with ScrumPy
modeling tool. ScrumPy functionality was extended with visualization capabilities
for easier representation of the results of stoichiometric model analysis algorithms.
As a result, in shorter period of time analysis algorithm procedures were developed
for deeper and faster analysis with reduced manual work. Procedures were developed
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in such way so to combine analysis algorithms and include task solution in
combinations.

It was determined that only those analysis algorithms which are proposed in
the thesis can be combined with each other to improve the obtained results
(see Table 3).

During development of the thesis the following models were designed and

made: Z mobilis central metabolic stoichiometric model
(Pentjuss, Odzina, et al., 2013), alternative yeast K. marxianus model and improved
human mitochondrial genome scale stoichiometric model

(Pentjuss, Rubenis, et al., 2013).

Table 3. Stoichiometric analysis algorithms constraints summary

Method FBA MFA FVA EM ES EP
FBA --- --- --- --- --- ---
MFA Can - - - - -
FVA Can Cannot --- --- - -

EM Cannot Cannot Cannot - - -
ES Cannot Cannot Cannot Can - -
EP Cannot Cannot Cannot Can Can -

In general, several stoichiometric model analysis algorithm procedures
(see Table 3) are described in the thesis.

ES and EM analysis algorithms combined procedure provided for 153 fold
faster calculations results than EM (see Figure 8). Therefore, it was saving time for
calculation process comparing to EM analysis algorithm.

ES algorithm » EM algorithm

Figure 8. ES and EM analysis methods procedure
Source: made by author

In FVA and FBA analysis algorithm procedure the reaction ranges are used,
which are obtained using the FVA analysis algorithm. They accelerate the FBA
algorithm calculation time. This is done if the current reaction flux range of the upper
and lower values are placed in the stoichiometric model as constraints and the
reaction is converted to irreversible one, if the upper and lower range value of the
reaction is not negative number (Pentjuss, Kalnenieks, 2013)
(Pentjuss, Rubenis, et al., 2013) (see Figure 9).

FBA algorithm » FVA algorithm
Figure 9. FBA and FVA analysis methods procedure
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Source: made by author

In FBA and FVA analysis algorithm procedure FVA shows all alternative
solutions in stoichiometric model. However, it does not show which reactions and
with which flux values are used in any specific alternative solution. Since in this case
in the solution space there are many alternative solutions, then FBA analysis
algorithm reduces the solution space from FVA analysis algorithm results
(Pentjushi, Odzinas, et al., 2013) (see Figure 10).

FVA algorithm » FBA algorithm

Figure 10. FVA and FBA analysis methods procedure
Source: made by author

Unified procedure of MFA and FVA analysis algorithms helps to interpret
specific reaction flux values for alternative steady state in detailed way
(Pentjuss, Odzina, et al., 2013) (Pentjuss Rubenis, et al., 2013) (see Figure 11 ).

MFA algorithm » FVA algorithm

Figure 11. MFA and FVA analysis methods procedure
Source: made by author

MFA, FVA and FBA analysis algorithm procedure is updated with MFA and
FVA analysis algorithms, where MFA analysis algorithm is used for organism
modeling, to find several alternative solutions. With FBA it is possible to analyse
flux values of all steady state reactions in detail
(see Figure 12). It was used in stoichiometric model analysis of K. marxianus in
collaboration with LU MBI (Latvia University Microbiology and Biotechnology
Institute) employees in 2015.

» FVA algorithm FBA algorithm

Figure 12. MFA, FVA, FBA analysis methods procedure
Source: made by author

Improved EM analysis algorithm operation with the ES, FBA or FV A analysis
algorithms combined with chosen aim of analysis that consists of a 6 step procedure.
First of all, before EM analysis algorithm application there should be posed the aim
for substrates consumption and products production. After that by systematically
using FVA or FBA analysis algorithm all the possible products must be determined
that can be produced in stoichiometric model. When it is determined, then the
products not used must be deleted from stoichiometric model solution space. And in
the end of procedure ES analysis algorithm has to be calculated and only then EM
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analysis algorithm should be run to find all possible solutions in stoichiometric
model. The proposed procedure decreases EM calculation time, size of
stoichiometric model solution space and the visualization developed in the thesis
improves EM analysis results interpretation and representation. This procedure was
used in K. marxianus central metabolism analysis in collaboration with LUMBI
employees in 2015, as well as in processing Z. mobilis model (Kalnenieks et al,
2014).

