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SUMMARY

Lignin is a natural polymer that is interwoven with cellulose and hemicellulose
within plant cell walls. Due to this molecular arrangement, lignin is a major
contributor to the recalcitrance of plant materials with respect to the extraction of
sugars andheir fermentation into ethanol, butanol, and other potential bioenergy
crops. The lignin biosynthetic pathway is similar, but not identical in different plant
species. It is in each case comprised of a moderate number of enzymatic steps, but
its responsetd manipulations, such as gene knaltkvns, are complicated by the

fact that several of the key enzymes are involved in several reaction steps. This
feature poses a challenge to bioenergy production, as it renders it difficult to select
the most promisingombinations of genetic manipulations for the optimization of
lignin composition and amourifloreover, species specific regulatory features and
distinct spatial and topological characteristics hinglsguracyof a unified lignin
pathway modelln this dissertation a systerhflogy approach is used amdress

these challengs by means ofcomputational modelingNovel mathematical
techniquesare employedn different types oexperimental datan situ, and shed

light on complexities of lignin bisynthesis pathwaylhe developed methods are

XiX



nevertheless general enough to be used in a wide range of metabolic modeling

applications.
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CHAPTER |

| ntroduction?!

1.1 Background

About 440 million years ago plants started to leave the oceans and inhalpi, I8jnd he
emergence of lignin during this time was an adaptation to the new environment and,
specifically, a response to gravity and to limitations in accessing watenelhéfe also
demanded plants to store water and develop systems of water transfer. The plant
furthermore needed to grow in height in order to have enough access to sunlight and
oxygen. Plants ultimately accomplished these multiple tasks through theim xyle
structures, of which lignin is a key constituent. Lignin is a phenolic polymer that is woven
around and between cellulose and hemicellulose within the secondary cell wall; it provides
strength and facilitates water transfer in plants. A consequencesefsignificant benefits

for plants is that lignin is very difficult to decompose, because it is an irregular polymer
that contains aromatic rings. This resistance against decomposition and digestion is known

as recalcitrance It is arguably the most imp@ant barrier to industrializing second

1 Some of the material in this chapter is excerpted ftom Faraji, M., L.L. Fonseca, L. Escamila
Trevifio, J. BarroRios, N. Engle, Z.K. Yang, T.J. Tschaplinski, R.A. Dixon, and B/@Qit, Mathematical
models of lignin biosynthesBiotechnology for Biofuels, 2018.1(1): p. 34, 2.Faraji, M. and E.O. Voit,
Improving Bioenergy Crops through Dynamic Metabolic ModeliRgocesses, 201/(4): p. 61, 3.
Faraji, M., L.L. Fonseca, L. Esga tTlrae vi T o, R. A. Di Camputatiomah d E. O.
inference of the structure and regulation of the lignin pathway in Panicum virg&iatechnology for
Biofuels, 2015.



generation biofuels, and in particular the production of ethanol from inedible plant parts as
sustainable and affordable biofuels, because recalcitrance necessitates additional treatment
steps, such as hot acid or aomia baths, to loosen the lignin struct{8e8]. These steps

require time and expense and therefore reduce feasibility and cost effectiveness. Moreover,
most of the pretreatments are not environmentally frief@lyL0]. Outside the biofuel
industry, recalcitrance affects forage digestibility, and progress toward reducing
recalcitrance could have a significant impact on the cattlesheep industrj11]. While

lignin is an obstacle to bioenergy production, industries associated with textile production
and the synthesis of organic compounds have identified lignin aduable starting
compound fomovel processes and are interested in maximiinbhus, both increases

and decreases of lignin biosynthesis are of potential importance.

