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IEVADS

Temas aktualitate
Biotehnolgija ir jebkurSs dazvo organismu (vai biolgisko sisemu visgr)
lietojums, lai sekr@tu cilveku labkkjibu. Biotehnolgija tiek izmantota prtikas
razoSaa, atkritumu nardiSara, medi@na un daudzs ciis jonas (Reiss, 2005).

Eiropas Savieiha (ES) arvien pieaug interese par biodegvielas izo%amu
Eiropa aplartejas vides aizsardhas un energoapdes nodroSi@sanas &l
(Kondili, Kaldellis, 2007).Nemot to ¥ra, ES ar vaitku Direkivu (EC 2003)
palidzibu izteikti atbalsta biodegvielu izmantoSanu.

Par vienu no biotehnogjas atistbas priekSnosgicmiem ir izvirgjusas
informacijas tehnolgijas, kuru pielietojumu nosaka vaki iemesli: lielu datu
apjomu glabSana un apstde, idzibu anaize, datizraces uzdevumi un ddi
modeESanas pielietojumi. Mode3anas uzdevums galvenaok ir apkopot
zinaSanas un pverst as forma, kura tas var sadzimat ar eksperimeatajiem
datiem, apstiprinot vai iz&llzot kadus iepriek§jus pimémumus (Mauch et al.,
2001). Modé ir izmantojami af daZzdu sisEmas izmaiu ietekmes
prognoz3anai. So pieeju plasi izmanto metaboliskajzenierif, lai mekEtu
sisEmas izmajas, kuras nepiecieSamas ipasbu uzlaboSanai (Keasling, 2010;
Sendin et al., 2010).



Sinu bidgimisko tklu optimizacija ir saregits un laikietiligs uzdevums, itpasi
pieaugot mod@ izmeriem un vargjamo parametru skaitam. T@m Sinu
biokimisko tklu gadjuma speka ir vairakas likumsakabas, kuru izmantoSana
var vienkirSot risirimo uzdevumu. Uzdevuma rigjamu telpu ierobezot var ar
ar datu hzes pieejamo inforriciju par daZda veida eksperimentiemidz ar to
optimizacijas gaii ir veicams daudzveigu pagkumu komplekss, kura laik
skaitliskas optimizicijas metodes ir tikai viens no instrumentiem, kjagselieto
istap bridi un nepiecieSam@ajapjona. Biologija kopuna un sistémbiologija uz
kada uzdevuma efeidu realizciju versta daribu kopuma aprakstu sauc par
procediru. OptimiZicijas uzdevuma reafizijai nepiecieSama daittu kopuma
aprakstu sauc par optina@jas procedru (Balsa-Canto et al., 2008; Banga,
2008; Rodriguez-Acosta et al., 1999; Rodriguez-Bsaat al., 2009).

Optimizacijas procedrai vispréja gadjuma jaatbild uz jaudjumiem: lads ir
minimalais mairimo parametru skaits, ar kurie@njanipug biokimiska sisema,
lai iegitu davotsgEjigu organismu, kas razo makalmiespéjamo produkta
daudzumu vai nodroSina tahkako attieGbu pret paretas izejvielas daudzumu
(Nikolaev et al., 2010; Rodriguez-Acosta et al.999Rodriguez-Prados et al.,
2009; Sendin et al., 2010; Vital-Lopez et al., 200&ada ir lataka darlibu
se@ba, kura vadtu mis novestidz adam risimjumam (Rodriguez-Acosta et al.,
1999; Sendin et al., 2010)ad&s proceiias izveiddautu ietaupt daudz laika un
resursu, &k ai uzlabot biotehnolgisko umémumu razbu (Rodriguez-Acosta et
al., 1999; Rodriguez-Prados et al., 2009). PaSjafrojam nav izstidata
pietiekami detalizta biddmisko tklu vadbas optimiicijas procedra, kura
ieteiktu pilnu daribu setbu, $ikot ar kri€rija, organisma un modk iz\eli un
beidzot ar risisjuma tehnisks realiZjanibas farbaudi, sadarbojotiessmiekiem
un raZodjiem.

Promocijas darba nerkis un uzdevumi
Promocijas darba @&nkis ir izstadat biokimisko tklu datormod&u stacio@aro
stavoklu optimizcijas procedru biotehnolgiskas razoSanas uzlaboSanaikat
ar optimiacijas krigriju izvirziSanu idz pamatotiem ieteikumiem razoSanas
eksperimentu veik3anai.

Darba nerka sasniegSanai izttes procesir javeic vaiki uzdevumi:

1) veikt bidkimisko fklu datormod@u stacioaro stvokoptimizcijas
tehnolgziju un procedru anaizi;

2) izveidot bikimisko tklu datormod&u staciodro savoklu optimizcijas
procediru;

3) noskaidrot optimiacijas procedras starpdisciplifiraja sadariba
iesaistto spedilistu grupas un izsidat koordirgtas sadaribas
nostdnes;



4) noskaidrot neperspakb optimiZjamo parametru kombigiju
atmeSanas iesjas pidaujamo risidjumu andizes patrinaSanai;

5) noskaidrot faktorus, kuri ietekinbiokimisko tklu moddu stacioara
stavokla optimizcijas kri€rija dinamiku;

6) izstradat riku bickimisko fklu moddu stacioara stivokla optimizcijas
kriterija labakas \ertibas dinamikas datu apadei un anakei;

7) demonstgt procediras darfbu, pamatojot ieteikumusapnieciskai
etanola razoSanai no glikozes, izmantojot maizagagSaccharomyces
cerevisiae) glikakes modeli.

Petijuma metodes
Darba izstide biokimisko procesu modedars izmantotas deterministisk
kvantitaivas dinamisks modetSanas metodes, pielietots SBMiygems biology
markup language) standarts moda defireSanai.

Biokimisko modéu optimizcijai pielietotas globlas stohastisis optimizcijas
metodes.

Optimizacijas krierija izstrade izmantoti svara koeficienti.

Biokimisko modéu kingtisko sakatbu un konstanSu apbaudei ir pielietotas
brivpieejas datudres KEGG, SABIO-RK un BRENDA.

Aprakstods statistikas metodes izmantotas alkab risinajuma konvegences
dinamikas anatei vaiaku optimizcijas eksperimentu gdkzinaSanai.

Dinamisko modhu stacioaro sevoklu realiZcijas iespgjas analiztas, izmantojot
modda dinamikas grafikus.

Mainamo parametru ieg§g|amo kombiaciju skaita nogrtéSanai izmantotas
kombinatorikas metodes.

Zinatniskais jauninajums un praktiska vertiba

e lzveidota bigimisko tklu optimizcijas procedra no biotehnolgiskas
razoSanas optimizijas kri€riju izvirziSanasiz rapnieciskiem testiem,
nemot \era biotehnolgiskas razoSanas rentabilies aspektus.

e Izstradatas daidu ziritnes nozaru Fstavju starpdisciplidras
sadarlbas nofides bidimisko ftklu datormod& optimiZcijas
procedira biotehnol@iskas razoSanas vajatam.

e Izstradata optimiacijas potendila atlikuma értéSanas metode
analiZjlamo maimmo parametru kombitiju skaita samazi#$anai
gadjumos, kad atlikuSo iesmo uzlabojumu nav iemesla anatiz
ekonomisku apgrumu .



e Veikta paratlu optimizcijas eksperimentu konuvegnces dinamikas
statistisk nowertejuma izstade (realizta programmprodu&tConvAn).

e Izstradata kombirgta mairamo parametru kombiiciju ranZSanas
metode, kui tiek izmantota visu kombitiju anaize nelielam mai@mo
parametru skaitam komlkicija un lakika nakama mairama parametra
mekESana turpriko optinglo kombiraciju atraSanai.