A procedure that combines MFA analysis algorithm and the ES and EM
analysis algorithms, compared with the previously described, is used to study a
specific condition of the organism metabolism using experimental data. User reads,
interprets, and determines which metabolites and reactions are not involved using
results of MFA analysis algorithm in this procedure. They are deleted from the
stoichiometric model. Remaining reactions in metabolic network are involved in EM
ans ES analysis to study all steady states. In case of metabolism perturbations these
steady states are alternative solutions which could be the closest ones measured in
MFA. This procedure is used to decrease EM calculation time and not to seek full
solution set steady states, only closest to MFA analysis data

(see Figure 13).
» ES algorithm EM algorithm

Figure 13. Procedure steps for MFA analysis improvement with ES, EM and reaction
deletion not necessary for specific aim
Source: made by author

MFA none

used reaction
deletion

FBA analysis algorithm is used to determine the optimum in stoichiometric
model. However, there are many other alternative solutions which are not showed by
FBA.

FVA and FBA combined procedure shows that the FVA case calculates all
the alternative solutions, but does not show the particular steady state values. With
FBA, FVA analysis results can be constrained to separate specific solution set
(see Figure 14).

FBA Adding FBA FVA

algorithm constraints algorithm algorithm

Figure 14. FBA improving procedure steps with constraints adding and FVA usage
Source: made by author

FBA analysis algorithm by using different constraints in solution space, finds
the optimum solution with the proposed objective function. However, EP without
constraints can find the smallest possible steady state solution. FBA relies on
criterion that it can find the optimal solution, but the EP relies on that it must find
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the shortest any steady state solution. By combining FBA with the EP analysis
algorithm and the set modeling aim, the alternative solution can be found, which is
not the best one, but the shortest steady state (Pentjuss, Rubenis, et al., 2013)
(see Figure 13).

Unified procedure of combined EP and the ES together with MFA can be used
to reduce the solution space to smaller and specific one, which helps decrease
calculation time. It is beneficial to use the proposed procedure MFA step when
experimental data have large set of reactions rates and especially when biomass
composition reaction is not included in stoichiometric model. Otherwise, the
"Reaction Correlation Coefficient" method must be used (Poolman et al., 2007),
which works similarly to ES, but is specialized for large scale stoichiometric models
with the biomass composition reaction. Using ES, reactions can be found which
correlate with constant ratio. If any of these reactions is experimentally measured,
then the other reactions in this subset are assigned with the same value. In this way,
it is possible to reduce the unknown reaction upper and lower bounds, which in turn
reduces the number of alternative solutions and also reduces MFA analysis method
calculation time. In next steps using EP, the shortest alternative solution can be
found. If the EP result is recognized as inefficient then MFA and ES results can be
used  for  further  analysis  using  other  unbiased  algorithms

(see Figure 15).
ES FVA FBA
algorithm algorithm algorithm

Figure 15. Steps of procedure for MFA calculations improvement by adding additional
constraints and combining ES, FVA and FBA
Source: made by author

Adding

constraints

The previously described procedures allow reducing calculation time of the
stoichiometric model analysis algorithms, obtaining a variety of alternative solutions,
reducing the solution set and manual user work, as well as improving accuracy of the
model analysis results.

By using the described procedures, the following biologically relevant
conclusions were made:

e microorganism K. marxianus:

o can produce succinate from xylose at a higher result than from lactose
or hexose;

o the Krebs cycle in the case of succinate production can also operate
without all reactions involved in it;

o can produce ethanol, acetate, lactate and ethyl acetate close to the
maximum of theoretical yield by using lactose, glucose or inulin as a
substrate.

e microorganism Z. mobilis:
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o can produce succinate from glycerine amounting to 120 per cent with
additional assimilation of carbon dioxide;
o using glycerine can produce more glycerate and succinate than it would
be possible from hexose as a substrate,
e inthe case of autism-related damaged SUCLG2 gene of human mitochondria,
the ATP production decreases by 50.8 per cent, but in the case of autism-
related damaged SUCCOAS gene — decreased by only 1.0 per cent.

CONCLUSIONS

Main results of PhD thesis

In the PhD thesis procedures for stoichiometric model application in
metabolic engineering task were developed to reduce computation and manual work.

1. In the thesis author analysed molecular cell biology, energy transfer
processes and steady state metabolism processes applied in stoichiometric
modeling.

In metabolic networks, the substances necessary for reactions are delivered
and the produced energy is transferred to reactions. Mostly metabolic processes in
metabolic networks tend to reach steady state solution, but there are also transitional
states between steady states. In steady state cell metabolism energy is produced and
consumed in equal amount.

For stoichiometric modeling it was necessary to use all molecular cell
metabolic processes, energy transfer principles and metabolic steady-state properties
described in the thesis.