1.2 ReactionSystemof Lignin Biosynthesis

Monolignols the end products of the lignin pathwaye themainprecursors othelignin
polymer.The traditionally acceptegkeneridignin biosynthesis pathwag shown inFigure
1.1by grey arrowsThe different end productp;coumaryl alcohol, coniferyl alcohol, and
sinapyl alcohqlare precursors of H1G- and Slignin, respectively Once biosynthsized
in the cytosol theyaretranslocated tahe cell wall where theypolymerizeto form the
lignin polymer[12]. The pathwaypranches gi-coumargl- CoA to provide S and Bgnin
precursors, anthe downstream compourdniferaldehyde is the branch poiatere the
pathway splitstowards G or S-lignin. The grid-like structure of thepathwaysystem

includes several parallel reactions that are ca¢al\by the same enzyman example is



the conversion gb-coumaryl aldehyde tp-coumaryl alcohol, conversion coniferaldehyde

to coniferyl alcohol and conversion of sinapaldehyde to sinapyl alcohol that are all
catalyzed by CADHowever, depending on thé&apt species there aaelditionalor absent
reactions, regulatory mechanisms or spatial characteristics thattheglignin pathway
distinctfor the particularspeciesor, presumably, group of speciddgurel.l illustrates

such structural differences Medicagg switchgrassthe model planBrachypodiumand

Populus

cinnamic

== phenylalanine HI: acid

C4H 1
g ) p-coumaric p-coumaroyl- p-coumaryl p-coumaryl . o
5> tyrosine TAL acid 4o CoA Cor  aldehyde oD alcohol » Hlignin
HCT 1
p-coumaroyl
shikimate
C3H C3H 1
caffeoyl
shikimate
CSE )
HCT §

caffeic acid = caffeoyl-CoA caffeoyl-CoA
4CL CCR

COMT CCoAOMT 1 COMT

ferulic acid feruloyl-CoA — coniferaldehyde = coniferyl alcohol ==> G lignin
4CL v CCR v CAD v 9

F5H 1 FS5H 1
@® Putative pathway
. 5.0H- 5-OH-coniferyl o
Medicago coniferaldehyde alcohol == 5H lignin
switchgrass
COMT
@ Brachypodium 1 COMTl
Populus sinapaldehyde as sinapyl alcohol > s lignin

Figure 1.1 Putative lignin biosynthesis pathway with identification of speciespecific
reactions.Generic reactions, mainly from studies in the matigbt Arabidopsis thaliana,

are shown in grey. Other enzymatic reactions are color coded based on the plant species
where they were documentédulticolored arrows represent reactions present in more than
one species. PAL phenylalanine ammelymse, TAL tyrosine ammonilyase, C4H
cinnamate hydroxylase, C3H goumarate v y d r o x y | ace®wnaroyCsBikijrate p
3-hydroxylase, COMT caffeic acid @ethyltransferase, F5tdrulate 5hydroxylase, 4CL
4-coumarate:CoA ligase, HCT hydroxycinnam@dA:shikimate hydroxycinnamoyl
transferase, CCoAOMT caffee@oA O-methyltransferase, CCR cinnamd&ybA



reductase, CAD cinnamyl ahbol dehydrogenase, CSE caffeoyl shikimate esterase.
Interestingly, somenonocots, such as Brachypodium and maize, do not have CSE ortholog
genes. Dashed arrows are currently considered less efficient metaaghions in vivo
Adapted fron{1].

1.3 Significanceand Rationale of Research

Numerous attempts have been made in recent times to manipulate the lignin awhtent a
composition in candidate plants for biofuel production. Many of these studies relied on the
assumption that the lignin biosynthesis pathway was knowafficient detail However,

this is not necessarily the case, especially in understudiedgpaaies, and the precise
pathway structure is often unclear and requires dedicated research for such species. For
instance Selaginella moellendorfindMedicago truncatuldave basically similar lignin
pathways, which however differ in some of their rbetac branch points as well as their
enzyme propertiegl3-15]. Beyond the topological structucé any of tlese pathwayst

is not surprising that different species have evolved distinct regulatory control patterns.
The immediate consequence of such discrepancies for the biofuel industry is that the direct
extrapolation of knowledge, methods and treatments fsamnspecies to another is not
alwaysvalid. Moreover, it is well known that pathway systems are highly nonlinear and
difficult to predict with intuition alone. A feasible strategy is therefore to employ

computational approaches of systems biology andbuktaengineering.