Darba praktisko &tibu nosaka izsidata biokimisko ftklu optimizcijas
uzdevumu realixijas procedra. Taj tiek nofdita darlibu setba attietba uz
biologiska objekta izeli, konkreta objekta iz@ti, t.i., optimizjamo parametru
noteikSanu, & af cita veida inforraciju par noteiki objekta izziaSanu.
Optimizacijas procedras rezulita ir iesggjams iedit biotehnolgiskaj razoSaa
pielietojamus organismu Hi@misko tklu modifikacijas ieteikumus razoSanas
ekonomisko ditaju uzlaboSanai konktaja razoSanas procesizé.

Darba struktiara un apjoms
Promocijas darbs ir uzrakist latvieSu valoa, satur andiciju, ievadu, 4 nodas,
secirmjumus, literafiras sarakstu, 5 pielikumus, @agkaii 11 tabulas, 54 atu,
37 formulas, kop 158 lappuses. Daglizmantoti 171 literatras avoti.

1. SISTEMBIOLO GIJAS PIEEJA BIOPROCESU VADIBAS
PROBLEMU RISIN ASANA

Sisembiologija ir progresva starpdisciplisra nozare, kura Latdj atistas
saskaa ar izvirAatajam prioritatém ziratng.

Sisembiologijas nozag biologi un medii kopa veido aptuveni pusi no
sisembiologija iesaisttajiem [Etniekiem. Rrgjie specilisti parstav informacijas

tehnolgijas, materatiku, sisEmanaizi un citas ar inZenierzitnem saisitas

nozares.

Pedeja biotehnolgijas atfstibas desmitgad batiskas pozijas ir igemusi
sisembiologija, kuras viens no iiskakajiem aspektiem ir inforacijas
tehnolgiju izmantoSana bioproces@tpieaba. Sisembiologijas un autoritiskas
vadibas teorijas apvienojums ir persgektvirziens jaundarstniecisko terapiju un
biotehnolgisko procesu izside.

ModekSana ir viens no priekSnoteikumiem &mbiologijas pieejas realicijai.

Biokimisko tklu deterministiskie kvantitatie dinamiskie modeir apraksimi ar
nelinaru diferencilvienadojumu sistmam.

10



Sisembiologija ir izveidoti specializti moddu apmaias standarti (SBML, XML,
MathML), kurus atbalsta vaiki specialiZti programmprodukti.

2. BIOKIMISKO T IKLU OPTIMIZ ACIJAS UZDEVUMU
RISINASANAS PIEEJU APSKATS

Biokimisko ftklu optimizcija iz&ir divas uzdevumu klases: parametru
nowerteSanas uzdevumi (inversais uzdevums) un pregaktas uzdevumi.

Pieaugot bikimisko modéu skaitam un to lielumam, turpinaiatities modéu

optimizacijas procedras, kuis stohastisis glotalas optimizcijas metodes ir
guvuSas liglko praktisko pielietojumu to reli atro un droSo konveences
ipadbu c]. Sis metodes @dz kombirgt ad hibridis metods, kur notiek
parslegSaras no stohastigin glokilam meto@m uz lokilajam meto@m un

otradi.

Neviers ar bikimisko tklu optimizaciju saistta procedira netiek skarts dadu
nozaru @rstavju koordiretas starpdiscipliiras sadaribas aspekts.

Biokimisko tklu projek&Sanas uzdevumu rigiganas gaguma labaka risinajuma
konvegences dinamika ir mazéfita, saldzinot ar parametru neémeSanas
uzdevumu gagbmiem.

Biokimisku tklu reakciju dinamika biotehnofisku razoSanas uzdevumu
gadjuma ir atseviga nelinaru diferenciilvienadojumu sistmu uzdevumu klase,
kuru iesgjams aprakst ar ierobezotu vieidojumu tipu skaitu un kuraijisina ar
staciorara stivokla esartbas priekSnos&cma paidzibu.

Specializtie programmprodukti ar bi@misku uzdevumu risianai pierarotu
lietotaja saskarni lauj efekitvak sadarboties modghjiem, biologiem un
razotjiem, saidzinot ar univerdliem modetSanasikiem.

Metaboliskis vadbas anares teorija tiek plasi pielietota pi€notako bioprocesu
projekeSanas uzdevumos E4n mairamo parametru komb#ciju mekgjumos.

LidzSirgjo procediru vai metodiku stapjoprojam nav atrodama procad, kura
aptvertu pilnu bieimisko tklu projek€Sanas ciklu, @ot ar kri€rija izveli un

beidzot ar gatabu rmpnieciskiem testiem, analijpt visas iespjanas

optimizejamo parametru kombigijas, lai atrastu un i&vtétu procesam
atbilstosikas.
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3. OPTIMIZ ACIJAS PROCEDURAS DARBIBAS UN TO SEABA

Sekojot izstidatajai bikimisko fklu datormod&u staciodro stvoklu
optimizacijas procedrai, ir iesgjams efekivi izmantot resursus optindzijas
laika, jo ir iesggjams izvaitties no nevajadgu optimizciju uzsk3anas vai
partraukt uzgkto optimiZacijas procesu, ja tas nav liettlys. Procedras
pamatprincips ir ar katruakamo procedras soli @t maksinali iespgjamo
informacijas daudzumu ar iegjami maz dartbam. Ar informaciju Sag gadjuma
tiek saprasta inforaAtija vai nu par perspekiem vai neperspektiem
optimizacijas uzdevuma risgjumiem.

Ar biokimisko tklu datormodgu stacioaro savoklu optimizicijas procedru var
aprakst dazdu bidamisku procesu efektas optimizcijas darbu setbu
(Mozga, Stalidzans, 2011a)idz ar to # ir uzskaima par universu attiedba
pret @gtamo organismu unatmodeli, jo $& zina procedirai nav ierobezojumu.
Procedira vispariga veica skatma 1. ala un katra posma shematiskais
atelojums un visprigs sdu skaidrojums ir apraki$ turpnakajos nod#as
apakspunktos. Procadhs detaliztaja aprakst tiek mirgtas af dazadu spedlistu
grupu lomas katra $a izpilck, lai nowrstu dub&Sanos, k af ietverta biolgijai,
razoSanai vai ekonomiskajiem agdiem nepierdrota vai neiesgama variantu
anaize.

1.Kritérija un modela izvéle

}

2.0Optimizacijas potenciala
noteik§ana

3.Mainamo parametru
kombinaciju ranzéSana péc
efektivitates

4 .Risinajumu pielietojamibas
analize

Beigas

1.att.Optimiz acijas procediras darbibu se@ba
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Autora veikl petijuma rezulita iesaisimie spedilisti ir iedaliti tris grugs —
biologi, mode#taji un razofiji. lesaisito spedilistu grumm nosatti tiek
piecevetas daZdas kompetences.

Biologi parzina bikimisko procesu meahismus molekdira [imernn un sgj
noertét, pie kadiem vides parametriem ir §pgi darboties biotehnofisko
procesu nodroSinoSie organismi uadas izmaias organismu blamiskajos
procesos ir realgjamas ar rasdieras pieejamd@m tehnolgijam. Biologiem
javeido priekSstati par tehngiju aptuvenagm izmakam.