In the thesis, the relationship between existing methodologies of systems
biology modeling were investigated, in particular, the relationship between real
metabolic processes of molecular biology and dynamic modeling. Steady states in
metabolic network showed by dynamic modeling can be calculated also by linear
algebra and stoichiometric matrix approach.

Linear algebra calculations in stoichiometric model are linked with cell
metabolism, energy transfer and metabolism functionality at steady state.

2. Functionality principles of stoichiometric model analysis algorithms were
studied in the PhD thesis.

The author studied the functionality of the FBA, FVA, MFA, EM, ES and EP
stoichiometric modeling analysis algorithms.

FBA is unbiased analysis algorithm that is used to calculate reaction flux
optimal solution of microorganism in stoichiometric model for metabolic
engineering tasks while producing particular product.

FVA is unbiased analysis algorithm that shows alternative solutions of the
optimum in stoichiometric model. It is used to analyse full adaption possibility
spectrum of a microorganism.
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MFA analysis algorithm is unbiased analysis algorithm that is used when a
large scale flux omics experimental data is available. In stoichiometric model MFA
analysis algorithm calculates the optimum solutions for metabolic engineering tasks
put forward by a small number of alternative solutions.

EM analysis algorithm in stoichiometric modeling is biased analysis
algorithm. It is used to find all alternative steady-state solutions of a model. Usually,
it is applied for stoichiometric models with up to 100 reactions due to combinatorial
explosion in calculations.

ES is biased analysis algorithm, which is applied to find reactions which
mutually correlate in one proportion at various flux changes in stoichiometric model.

EP is biased analysis algorithm, which is used to find the shortest metabolic
pathway in stoichiometric model to produce a product.

3. The author has improved the stoichiometric model development and
validation procedure reducing spent time, number of operations and
manually processed data amount.

The author developed the improved stoichiometric model development and
validation procedure that reduces stoichiometric model development time and
manual work amount in validation steps. The improved procedure differs from the
existing ones with additional verification steps at the beginning of stoichiometric
model development process, which means that the same information in validation
steps is not repeatedly checked several times.

In PhD thesis it was proved that unbiased algorithms, using different
constraints, can reduce calculation time for stoichiometric modeling analysis. Biased
analysis algorithms like EM and EP using additional thermodynamics constraint
decrease calculation time, but providing biomass constraint, the calculation time is
dramatically increased. In case of ES analysis algorithm, thermodynamics constraint
decreased calculation time.

4. Datavisualization tool for visualizing results of stoichiometric model analysis
algorithms was developed.

The author found and analysed 56 computerized resources, which can be used
in systems biology field, but none of the found resources was suitable for all tasks
proposed in the thesis.

Therefore, stoichiometric model analysis tool ScrumPy was chosen for partial
realisation of PhD tasks. A new visualization tool for ScrumPy was developed in
order to fully perform all the tasks proposed in the thesis. Visualization tool was
adapted for each analysis algorithm so that analysis results could be represented in a
user-friendly way.

5. The author of PhD thesis developed stoichiometric model analysis
procedures, which reduce the data amount, processing time and solution set
of metabolic engineering tasks.

-49.



Different complexity procedures were developed where six of them combined
different stoichiometric model analysis algorithms, which decreased analysis process
time, processing data amount and user manual work amount.

In other procedures where various stoichiometric model analysis algorithms
use not only analysis algorithm combinations, but also user defined specific
information. Each of these procedures proposes specific upgrades for stoichiometric
model analysis, processing, modeling, optimization and assessment of alternatives.
Thus, stoichiometric model analysis time was improved, but amount of processing
data, alternative solutions and user manual work was decreased.

Conclusions and development prospects

e Validation process of the upgraded stoichiometric model development
procedure uses smaller scale models causing less raw stoichiometric
validation data amount, because the larger size of stoichiometric model is
created, the longer takes validation phase due to increasing cyclic validation
steps.

e Using additional constraints with stoichiometric model analysis methods
decrease process calculation and stoichiometric model solution set amount.

e Additional constraints increase computational costs of EM calculation and
stoichiometric model solution set amount.

e Visualization tool developed by the author in conjunction with use of
stoichiometric model analysis methods procedures reduces the possibility of
errors compared to analysis without visualization.

® Stoichiometric model analysis methods procedures described in the PhD
thesis can be applied only for validated stoichiometric model, because each
procedure step can be applied only in case of steady state.

Several directions can be highlighted as future development prospects:

e The improved stoichiometric model development and validation procedure
can be adapted to signaling networks, transcriptional networks and gene
expression networking needs.

e Visualization tool can be modified for manually or automatically created
metabolic network representation of genome-scale stoichiometric models.

e Upgrade and integrate metabolic network analysis methods procedures to be
able to use different types of omics experimental data in stoichiometric
models.
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