Both the amount and composition of lignin are thoughbe correlated with the
hardness as well as the recalcitraatstructural plant materials. It is therefore important

to the production and manipulation of bioenecggps tounderstand the details of lignin



synthesis anthe deposition and polymerization of monolignols in phent cell wall. In
particular, the question arises whethieis possible and feasible to intervene in the
phenylpropanoichathway of lignin biosynthesiin a targeteénd effective manner, for
instance through gene knockdownsThe answer to this question is evidently
preconditionedon detailed knowledge of this pathway and c¢tntrol in situ. This
knowledge in turn requires differetyjpes of biologichdata and, in cases where these are
difficult to understand, the use of computational motieds$ are capable of integrating
small or large datasets tife same or different types and explaining observatiuatsare

sometimes unexpected.

The design of @table models foa complex pathway such as ligtiimsynthesiss
nottrivial. First, it is generically unclear which mathematicgpresentations are optimal
for describing a naturalystem. Second, one cannot be sure that informatioiata from
one peciesarevalid in another species, even if the two are closely related. Simiigarly,
has been shown many times that data obtaimedtro are not necessarily applicabte

vivo[14-18].

At the same time, specispecific experiments are tintensuming and expensive.
Mechanistic models based enzyne kinetics seem to be an intriguing choice, biias
been shown that mechanistic models are not alvgaypsl solutions, for instance, if
parameter values anehzymatic rate laws are based on strong assumptionguilke
reactivity that are not necessarggtisfiedin vivo [16]. An alternative that was recently
proposed is theharacterization ah vivolike kinetics[17], which howevers costly and
time consuming and would still requirextensive validation, which is seldom truly

achieved[16]. An addtional challenge for the design ofodels is the scarcitgf high-

2



quality, quantitativedatafor model desigrtesing and validation, which pose significant

obstacle to all analysgesspeciallyof relatively understudied species.

The objective of my dissertation research tierefore to analyze the lignin
biosynthesis pathwagf different plant speciewith computationalmeans of systems
biology. The analysis is based different dataset Most of them comdérom stem and
tiller tissueand contain measuremerdf the lignincontent (H, G and S lignin) and the S/G
lignin ratio inwild type and intransgenic linesAdditional information exists in the form
of labeling data that were obtained from feeding pléadteled precursors of the lignin
pathway.Theoverall strategy of this dissertation waskio develop computational models
that characterizéhe structure and regulatory control patterns of ligrnosynthesisat a
systemic levein select key pant spesi&Similar to any other modeling efforhétwo main
steps of this strateggre, first, to explain the experimentasults from wild type and
transgenic lines andecond, to devise a rational basisgoescribingnanipulaions ofthe

pathway towardlteredlignin content and composition

1.4 Dissertation Overview

The dissertation includes seven chapt®edow is an overview of each chagiesontent.

Chapter |, as already presented, provides the background, motivation for the

research and the significamof a computational approach.

Chapter Il discusses computational metabolic modeling in bioenergy crops and

presents a comprehensive review of the literature on mathematical frameworks and



approaches employddr analyzingplant metabolic pathwayblext, mathematical models
of lignin biosynthesis pathway airevestigated witla specifidocus on data needs for such

models Several case studi@fustrate computational analysesesch data type.

Chapter Il covers a computational model thfe lignin pathway in switchgrass
(Panicum virgatury) which the Department of Energy considers a most promising species
for bioenergy The model is constructed based on experimentaltdatanclude lignin
content and composition from wild type and transgenic pldite focus of this model
design are the topologyf the pathway ands regulatory mechasms Model validation
and predictiorof lignin profilesin doubleknockdownsare assessed the second half of

the chapter.

Chapter IV presents a computational de of the lignin pathway in
Brachypodium distachyerwhich has become an important model species in lignin
researchThe model ans to answerintriguing questions regardingC-labeling
experimentssuggeshg that two distinct pathways from phenylalanin@datyrosine
facilitate thedifferential incorporation ofabeledphenylalanine and tyrosine in different
lignin units. The puzzling aspect of this scenario is that the two pathways use some of the
same intermediate metabolites.two-compartment modek proposedhat extends the
model constructed in Chapter Il by includirspatial characteristics of the pathway
Labeling data in wild type control plants are used to construct a static thatisl able to

explain the distinct incorporation of phealdnine and tyrosine in different lignin units.