Modeletajiem ir pamatziaSanas dafibas ar bidimisko procesu modiem,
sisemteoriju, autoratiskas vadbas teoriju, k afi labas ziaSanas optimicijas
jautajumos. Modedtajiem jaoriengjas pieejamo programmproduktuagt, lai
katram uzdevumam V&tu iz\el&ties piendrotako risiraSanas dei.

Razofaja termins Sa& petijuma attiecirims uz biotehnolgiski orientta
uzmémuma spedalistiem: 1) uzmémuma vadtaji un ekonomisti, kuri s§
progno#t izejvielu un produkta cenas un tirgugwvelkli, lai noteiktu optimizta
biotehnolgiska procesa ekonomiskogiditajus, un 2) biotehnolgisko iekartu
inZenierus, kuri sf novertét, vai optimiftais process ir reakms uz
pieejamajm iekartam, vai ar So nepiecieSamo modifikiju izmaksas.

Autora izveidot optimizacijas procedra apraksta datbas, kas akotrgji ietver
kritérija un modéa iz\€li. Proti, kuam reakcigm un ar lkdiem nosagumiem
veikt optimizciju. Tas rezulsta tiek ieditas optimizjamo parametru modifétas
skaitlislas \ertibas, kuras, veicot risifumu pielietojaribas anati, var nodot
razotijiem razoSanas testu veikSanai. Gama, ja optimizcijas daribu
turpingjums vagtu nest zaugumus, tiek artraukta iegkta optimizacija un
piemekEts cits bikimiskais process.

Krit érija un modela izvele

Procediras pirmais posmsakas ar krigrija un modéa iz\€li, kur$ ir paredats
procesa visfréjai izzinaSanai — Eds ir biotehnolgiskas razoSanas uzdevums,
kads ir biimiskais process,akli kriteriji ir izvirziti. Sadu informaciju parasti
sniedz razafi. Turpinajuma tiek skaiti moddi, ar kadiem vagtu realizt
noteiktos krigrijus, ko savulirt veic modeitajs. Saji posna pamai ir razotja
izvirzits kriterijs atbilstoSi produktam, koélas razot un, veicot ekonomiskos
aprkinus, lads ir mininalais krierija pieaugums, lai paktu \elamo
biotehnolgiskas razoSanas uzlaboSanas reatul{sk. 2.att.).
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1.1.Kritérija izvéle

l

1.2.Modela izvéle

!

1.3.Modela kritérija
novértéjums
1.4. Minimala kritérija
pieauguma noteikSana

'
2. posms
v
| 3. posms |
v

4. posms

2.att.Krit €rija un modela izvele

Optimiz acijas potencila noteikSana

Procediras otrais posms paredz &ata modda uzvedbas #aku izzinaSanu
(sk. 3.att.). Posmaakuma, sadarbojoties ar biologiem, tiek atthvisi modda
parametri, kurus ir ieggams modifi€t pasreizja mikrobiologijas tehnolgiju

atistibas stadij. Ar attiedgajiem parametriem tiks veiktas turpkas
optimizacijas. Talak tiek veikts optimicijas process, kura la@knotiek vaiakas
parbaudes, lai secitu, vai iz\elétais modelis ar konktajam modificgjamam

reakcipm sggj sasniegt iepriek$a posna noteikto mininalo kritérija pieaugumu.
Pozifvas atbildes gapima optimizcija tiek turpirita, pregja gadjuma jamaina
modelis vai arkriterijs.
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e
| 1. posms |
v
| 2.1. Mainamo parametru |

noteikSana
e —

| 2.2. Optimizacijas process |

2.3.Sasniegts
minimalais kritérija

2.4.Sasniegta
globalajam

optimumam tuva

vértiba

2.5.Var pielietot citu
modeli vai kritériju

2.6.NepiecieSama
kritérija maina

2.7.1zvéléta kritérija optimizacijas
| potenciala noteikSana
v
| 3. posms I
v

| 4. posms I

3.att.Optimiz acijas potencila noteikSana

Mainamo parametru kombinaciju ranzeSana gc efektivitates
Procediras tred posma uzdevums ir eféidiko mairamo parametru kombaciju
atraSana konkta maimmo parametru skaita g@oma. Ar efektiviati tiek
saprasta ma#to parametru vai to kombkiniju spEja uzlabot optimizcijas
kriterija vertibu. Liebkam optimizcijas kri€rija pieaugumam atbilst augka
efektivitate. Tiek pi@emts, ka katras reakcijas maimo parametru konceatijas
izmaipu realizcija genomaimen izmaké vieradu summu (procdnta an var
tikt npemtas @ra preci£tas summas). Tajpad laika ir skaidrs, ka dadu
reakciju un to kombigciju ietekme uz optimicijas kri€riju ir loti atiriga.
Tadel jaatrod maiamo parametru kombicija ar iespjami mazko mairamo
parametru skaitu, kas &p izmantot lieiko ddu no gEtama procesa kofja
potenciila, kurs jau ir noteikts sb}2.7. |z\eleta kritérija optimizacijas potendila
noteikSana” (sk. 4.att.).

15



| 1. posms |
v
I 2. posms I
v
3.1.Mainamo parametru
individualas efektivitates
noteikSana
>y
3.2.Mainamo parametru
kombinaciju ranZzéSana palielinot
to skaitu kombinacija par vienu

3.3.Labakas mainamo parametru
kombinacijas datu saglabasana

3.4 Lietderigi
palielinat mainamo
parametru skaitu
kombinacija

I 4. posms |

4.att.Mainamo parametru kombinaciju ranzeSana gc efektivitates

5. at€la ir nowvertegjams ar optimizacijas potendila atlikuma erteSanas metodes
pielietoSanas rezudlis: optimizcija tika aptugta pie septiem MFKK
kombiricija, jo optimiZcijas potendila atlikums nebija pietiekoSs ekononiisk
labuma @Sanai biotehnolgiskaja razoSanas procesRezulita konstagts, ka nav
vérts analigt 16384 kombiacijas (pilras parmekiSanas gaglms), tdejadi
butiski samazinot veicaindarba un patejama laika apjomu.
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5.att.Optimiz acijas potenchla atlikuma vértéSanas metodes pielietojums
analizejamo kombinaciju skaita samaziraSanai

Risinajumu pielietojamibas anaize

Procediras ceturtaj posna veicama atrasto risijumu pielietojaribas anake un
iegito optimizcijas procesu gala parametru reziteksperimeata testSana
razoSaa (sk. 6.att.). Cetusit posma ietvaros tiek apbaudts, vai atrastais
risinajums ne tikai uZida staciofira stivokla esartbu, bet ir af pietiekoSi stabils
realizicijai ar razoSanas ieékam par pi@emanam izmakam. Papildus
nepiecieSams gobaudt, vai stacioara stivokla parametri (vielu koncenatijas,
temperaira, pH vertibas utt.) ir realigiami.
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| 1. posms |

v
| 2. posms |

v

3. posms I

4.1.Risinajums ir
labaks par iepriek$éjo
labako risinajumu ar
vienu mainamo
parametru mazak

4.3.Risinajums ir
pielietojams
razo$ana

4.5.Nakama labaka risinajuma
izvéle
|
¥

4.4 RazoSanas testi

6.att. Atrasto risin ajumu pielietojamibas anaize

4. KRITERIJA V ERTIBAS KONVERGENCES ANALIZE STACION ARA
STAVOK LA OPTIMIZ ACIJAS EKSPERIMENTA LAIK A

Skaitliska optimizacija pielietojuma pierra risiraSanas gaitpamdas ka
laikietilpigakais process ar neviennodgu rezulitu ta apsikla ], ka
skaitliskis metodes tikai konvge uz glokilo optimumu, kura &rtiba nav
zinama. Optimiacijas eksperimentu ilgums var #sfties robeis no daim
minatém fidz pat 60-90 sturidn daZu desmitu reakciju lielam modelim
(Nikolaev, 2010). Praktiski tas izpauzaslgjadi, ka, veicot optimizciju, nav
skaidrs, kui bridi optimizicijas procesu vatu beigt, uzskatot, ka dtisks
kritérija vertibas uzlabojums nav gaiths. Ta ka ir pieejamas daudzas
optimizacijas metodes un katrai nant medz bat parametri, kuru maa ietekng
to efektiviti, metoZu pielietojafia, to konvetencesatrums un stabilitte ir oti
svafigs optimizcijas procedras efektivitti ietekngjoss faktors.
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Konvergences anates fiks ConvAn

Balstoties uz promocijas darba nimka aprakstajiem
eksperimeralajiem datiem, var secih, ka optimizcijas kri€rija konvegence ir
griti prognoZjama un ir nepiecieSanid statistisks anaizes tki. Darba ietveros
tika izstiadata ika koncepcija un izviitas funkcionalidtes pratas. Sadaiba ar
Andreju Kostrominu tika izsiidats programmairas ks ConvAn (Kostromins et
al., 2012) ar sekojosu funkcionatit

» optimizacijas datu glafiana, rediedana, dzSana;

* optimizacijas metoZu réstreSana,;

* Uz optimizciju nosagjumiem balsttu profilu veidoSana;

» optimizacijas metoZu sadzinaSana pie vietdiem nosagumiem;

» konkretas metodes anatizana pie datliem nosagumiem.

Konvergences anates tka ConvAn nosaukums veidots no &ng
valodas wrdiem Convergence analysis, kas tulkojur@ noZmé konvegences
anafze. ConvAn iks ir bivpieejas programata, kuras jaufikas versijas,
paraugdati, instrukcijas, video pattha un dokumeatija atrodama interneta
vietre http://www.biosystems.lv/convanConvAn fiks darbojas Windows un
Linux opektajsisttmas (sk. 7.att.).

Criteria dependence of CPU_Time
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7.att.Rika ConvAn metoZu saldzinaSana maksimizcijas uzdevuna

Konvergences anates tka (ConvAn) ieejas parametri ir divu vektoru madric
kura viens vektors ir optimicijas laiks un otrs vektors ir laka risinajuma
kriterija vertiba attietgaja laika momerit. Ka papildu dati tiek ievati dati par
modeli (virsotu skaits, reakciju skaits, nogaimu skaits), k afn optimizcijas
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uzdevuma parametri (maimo parametru skaits, maimo parametru
diapazons/iesglamo \ertibu skaits).

ConvAn izejas parametri ir dati par koatd modda konvegencesatruma
statistisko nogrtgjumu pielietotajai  optimicijas metodei. Sos datus var
izmantot citu optimizcijas eksperimentu konvyggnces dinamikas afaéi. Var
tikt vertéta af optimizicijas metodes unas parametru piednotiba konkgta
uzdevuma risiaSanai.

SECINAJUMI

Galvenie darba rezultti
Ir izstradata bidimisko tklu datormod@ staciodro s&voklu optimiZcijas
procedira biotehnolgiskas razoSanas uzlaboSanakat ar optimizcijas kri€riju
izvirziSanu idz pamatotiem ieteikumiem razoSanas eksperimerik§asmai.

1. Ir veikta bidimisko tklu datormod& optimiZcijas tehnolgdiju un
procediru anaize.

Citu autoru piedvatas bidgamisko tklu datormod& optimizcijas procedras
katra ietver tikai dm no nepiecieSam@n darbhbam, lai noraktu no
biotehnolgiskas razoSanas uzlaboSanamépa uzdevuma no&ines idz
labaka risinajuma ieteikumam.

Nav atrasta bigmisko ftklu datormod& optimizAcijas procedra
biotehnolgiskas razoSanas vajaittdm, kum nemta ra koordirgta
starpdiscipliara sadariba, kaslautu nemt \&ra dazdu spedilistu grupu
savlaidgi izteiktus ierosijumus vai ierobezojumus,akafi atmest kdai no
specilistu grumm nepimemamus vai nepersp@kiis risirijumus.

2. lzveidota bigimisko ftklu datormod& staciodro stvok]u
optimizacijas procedra.

Izstradata biokimisko tklu datormod&i staciodro s&voklu optimiZcijas
procedira sastv no ¢etriem semi izpildamiem posmiem: krérija un modéa
izvele, optimizcijas potendla noteikSana, maimo parametru kombagiju
ranZSana pc efektivitites un risigjumu pielietojaribas anake. Darlibu
se@ba iz\Eléta [Ec principa: katrs #kamais procettas solis ir labkais [Ec
kritérja maksindls jaunied@itas informicijas daudzums, veicot minitu
darlibu apjomu.

3. Noskaidrotas optimicijas procedras starpdiscipliiraja sadariba

iesaistto spedilistu grupas un izsidatas koordigtas sadarnbas
nostdnes.
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Optimizacijas procedra iesaistti tris grupu spealisti: biologi, modeétaji un

razofji (dazadi razoSanas wgmuma @rstvji). lzveidotap biokimisko tklu

optimizacijas procedra ir iestiadatas noddes par dadu procedras izpildes
gaita nepiecieSamcemumu pieemsan iesaisimajam specilistu gru@mm un
to uzdevumiem.

4. Noskaidrotas nepersp@kb optimiZjamo parametru kombigiju

atmeSanas iesjas pidaujamo risigjumu anaizes patrinaSanai.
Izstradata optimizcijas potendila atlikuma ¥rtéSanas metode anaijamo
mairamo parametru neperspaki kombiraciju atmeSanai gapimos, kad
atlikuSo iespjamo uzlabojumu nav iemesla anatizkonomisku apsvumu
del.

5. Noskaidroti faktori, kuri ietekm@ biokimisko fklu moddu stacioara
stavokla optimizcijas kri€rija dinamiku.

Biokimisko fklu moddu stacioara stvokla optimiAcijas uzdevumu

risinaSara lielako popularigti ieguvusi glolalie stohastiskie skaitlisis

optimizacijas algoritmi, kuri ir univerdi pielietojami neatkagi no modéa

ipatribam un nelinearfites veida.

Stohastisko gloflo optimizacijas metoZzu konvgencesatrums un globla

optimuma sasniegSana ir atigeg gan no maitmo parametru skaita, gan no

izveletajiem maiamajiem parametriem konstanta neito parametru skaita

gadjuma, gan af no iz\eletas optimiAcijas metodes.

6. Izstradats ks bidkimisko tklu moddu stacioira stavokla optimizcijas
kriterija labakas \ertibas dinamikas datu apadei un anakei.

Ir izveidots tks ConvAn optimiicijas konvegencesatruma iz\ertéSanai un
prognozSanai. Vaiikas optimizcijas ar identiskiemakuma nosagumiem
tiek izvertetas ar statistisbm meto@m. Uz anakzes pamata var progriiz
konvegences atrumu fdz\ertigam modelim, izmantojot to paSu metodi.
ConvAn var izmantot optimicijas kri€rija konvegences atruma
nowerteSanai un prognozei gan parametru aridganas, gan projeddanas
uzdevumu gaglmos.

7. Demonstéta procedras dariiba, pamatojot ieteikumustpnieciskai
etanola razoSanai no glikozes, izmantojot maizagagSaccharomyces
cerevisiae) glikakes modeli.