Chapter V presentsaa novelmethod of stepwise inference of likely dynamic flux
distributions from metabolic time series dd@od-quality, high-resolution metabolic data

are becoming more readily availahlso this methodis timely, as it uses minimal

4



assumptions while offeringn effective approach to estimag flux magnitudesin
metabolic pathwagystems. The method is demonstratedeédormwell in a case study
targeting an artificiablatasetand a pativay that closely resembles the lignin pathway in

switchgrass.

Chapter VI discussesraunprecedentedonparametric dynamic method to model
metabolic pathways he rationale for this method is the fact that the choice of the optimal
mathematical formalism for representing enzymatic reaction dixes and the
parameterization aheresultingmodel are among the most challengeyd biasedteps
in any modeling effort. Nonparametric dynamic maatgtircumvents these two steps by
replacing the closetbrm flux formulationin a typical dynamic modelith look-up
libraries thatare established beforehabdsed orseries of time seriedata The result is
an essentially unbiased modeling approach for nonlinear compartment systémaing

metabolic pathway systems

Chapter VII presents a summary asdnclusion of the resezh results obtained in
this dissertatiomnd discusses futukeork that may be based dhe modelsand methods

developedherein



CHAPTER I

Improving Bioenergy Crops through Metabolic Modeling and

Mathematical Models of Lignin Biosynthesig

2.1 Introduction

Crops have been cultivated, bred, and improved for thousands of years, and some
successes have been astounding: a modern corn cob weighs between 1 and 1 ¥z pounds,
whereas its early predecessor, the ancient Latin American grass teosinte, had an average
fruit weighing about 35 gramd9]. Achieving this 26fold increase took about 8000

years.

In contrast to food @ps, bioenergy crops have not been investigated for very
long, if one ignores the burning of wood and other organic materials. Due to its relative
youth, research on bioenergy cropas the immediate advantage of a rich body of
genetic and metabolic infomtion. Furthermore, millions of dollars in tax incentives
and subsidies reflect the determination of many countries around the world to advance

the use of sustainable bioenergy products, wean the world off its dependence from fossil

2 The material in this chapter has been published.as: Faraji, M., L.L. Fonseca, L. Escamila
Trevifio, J. BarroRios, N. EngleZ.K. Yang, T.J. Tschaplinski, R.A. Dixon, and E.O. Véftathematical
models of lignin biosynthesihid.2018.11(1): p. 34, 2. Faraji, M. and E.O. Voit, Improving
Bioenergy Crops through Dynamic Metabolic ModeliRgocesses, 2013(4): p. 61.

6



fuels, and reduce grekouse emissions. As a consequence, genetic and metabolic
engineering have made the production of ethanol, butanol, and fatty acids from corn or
sugar cane, competitive. As an example, in September 2014, three plants in lowa and
Kansas started commercialoptuction of cellulosic ethanol with an annual raop
capacity of 80 million gallons. While impressive, this amount constitutes only a fraction

of the federal call for 1.75 billion gallons per year in the U.S.

The lowhanging fruit of using sources likermois in direct competition with the
supply of food product s, and it has becor
generationo bioenergy from other plant mat
new type of biofuel research is sometimes calfied d v gon cleelc ause it re
lignocellulosic materials whictby and large, correspond to inedible plant parts, such as
corn stover, pine bark, grasses, and wood chips. In parallel, algae have been studied

extensively, but so far, with little econonsaccess.

The challenges associated with exploiting these plant sources are manifold, but
often converge to two overarching issues. First, the energy is stored less in concentrated,
easily accessible sugars and more in woody substances that are diffifenfhémt; we
will discuss this aspect later. Second, plants are enormously complex, which is in part
due to large numbers of constituents, and their interactions. As an example, some species
of Spruce Piceg) are predicted to possess between 50,000 aldd6@ene§l 9], which
is between two and three times the number of human g@0gsThis large number of
genes presumably reflects considerable redundancies, metabolic plasticity, and
numerous stress response mechani sms, whi ch

lack of mdility, and result in distinct differences to animal physiol$8¥, 22]. Whereas
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the human metabolome library (HML) lists slightly more tha/®0D different
metabolites in humari22], the numier of metabolites in the plant kingdom is estimated

to lie somewhere between 200,000 and 1,000]@325]; indeed, the width of this
range alone indicates how little of plant metabolism we truly understand. Of course,
plants also contain uncountgdoteins and structural elements, which all contribute to
their survival, but also impede attempts of targeted alterations. Collectively, these

features render genetic and metabolic engineering of plants very challenging.