Optimizacijas procedras izpildes rezuita Hinnes unidzautoru (Hynne et

al., 2001) izveidotajam maizes rauga (Saccharomgeesvisiae) glikakes

modelim ir noteikti septiu reakciju fermentu konceatiju maias
koeficienti, pidaujot izmanas diapazon 0,01 - 11,0. Manip@jamas
reakcijas un to koeficienti (iekas) ir: glikozes patinS (11,0), heksokiize

(2,73), fosfofruktokiaze (2,02), pirugtdekarboksiize (5,93),
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alkoholdehidrogeire (11,0), rezerves vielas (0,01), ATF dafS (11,0).
Modelis prognoz, ka izmanu ievieSanas rezdlé etanola produktiviite
palielinas no 0,80 uz 2,05 mmol/min, bet glikozesepat palieliras no 0,83
uz 1,12 mmol/min, un samaz® blakusproduktu raSas gliceftnam no
0,085 mmol/min uz 0,028 mmol/min, acetaltttdm no 0,065 mmol/min uz
0,021 mmol/min un ciadam no 0,020 mmol/min uz 0,007 mmol/min.
Rezultta tiek uzlabots gan produkta &tums no izejvielas viahas no 0,97
uz 1,83, gan ar,6 reizes palielis etanola produktivite.

Secirajumi un attistibas perspekivas
Pieaugot bigimisko modéu skaitam un to lielumam, turpinaiatities modéu
optimizacijas procedras, kuis stohastisis glotalas optimizcijas metodes ir
guvuSas liglko praktisko pielietojumu to reli atro un droSo konveences
ipadbu &]. Sis metodes @dz kombirgt af hibridis metods, kur notiek
parslegSaras no stohastigin glokalam meto@m uz lokilajam meto@m un
otradi.

Biokimisku tklu reakciju dinamika biotehnofisku razoSanas uzdevumu
gadjuma ir atsevia nelinaru diferencilvienadojumu sistmu uzdevumu klase,
kuru iesgjams aprakst ar ierobeZotu viegdojumu tipu skaitu un kuraijisina ar
staciorara stavokla esarnbas priekSnosacma paidzibu.

Pienerota optimizcijas kri€rija izvele projekéSanas uzdevuma gadma ir
veicama iteravi, sadarbojoties biologiem, mod#&ljiem un razatjiem, un ir
atkafiga ne tikai no ekonomiskiem un tehngikkiem faktoriem, bet @&rno
modda apjoma unatipatribam.

Mainamo modéa parametru ragZana bigimisko fklu moddu stacioaro
stavoklu optimizcijas gadjuma atpaliek gc efektiviites no maiamo modéa
parametru kombitiju ran£Sanas.

Izstradata kombireta ranZSanas metode lielam mamo parametru skaitam
piedava izmantot visu kombificiju anaizi, ja parametru skaits kombicija ir
mazs, un @iet uz parametru rafZ%anu, prmekkjot labako rakamaj
kombiracija iesaisimo parametru no atliku$ajiem parametrienadss pieeja
nevar garart labako kombiriciju atraSanu liekam parametru skaitam, ¢ta
rezulits ir sasniedzams sapiga laika. Gadjuma, ja visu kombigaciju skaits ir
neliels vai, ja pietiek resursu visu i€gmo kombiaciju parbaudei, jparbauda
visas kombiacijas.

Nemainga modéa, sikotnéjo nosagumu un optimiZcijas metoZu iestgmu
apstiklos stohastisko glato optimizacijas metoZu konvgéencesatrums un

22



globalajam optimumam tuvaseribas sasniegSana vaiitkatkaiga no maiamo
parametru skaita, no ipasbam, ka aif no iz\Eletas optimizcijas metodes.

Kopgja optimizcijas potendila gadjuma, pielietojot optimizcijas procedru un
mainot 15 fermentu konceatijas, ir izdevies palieliit etanola produktivitti no
0,80 mmol/min uz 2,27 mmol/min un uzlabot produktsakumu no izejvielas
vienibas no 0,97 uz 1,97, un samatiblakusproduktu rasanos gliteam no
0,085 mmol/min uz 0,007 mmol/min, acetalthbbm no 0,065 mmol/min uz
0,005 mmol/min un ciadam no 0,020 mmol/min uz 0,002 mmol/min.

Ka attistibas perspekivasvar ieamgt vairakus darlbas virzienus.

1.

Izstdat kriterijus, pec kuriem vagtu veikt optimizcijas eksperimenta
beigSanu, izmantojot glakas stohastisis metodes, balstoties uz \&in
paratlu optimiziciju konvegences dinamikas statistisko amal

Mairamo parametru kombiitiju anaizei nepiecieSams izveidot
programmproduktu, kas autatiski veiktu visu iespjamo kombimciju
parbaudi un to rargSanu pc optimizcijas kri€rija dazdam maiamo
parametru skaitam, izmantojot optimifas eksperimenta beigSanas
kritérijus un bekejot neperspekvos risirsjlumus Ec to vidgjam
konveigences dinamikasknem.

MekEt iesgEjas izstadatos enzmu koncenticiju maias ieteikumus
parbaudt biologiskos eksperimentos.

Saidzinat brivpieejas programmproduktos pieefsm optimizcijas

metodes gc to lakika risinajuma konvegences dinamikas, izmantojot
ConvAn iku.
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INTRODUCTION

Theme topicality
Biotechnology is a use of any living organism (@ldgical systems in general)
to promote human welfare. Biotechnology is usedfdad production, waste
degradation, medicine, and many other areas (RHES).

In the European Union (EU) there is a continuoustgreasing interest

concerning the biofuel implementation in Europe, intya because of

environmental protection and energy supply secuggsons (Kondili, Kaldellis,

2007). In this context, the EU strongly encourathesuse of biofuels through a
number of Directives (EC 2003).

Information technologies have become one of thecqrditions for the
development of biotechnology; their applicatiomé&ermined by several reasons:
storage and processing of large amounts of datalasity analysis, data mining
tasks and a variety of modelling applications. Mg task is primarily to
gather knowledge and convert them into such forrmoiild be compared with
experimental data, confirming or excluding any passumptions (Mauch et al.,
2001). Models are also used for forecasting theaohpf various changes in a
system on the modelled process. This approach delywiused in metabolic
engineering to search for changes in the systematiganeeded to improve its
characteristics (Keasling, 2010; Sendin et al. 0201
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Cellular biochemical network optimization is a cdeyp and time consuming

task, especially with an increase in model sizeramdber of variable parameters.
However, in a case of cellular biochemical netwaaksumber of regularities are
valid, the use of which can simplify the task to dmved. The space of task
solutions can also be limited by the informationaitable in databases on
different types of experiments. Therefore, in tlogirse of optimization a set of
varied measures must be carried out, during whiehnumerical optimization

methods are just one of the instruments to be eghali the right time and amount
needed. Both in biology in general and systemsogipl description of a set of
actions aimed at effective implementation of a taskalled the procedure. A
description of a set of actions required for impdemation of optimization task is

called the optimization procedure (Balsa-Canto ket 2008; Banga, 2008;

Rodriguez-Acosta et al., 1999; Rodriguez-Pradad. e2009).

Optimization procedure in general case must angherfollowing questions:

what is the minimum number of variable parametemhich should be

manipulated with in biochemical system in ordepkbdain a viable organism that
produces the maximum possible quantity of the pcbdu provides the best ratio
of product vs. quantity of consumed substrate (MNi&o et al., 2010; Rodriguez-
Acosta et al., 1999; Rodriguez-Prados et al., 2@#hdin et al., 2010; Vital-
Lopez et al., 2006)? What is the best sequencetioins that could lead us to this
solution (Rodriguez-Acosta et al., 1999; Sendiralet 2010)? Creation of such
procedure would save a lot of time and resourceswaell as improve the

productivity of biotechnology companies (Rodriguemsta et al.,, 1999;

Rodriguez-Prados et al., 2009). At present, theadstestate optimization

procedure of biochemical networks, which would diésc a full sequence of
actions from the choice of criterion, organism, anddel, through to testing of
solution’s technical feasibility in collaborationittv scientists and industrialists
from different industries, is yet to be developed.

The aim and tasks of PhD thesis
The aim of the PhD thesis to develop steady state optimization proceddre o
biochemical network computer models for improvementbiotechnological
production starting from the setting of optimizatieriteria up to justified
recommendations for production experiments.

In order to achieve the aim of the PhD thesis sdvtasks must be completed:
1) analyze optimization technology and procedure othémical network
computer models,
2) develop steady state optimization procedure of Heatdcal network
computer models,
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3) determine groups of experts involved in the optation procedure
interdisciplinary collaboration and develop integch collaboration
references,

4) determine possibilities for eliminating non-perdper optimization
parameter combinations in order to accelerate aisalgf admissible
solutions,

5) determine factors influencing dynamics of steadstestoptimization
criterion of the biochemical network models,

6) develop a tool for dynamics data processing andysisaof the best
steady state optimization criterion value of thechiemical network
models,

7) demonstrate operation of procedure by recommengafior industrial
production of ethanol from glucose using the bakenyeast
(Saccharomyces cerevisiae) glycolysis model.

Research methods
During development of PhD thesis deterministic disative dynamic modelling
methods were used in modelling biochemical prosgsard SBML (Systems
Biology Markup Language) standard was applied taehdefinition.

Global stochastic optimization methods were used @&ptimization of
biochemical models.

Weight coefficients are used in developing optiri@acriterion.

Open-access databases KEGG, SABIO-RK and BRENDA applied in
verification of kinetic relations and constantdadchemical models.

Descriptive statistical methods are used in anatyzthe best solution of
convergence dynamics for comparison of severafropdition experiments.

Implementation options for the steady state dynamiclels are analyzed using
graphs of model dynamics.

Combinatorial methods are used in evaluating thembmr of possible
combinations of variable parameters.

Scientific novelty and practical value
e Biochemical network optimization procedure was deped from the
formulation of biotechnological production optimiizan criteria up to
the industrial tests taking into account the padiility aspects of
biotechnological production.
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e Interdisciplinary collaboration references were aeped by
representatives of various scientific disciplings the optimization
procedure of biochemical network computer modelsbfotechnological
production needs.

e Method for evaluating the remaining range of thérjzation potential
was developed for reducing a number of combinatiohsvariable
parameters to be analyzed in cases when thereriason for analyzing
the remaining potential improvement due to econasésons.

e Statistical evaluation of convergence dynamics afaflel optimization
experiments was developed (implemented in softwesduct ConvAn).

e Combined ranking method of variable parameter coatlins was
developed, where both the analysis of all combamatifor a small
number of variable parameters in a combinationthadsearching of the
next best variable parameter to find the futurénopin combinations is
used.

The developed procedure for the implementation afchemical network
optimization tasks determines the practical valfiePbD thesis. It shows the
sequence of actions regarding choice of a biolbgitgect, research of the
specific object, i.e., setting of optimization paters, as well as other
information on the specified object. In the resflthe optimization procedure,
recommendations applicable to biotechnological petidn for modifying

biochemical networks of organisms can be obtainediniprove industrial

economic indicators in the specific phase of préiducprocess.

PhD thesis structure and volume
The PhD thesis is written in Latvian containingtedist, introduction, 4 chapters,
conclusions, bibliography, and 5 annexes, includidgtables, 54 pictures, and
37 formulae, 158 pages in total. 171 literaturercesiwere used.

1. SYSTEMS BIOLOGY APPROACH IN DEALING W ITH
BIOPROCESS CONTROL PROBLEMS

Systems biology is a progressive interdisciplinteid which in Latvia develops
under priorities set in science.

In systems biology field biologists and physicidogether form approximately
one half of the researchers involved in systemgijo Other experts represent
information technologies, mathematics, system aiglyand other engineering-
related fields.
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During the last decade of biotechnology developn@rsignificant position is
taken by systems biology, the key aspect of whihhe use of information
technologies in bioprocess research. The combmatfosystems biology and
automatic control theory is a promising directianthe development of new
medical therapies and biotechnological processes.

Modelling is one of the preconditions for implemagt systems biology
approach.

Deterministic quantitative dynamic models of biocteal networks are
described by nonlinear differential equation system

In systems biology there are specialized model &xgh standards (SBML XML,
MathML) supported by a number of specialized sofenaroducts.

2. REVIEW OF APPROACHES USED IN SOLVING BIOCHEMICAL
NETWORK OPTIMIZATION TASKS

In optimization of biochemical networks two classdgasks are distinguished:
parameter evaluation tasks (inverse task) and nlé¢agks.

While the number of biochemical models and theke sincreases, the model
optimization procedures continue to develop, whaostly the stochastic global
optimization methods are applied due to their msdft quick and safe

convergence properties. These methods may be cethhiso in hybrid methods,
where there is a shift from stochastic global méthto local methods and vice
versa.

None of the procedures related to biochemical nétwptimization addresses the
aspect of coordinated interdisciplinary collabaratiamong representatives of
different fields.

In the case of solving design tasks of biochemiwtivorks the best solution
convergence dynamics is not studied a lot in comparwith the cases of
parameter evaluation tasks.

The dynamics of biochemical network reactions icage of biotechnological
production tasks is a separate class of tasks ofinear differential equation
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systems that can be described by a limited numbeguation types and solved
with the help of a precondition of the steady stadistence.

Specialized software products with user interfag&able for solving biochemical
tasks allow for more effective collaboration amamgdellers, biologists, and
industrialists, compared with the universal modegllitools.

The theory of metabolic control analysis is widelyed in searching the most
appropriate combinations of the best variable patara in bioprocess design
tasks.

Among the existing procedures or methods theretilisn® procedure, which
covers the full cycle of biochemical network desfgmm the choice of criterion
through to the readiness for industrial tests, hyalying all possible
combinations of optimization parameters to find asdaluate the most
appropriate ones for the process.

3. OPTIMIZATION PROCEDURE ACTIONS AND THEIR SEQUENC E

Following the developed steady state optimizationcedure of biochemical
network computer models it is possible to makeatiffe use of resources during
optimization, since it allows avoiding of unnecegsaptimizations or terminating
the ongoing optimization process if it is not useflihe basic principle of
procedure is as follows: with every next step of ftrocedure to obtain the
maximum possible amount of information with theske@ossible number of
actions. In this case the information means infdionaon either prospective or
unpromising solutions of the optimization task.

The sequence of effective optimization actionsanious biochemical processes
can be described with steady state optimizatiorquore of biochemical network
computer models (Mozga, Stalidzans, 2011a). Coreselyy it is considered to

be universal in relation to the research organism &s model, since in this

respect the procedure has no limitations. The mphaeein general is seen in
Figure 1, and schematic representations of eaghastd general explanations on
the steps are given in the subsequent chapter.détaled description of the

procedure lists not only the roles of various ekgeoups in implementing every

step to avoid duplication, but also includes arialg§inappropriate or impossible
variants for biology, production, or economic cimtstances.
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"
1.Choice of criterion and
model

!