Nonetheless, new gene editing teijues, for instance, based on clustered
regularly interspaced short palindromic repeats (CRISPR) and CRa&S&dtiated
protein 9 (Cas9), have found their way into plant breedl#@). The first applicions
targetedArabidopsis tobacco, rice, and whef7-29], but numerous other species have
followed (e.g, [30-32]). These experimental advances are directly pertinent for future
crop modeling, as they permit modifications that were considered impossible just a few

years ago.

A particular, additnal challenge associated with plants is that primary and
secondary metabolism are ti gchotolrydilnianlkadd
expression networkg33]. This tight coordination may explain whyt is not
straightforward to identify and tweak only certain processes of interest, because many
processes are possibly affected and robustly compensated. Adding to these
complications is the fact that plant cells are highly compartmentdl82e®5], and that

metabdite turnover occurs over a wide range of rgtéq.



Another very challenging feature of plants is their polyploidy, that is, the
existence of several copies of their chromosomes, which obviously makes targeted
alterations cumbersome and complicates essentially all gene manipulations, even if the
methods andechniques are routine in microbes. Polyploidy is particularly important for
crops, because it offers the opportunity of modifying traits and lineg@#sIn fact,
polyploidization is found in many modern crops and wild species, including cotton
(Gossypium hirsutunmtobacco Nicotiana tabacury) wheat Triticum aestivurjy canola
(Brassica napus soybeanGlycine mak, potato Solanum tuberosumand sugarcane
(Saccharum officinaruin For instance, bananas are triploid and potatoes tetraploid,
while wheat is hexaploid and sugarcane octop[&8. Polyploidy can be extreme:
members of the genuphioglossunof adder'stongue ferns can have very high
chromosome counts, with possibly up to 720 chromosomes, due to polyp839dy
Further conplicating the large numbers of chromosomes is the fact that some plants are
alloploid, as they evolved or were bred through the hybridization of different species.
An important example is the genBsassica which contains cabbages, as well as
cauliflower, broccoli, turnip and seeds for the production of mustard and for canola oil
(cf.[40]). Polyploidy can be traced back far within the phylogef a species. As just
one example, there is strong evidence of polyploidy through breeding that can be seen
in the long history of rice cultivation, where massive gene duplications have occurred
since ancient times. The result is an estimated courtlefat 38,00040,000 genes in
rice, of which only 23% are unique to any two rice subspecies, such

asindicaandjaponical[41]. It is, at this point, unclear what the ramifications of



polyploidy for modeling might be, but it is clear that both experimental and modeling

approaches have to grapple with this key issue of crop manipulation.

Faced with the challenges and the enormous diversity of plants, the plant and
crop communities have ba focusing primarily on a number of model plants. Some of
these, notably riceryza sativy, maize Zea mayys soybean Glycine may, tobacco
(Nicotiana tabacur alfalfa (Medicago truncatuly and black cottonwoodPEpulus
trichocarpa), are food, feedyr potential energy sources, while others, Wbidopsis
thalianaandBrachypodium distachyonhave features that greatly facilitate their
investigation, such as relatively small genomes, fast growth, and diploidy instead of
polyploidy.