2.Determination of the
optimization potential

!

3.Ranking variable parameter
combinations by efficiency

.

4. Analyzing the application of
solutions
|

Figure 1.Sequence of optimization procedure actions

In the result of the author’s research, the invdlegperts are divided into three
groups — biologists, modellers, and industriali§tke involved expert groups
relatively are attributed to different fields ofpettise.

Biologists are familiar with mechanisms of biochemical preess at the

molecular level and are able to assess the enventahparameters according to
which organisms providing biotechnological procass capable of operating and
what kind of changes in biochemical processes ghmisms are feasible with
technologies available today. Biologists must forooncepts about the
approximate cost of technologies.

Modellers have basic understanding of operating the bioctemprocess

models, systems theory, automatic control theory] good knowledge of

optimization issues. Modellers must be competenthi@ available software
product range to choose the most appropriate solpth for each task.

The termindustrialist in this research refers to experts of biotechnplogented
companies: 1) company managers and economists rghabée to foresee prices
of substrates and the product, and market condititon determine economic
indicators of the biotechnological process optirigrg and 2) biotechnological
equipment engineers who are able to assess whbtha@ptimization process is
feasible on the available facilities, or the cdsthe necessary modifications.

Optimization procedure developed by the author riless actions that initially
include choice of criterion and model. Namely, céiog the reactions and
conditions under which to complete optimizatiorrel$ults in modified numerical
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values of the optimization parameters, which, tgtoanalyzing the application

of solutions, may be given to industrialists fodustrial testing. In the case when
prolongation of optimization actions could bear lites, the ongoing optimization

is suspended and a different biochemical procefsaiigd.

Choice of criterion and model
The first stage of the procedure intended for gairoverall knowledge of the
process begins with choice of criterion and modelhat is the business task,
what kind of biochemical process is chosen, whidtega have been set. Such
information is usually provided by industrialistBhen models are viewed for
possible implementation with the set criteria, vihiic turn is done by a modeller.
This stage is based on the criterion set by indhlistr according to the product
they want to produce, and by making economic catmns establish what the
minimum criterion increase is to achieve the dekirbusiness results

(see Figure 2).

1.1.Choice of a criterion

!

1.2.Choice of a model

¥

1.3.Evaluation of the model
criterion

!

1.4.Determination of minimum
increase of the criterion

¥

Stage 2

v

Stage 3

¥

Stage 4

[

Figure 2.Choice of criterion and model

Determination of the optimization potential
The second stage of the procedure provides ford#tailed knowledge of the
selected model behaviour (see Figure 3). At theinbégg of the stage in
collaboration with biologists, all model parametéhnat can be modified at the
current microbiological technology development stagre selected. Further
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optimizations will be carried out with the respeetiparameters. Then the
optimization process follows, during which a numbgtests are conducted to see
if the chosen model with the specific modified tg@ts can achieve the
minimum criterion increase established at the mmewvistage. In the case of

positive response optimization is continued, otligsevthe model or criterion must
be changed.

Lo o)

| Stage 1 ]

2.1.Determination of variable
parameters

| 2.2.Optimization process |

2.3.Minimum increase
of the criterion
reached

2.4 Value close to the
global optimum
reached

2.5.New model or
criterion can be
applied

2.7.Determination of the
optimization potential of the
chosen criterion

S

I Stage 3 |
2
I Stage 4 |

Figure 3.Determination of the optimization potential

Ranking variable parameter combinations by efficiecy
The task of the third stage of the procedure iBni the most effective variable
parameter combinations in a case of specific nurobgariable parameters. The
efficiency is understood as the ability of variabfmarameters or their
combinations to improve the optimization criterieelue. Greater increase in the
optimization criterion corresponds to a higher @éfincy. It is assumed that
implementation of variable parameter concentratbanges in every reaction at
genome level costs equally (in the procedure mogeige sums can also be taken
into account). At the same time it is clear that dffect of various reactions and
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their combinations on the optimization criterionvisry different. Therefore, the
combination of variable parameters with the minimymssible number of
variable parameters must be found, which couldnosst of the total potential of
the researched process already set in step 2.TertDmation of the optimization
potential of the chosen criterion” (see Figure 4).

| Stage 1 |
v

I Stage 2 |
v

3.1.Determination of individual

efficiency of variable parameters

———————— by

3.2.Ranking of variable parameter

combinations by increasing their

number in the combination by one

v
3.3.Data saving of the best
variable parameter combination

.4.The increase in a
number of variable
parameters in the
combination is
profitable

I Stage 4 I

Figure 4.Ranking variable parameter combinations by efficiecy

The result of applying method for evaluating themaéning range of the
optimization potential can be assessed also inr€i§uoptimization was stopped
at seven variable enzyme concentration coefficiviECC) in a combination as
the remaining range of optimization potential wast sufficient for gaining
economic benefit in biotechnological production qass. As a result, it was
found that it is not worth analyzing 16,384 combtiimas (a case of searching all
combinations), thus considerably reducing the amoéifeasible work and time
consumed.
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Figure 5.Application of method for evaluating the remainingrange of the
optimization potential for reducing the number of @wmbinations to be
analyzed

Analyzing the application of solutions

Analyzing the application of the found solutionslaaxperimental testing of the
final obtained parameter results of the optimizatmrocess into production is
carried out in Stage 4 of the procedure (see Fig)reDuring Stage 4 it is
verified, if the found solution not only shows tégistence of a steady state, but
also is sufficiently stable for implementation witfie production facilities at a
reasonable cost. In addition to this, it must beifieel if the steady state
parameters (concentration of substances, temperapit values, etc.) are
feasible.
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Figure 6.Analyzing the application of the found solutions

4. ANALYSIS OF THE CRITERION VALUE CONVERGENCE DURI NG
STEADY STATE OPTIMIZATION EXPERIMENT

Numerical optimization during solving of the applion example appears as the
most time-consuming process with ambiguous rediiis to the fact that the
numerical methods only converge to the global optimthe value of which is
unknown. Duration of the optimization experimenth cange from a few minutes
up to 60-90 hours for a model with a few tens afctns (Nikolaev, 2010). In
practice it means that during optimization it ig olear at what point to stop the
optimization process considering that the substhimiprovement of the criterion
value is not expected. Since there are many opdiioiz methods available, and
each of them tend to have parameters which, if gbdnaffect their efficiency,
the application of methods, the rate and stabdityheir convergence are very
important factors influencing efficiency of the opization procedure.
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Convergence analysis tool ConvAn

It is concluded based on the experimental dataritbestin the chapters of PhD
thesis that the convergence of the optimizatiotegan is difficult to predict and
the tools for its statistical analysis are requiMtithin the framework of the PhD
thesis the concept of a tool was developed andifural requirements were put
forward. In collaboration with Andrejs Kostromins software tool ConvAn
(Kostromins et al., 2012) with the following funmtiality was developed:

» optimization data storage, editing, deleting;

» registration of optimization methods;

» profiling based on the optimization conditions;

* comparison of optimization methods on the same itiond;

» analysis of a specific method under various coodgi
The name of convergence analysis tool ConvAn is emafl English words
Convergence analysis. ConvAn tool is an open-access software
(http://www.biosystems.Iv/convarthat runs on Windows and Linux operating
systems (see Figure 7).
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Figure 7.Comparison of ConvAn tool methods in maximization ask

Input parameters of convergence analysis tool (Bahare a two-vector matrix
where one vector is the optimization time and teeosd vector is the best
criterion value of the solution at that moment. Taga on the model (number of
species, number of reactions, number of comparishesrtd the parameters of the
optimization task (number of variable parametemiable parameter range /
number of possible values) are entered as addititaia.
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ConvAn output parameters are data on the stafiste@luation of the
convergence rate in the specific model for the iadpbptimization method.
These data can be used for analyzing convergenwamygs of other optimization
experiments. Also the suitability of the optimizatimethod and its parameters
can be evaluated with regard to solving the pagidiask.

CONCLUSIONS

The main PhD thesis results
A steady state optimization procedure of biochetmedwork computer models
is developed for improvement of biotechnologicabdurction starting from the
setting of optimization criteria up to justifiedc@mmendations for production
experiments.

1. Optimization technology and procedure of biocheniceetwork
computer models are analyzed.
Each optimization procedure of biochemical netwardmputer models
proposed by other authors contains only part ofaitténs required to reach
the recommendation for the best solution from thpreach to the task at
biotechnological production improvement level.
There is no optimization procedure of biochemicativork computer models
for biotechnological production needs, which takes account the integrated
interdisciplinary collaboration that would allow us consider the timely
suggestions or limitations provided by various ekgeoups, and to discard
solutions unacceptable by one of the expert graupthe non-perspective
solutions.

2. Steady state ptimization procedure of biochemiatwork computer
models is developed.

The developed steady state optimization procedéifgicchemical network
computer models consists of four successive stagesce of criterion and
model, determination of the optimization potentrahking variable parameter
combinations by efficiency and analyzing the amlan of solutions. The
sequence of actions is chosen by the principleh sabsequent step in the
procedure is the best by criterion a maximum amaofitthe new information
by executing a minimum of actions.

3. Groups of experts involved in the optimization pdere
interdisciplinary  collaboration are determined anthtegrated
collaboration references are developed.

Three groups of experts are involved in the optatidn procedure: biologists,

modellers, and industrialists (various represevdati of a production
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company). The developed biochemical network opttnin procedure
incorporates references both on groups of expevidved in making various
necessary decisions during execution of the praeeaiod their tasks.

4. The possibilities are determined for eliminating niperspective
optimization parameter combinations in order toetgm@ate analysis of
admissible solutions.

Method for evaluating the remaining range of théirjzation potential is

developed for discarding non-perspective combinatiof variable parameters

to be analyzed in cases when there is no reasoanfalyzing the remaining
potential improvement due to economic reasons.

5. Factors influencing dynamics of the steady stataxipation criterion of
the biochemical network models are determined.

In solving steady state optimization tasks of barfcal network models the

most of the popularity is gained by global stocttastimerical optimization

algorithms that are universally applicable regaslleof the model

characteristics and the type of nonlinearity.

The convergence rate of stochastic global optindraimethods and the

reaching of global optimum depend both on the numbg variable

parameters and the chosen variable parameterseircdbe of a constant

number of variable parameters, and on the chostmiaption methods.

6. A tool for dynamics data processing and analysihefbest steady state
optimization criterion value of the biochemical wetk models is
developed.

A tool ConvAn is developed for evaluating and f@sting the optimization

convergence rate. Multiple optimizations with ideat initial conditions are

evaluated by statistical methods. The convergeatebased on the analysis
is predictable for an equivalent model using theesanethod. ConvAn can be
used in evaluating and forecasting the convergeate of the optimization
criterion both in the cases of parameter evaluatiwhdesign tasks.

7. Operation of procedure is demonstrated by justifyfiacommendations
for industrial production of ethanol from glucosging the baker’s yeast
(Saccharomyces cerevisiae) glycolysis model.

The coefficients for changing enzyme concentratiomsseven reactions

allowing for changes in the range 0.01 to 11.0dmeeloped for the baker's

yeast Baccharomyces cerevisiae) glycolysis model created by Hynne after the
execution of the optimization procedure (Hynne let 2001). Manipulable
reactions and their coefficients (in parenthesea®) @ follows: Glucose

Uptake (11.0), Hexokinase (2.73), Phosphofructaené?.02), Pyruvate

Decarboxylase (5.93), Alcohol Dehydrogengd44.0), Storage (0.01), and
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ATP consumption (11.0). The model predicts thagraihtroducing changes
the Ethanol Flow increases from 0.80 to 2.05 mmiol/lout Glucose Uptake
increases from 0.83 to 1.12 mmol/min, and the foilty side products are
reduced: glycerol from 0.085 mmol/min to 0.028 mimh, acetaldehyde
from 0.065 mmol/min to 0.021 mmol/min, and cyanidem 0.020 mmol/min
to 0.007 mmol/min. In the result, both the prodyieid of substrate unit is
improved from 0.97 to 1.83, and ethanol yield réased 2.6 times.

Conclusions and development prospects
While the number of biochemical models and thekesincreases, the model
optimization procedures continue to develop, whaostly the stochastic global
optimization methods are applied due to their ndft quick and safe
convergence properties. These methods may be cethhiso in hybrid methods,
where there is a shift from stochastic global méthto local methods and vice
versa.

The dynamics of biochemical network reactions icase of biotechnological
production tasks is a separate class of tasks olingar differential equation
systems that can be described by a limited numbegueation types and solved
with the help of a precondition of the steady stadistence.

The choice of a suitable optimization criterioraicase of the design task is made
iteratively in collaboration with biologists, desigys, and industrialists, and
depends not only on economic and technologicabfadbut also on the model
size and its characteristics.

The ranking of variable model parameters in a cafethe steady state
optimization of biochemical network models is laggbehind by efficiency from
the ranking of combinations of variable model paztars.

The developed combined method for ranking a largenber of variable

parameters offers both to use analysis of all caatiins, if the number of
parameters in combination is small, and to movehéoranking of parameters by
searching the best parameter to be involved inntis¢ combination from the

remaining parameters. Such approach can not geardimding of the best

combinations for a larger number of parameters,theitresult can be achieved
within a reasonable time. In the case when a nummball combinations is small

or there are enough resources for testing all plesstombinations, all

combinations must be tested.

The convergence rate of stochastic global optingratnethods and reaching the
value close to the global optimum under conditioh® constant model, initial
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conditions and optimization method settings mayedepon the number of
variable parameters, their properties, and thearthogtimization method.

In a case of the total optimization potential, ajfiag 15 enzyme concentrations
by using the optimization procedure, there is acsssful increase in ethanol
productivity from 0.80 mmol/min to 2.27 mmol/min cairan improvement of
product yield of substrate unit from 0.97 to 1.8/d a reduction of the following
side products: glycerol from 0.085 mmol/min to G®mol/min, acetaldehyde
from 0.065 mmol/min to 0.005 mmol/min, and cyanidem 0.020 mmol/min to
0.002 mmol/min.

Several directions can be highlightedatsire development prospects

1. Develop criteria for terminating the optimizatiexperiment using
global stochastic methods based on the statist@ahlysis of
convergence dynamics of several parallel optinmizesti

2. To analyze variable parameter combinationsftavace product must be
developed that would automatically perform testiofy all possible
combinations and their ranking by efficiency forrieas number of
variable parameters using optimization criteria terminating the
experiment and discarding non-perspective solutims®ed on the curves
of average convergence dynamics.

3. Look for the opportunities to test the devebbpecommendations for
changing enzyme concentrations in biological expents.

4. Compare the optimization methods available pemaccess software

products by the best solution of convergence dyesmsing ConvAn
tool.
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