Within this conext, most improvements in crop production have come from
experimental metabolic engineering research, which has been model free in the sense
that new plant alterations were guided by biological intuition. This approach has been
very successful in many irestces, but one should expect it to run into problems as soon
as large omics datasets become a standard in crop science. These datasets are very
valuable, but they are also so immense in size that they cannot be comprehended by the
unaided human mind, aneéquire sophisticated computer algorithms for analysis and
interpretation; a review by Yuast al.[22]di scusses this need for
with traditional plant systems biology. Yet, even modern machine leameétgods of
analysis are not sufficient by themselves. These methods are designed to filter
information from noise and mine patterns from data that the unaided human mind cannot
comprehend, but they rarely suggest mechanisms or provide explanationsalgspeci

with respect to the dynamics of a system under study, and if this system is nonlinear,
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due to regulation, synergisms, and threshold effects. Thus, if the goal of an investigation
is an explanation of why a system behaves the way it does, or a peddttsystem
responses under untested conditions, intuition and statistical data analysis alone are
susceptible to failure in the complex world of plant physiology. They need to be
complemented with dynamic systems modeling, which is a rather new subject i

bioenergy research.

Among the relatively few recent mathematical modeling efforts in the field of
crop research, many studies have focused on photosyntaggifA2-49]), on pathways
of general importance, such as the TCA cyd®.([21, 47, 50-52]), or on specific
pathways that are gbarticularindustrial interest, such as flavonoid and isoprenoid
metabolism (see reviey&2, 35, 53, 54]). By contrast, metabolic modeling for proved
plant biofuels is still relatively scarce. Nonetheless, considering the complexity and
variability of plants, the utilization of methods of computational systems biology
appears to become an increasingly rational strategy toward realizing ecormpmical
feasible bioenergy production, and one might expect that computational modeling will

become a standard tool of guiding experimentation in the future.

Returning to the specific challenge of difficult access to sugars in inedible plant
materials, the focatmust shift to lignin, which severely impedes bioenergy extraction
from woody substrates. Except for cellulose, lignin is the most abundant terrestrial
biopolymer and accounts for roughly 30% of all organic carbon in the biosft#rét
is the main constituent of wood, and plays a vital role in terrestrial plant life, as it is the
key component of the water transport system in the plant xylem and thiegdant

structure and strength to overcome gravity. Chemically, lignin is an irregular phenolic
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polymer, whose hydrophobic nature not only facilitates water transfer from the roots,

but also blocks surface evaporation from stems and leaves.

Within the ell wall, lignin is physically entangled with cellulose and
hemicellulose molecules, and thereby severely limits the production of ethanol and other
bioenergy compounds by hindering the access of enzymes to these desirable
polysaccharides. It is also retsiat to enzymatic digestion antherefore, difficult to
remove from plant materials. The ultimate consequence of lignin in plant walls
is recalcitrance which summarily describes the resistance of plant materials to
fermentation. Recalcitrance has emergesl a major obstacle in the commercial
production of cellulosic ethanol and other bioenergy compounds, and has therefore
become a key target for bioenergy research. The complete elimination of lignin is, of
course, not desirable, but even a reductiongnifi content and/or certain changes in
lignin composition have been shown to improve ethanol yjéld7, 55, 56]. As a
consegence, the secorgeneration bioenergy industry has put lignin biosynthesis and
degradation into the spotlight. Specifically, one focus area has become the alteration of
the quantities and proportions of the three or more types of monolignols, which are the

building blocks of the lignin heteropolymer.

As an interesting side note, lignin is not always a problem. In fact, it is a true yin
and yang: on the one hand, it is an impediment to bioenergy production, but on the other
hand,it is a very intriguingorganic compound, and some recent industry efforts actually

target the harvesting of lignin as a valuable resource for a variety of chemical syntheses.
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Most efforts of altering lignin have been directed toward biotechnological
experimentation, and comptitanal modeling efforts are still the exception, although
they have emerged with increasing frequency. Examples include computational models
by Leeet al, who analyzed the pathways of lignin biosynthesis in pdplgrand alfalfa
[58], based on gene knockdown experiments. Weingl. constructed a kinetic model
of the lignin pathway from a large setiafvivo andin vitro measurementb9]. Faraji
et al. investigated the lignin biosynthesis pathway in switchgr&ssicum virgatum
[3], which was identified by the U.S. Department of Energy as the most promising
monocot plant for biofuel etmol. Other work in this field inclug460, 61]. A summary
of highlights from these studies is providedhe second part of this chapteas well as

in [1].

In the following, we first describe peesentative mathematical approaches that are
currently used for modeling crop metabolism and include a wide variety of techniques.
One should note that the physiological attributes of plants often translate into unique
mathematical constraints that requireevaluation of the details and underlying
principles of popular modeling formalisms. While discussing different approaches, we
highlight specifically the metabolic modeling of bioenergy crops. In terms of references,
we give preference to articles adslsang plant and crop systems, while keeping general

references to a minigm.

2.2 Mathematical Modeling Approaches for Metabolic Engineering in
Crops
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Significant improvements in food and bioenergy crops are very challenging, but the
enormous global scale afobile energy use, and the corresponding potential economic
benefits of even minor percent improvements in biofuel yield, are very attractive. As a
consequence, many attempts have been made to alter crops with traditional methods of
metabolic engineeringyhere the overriding goal is the targeted alteration of metabolic

pathways toward better yields in compounds like ethanol and butanol.

It is only recent that computational biology has begun to partner with
experimental biology in advancing and pushinghbendaries of rational crop science
[62]. Much of this work has focused on the model plant species discussed earlier, and
indeed, some comprehensive, musitiale models are availableatraddress these model
specieg56-58, 63]. Also, most of these models have an exclusive focus on sttatsy
operation, whereas dynamic modeling of bioenergy pathways is still in its infancy.
Baghalianet al [53], and Morgan and Rhodd85], provide excellent reviews on
modeling plant metabolism that describe prominent mathematical approaches in the

field.

Mathematical models for metabolic pathway analysis are manifold and driven by
the availability of data type$4]. They may be classified in two coarse categories. The
first uses steadgtate approaches, which have the two advantages that they are algebraic,
which renders large model sizes possible, and that they are relevant, as many systems
operateclose to a steady state. The second category contains dynamic models, which
are more realistic, and cover transients as well as the steady state, but are mathematically
more complicated. Outside these categories, the literature contains a few modets that a

stochastic, permit spatial considerations, and span multiple scales.
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2.2.1 SteadyState Modeling

Any modeling strategy is ruled by the availability of data, and plant metabolic modeling is
no exception. For systems operating close to a steady state, itheavaldd consist of
metabolite concentrations, and of the distribution of fluxes throughout a metabolic system.
Unfortunately, such data are seldom available, and the computational estimation of fluxes
has become one of the crucial steps in metabolic nmgdé€Dne basis for estimation is the
technique of*C labeling, which has become popular for metabolic flux characterizations,
and entails computational modeling for metabolic network reconstrud®nce]. In
particular, stoichiometric modelir{@7] has been widely applied to isotopic labeling data
[52,68-72]. In some cases, these methods have allowed the estimation of entire flux maps
[34], but most metabm flux models presently lack sufficient data and are
underdetermined. As a consequence, much effort in the field has been dedicated to
algorithm development and experimental techniques that try to infer flux values from other

data.

The estimation of flugs falls into two steps. First, one needs to determine which
fluxes are likely to exist within a particular metabolic system. This determination is usually
performed indirectly, namely through genome sequencing, which permits connecting a
genotype to an aervable phenotype by means of genemae metabolic reconstructions,
based on sequence comparisons with betwrtified organismg73, 74]. Once the
candidate fluxes and their associations with metabolites are established, the magnitudes of

all fluxes are to be determined. The guiding principle is that, at any steady state, the fluxes
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entering a metabolite pool must collectively be equal, in total magnitude, to the collection
of fluxes exiting this pod|75, 76]. The most prominent implementation of this concept is

flux balance analysis (FBA; see beloj¥)3, 77], which computes the flux distribution

within a metabolic pathway at a steady state, based on an assumed objective of the system,

such as maximum growth or some maximum flux.

Other steadytate approaches at the level of flux distributions are flux variability
analysis (FVA) 78], elementary mode anaig (EMA)[79, 80], extreme pathway analysis
(EPA)[79, 80], and metabolic flux analysis (MFA31]. One might also mention metabolic
control analysis (MCA)[82-85] in this category, as it was designed specifically for
assessing the control of flux through a pathway at a steady state. Pertingnbtidiase

approaches are presented below.

2.2.1.1 Flux BalanceAnalysis (FBA)

In typical pathway systems, the number of fluxes is greater than the number of metabolites,
because the same metabolite is usually involved in more than one reaction. As a
consequere, the stoichiometric matrix of a typical metabolic system is underdetermined
and infinitely many solutions are possible. To address this situation, FBA formulates the
system as a linear programing problem, where the solution of the underdetermined system
is a member of the solution space, and optimizes an objective function of choice, such as
maximal growth. The solution space itself is determined by linear constraints of the
problem, such as nemegativity and maximal magnitudes of fluxg&, 86]. FBA is a

simple, yet powerful tool that has been widely used to determine stestdyflux
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distributions. One caveat of this method is the choice of a suitable objective fiuitten
choice of maximal growth is often suited for microbial populations, but in mammalian
systems and in plants, where several pathways simultaneously share metabolites and

enzymes, selecting the right objective function is not a straightforward task.

FBA has been used successfully in plant and bioenergy research. For instance, Paez
et al. analyzed biomass synthesis Ghlamydomonas reinhardtinder different
COz levels[87]. Changet al. presented a genonseale metabolic network model of the
same oganism[88] using FBA and FVA. Employing a variant of flux balance analysis
that accounts for dynamics (DFBA), Flassgj al. [89) mo d e | e d-cardtdmes b
accumulation irDunaliella salinaunder various light and nutrient conditions. Because it
is to be expected that plants must satisfy several objectives, methods edbjedtive
optimization have been applied to metabolic plant modeling as an alternative {®6BA

91).

A somewhat problematic aspect of FBA is the omission of nonlinearities, such as
regulatory signals, which clearly operate in actual cells. While the FBA solution itself is
unaffected by regulation, any extrapolations to new situations, such as geneutsocin
be significantly influenced by regulatory signals, thereby rendering FBA predictions
guestionable. A second issue is the fact that plant cells are highly compartmentalized,
which complicates any type of modeling. In particular, one must queshether it is
admi ssible to merge dparallelo fluxes, us i
proceeding in different compartments. Experimental studies have shown that even within
the cytosol, spatial channeling of multiple enzymes can mimic pseudpartmental

behavior, without which some aspects of the dynamics of a plant cell cannot be explained
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[92]. Finally, it is unclear to what degree plant cells truly operate under {fjgtesady

state conditions.

An interesting variation of FBA is thmethod of minimization of metabolic
adjustmen{MOMA) [93], which characterizes a flux distribution that is altered due to a
mutation orintervention in relation to the corresponding FBA solution for the same wild
type internode. Expressed differently, MOMA focuses on the admissible solution within
the solution simplex that most closely mimics the wild type. Lee cwdbrkers used
MOMA to analyze data from knockdown experiments with genes associated with lignin

biosynthesis in alfalf§58§].

2.2.1.2 Flux Variability Analysis (FVA)

FVA is a constrairbased modeling variant of FBA. It addresdesweltknown situation

in linear programming (LP) that a problem has infinitely many solutions, because the
optimal solution is not one of the vertices of the solution simplex. This situatios arise
when the objective function is parallel to one of itfeconstraints. For such a case, FVA
determines the variability in each of the fluxes in the proximity of equivalent, admissible
solutions[78]. An unexpected merit of the method is that biological systems do not
necessarily operate truly optimally, and that it is hence important to explore flux
distributions in slightly suboptimal solutions as well. As a more conservative mé\ad,

may appear to be a better fit for the complex biology of plants than FBA.

Hay and Schwender employed flux variability analysis (FVA) to reconstruct the
seed storage metabolism pathway in oilseed rape (c@ralssica napus and to

characterize the chges in this pathway during seed developni@at95]. As one of the
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largest sources of edible vegkle oil in the world, oilseed rape is also a favored biofuel

crop. The authors were able to identify the differential roles of fluxes and their variability
under different nutritional conditions. Their results provide an interesting computational
validation of how metabolic redundancies can play a crucial role during the important

phase of seed development witkhe rapeseed life cycle.

In a different application of FVA, combined with FBA, Chaeigal. developed a
genomescale metabolic network model forthe microalga&Chlamydomonas
reinhardtii [88], to investigate the effect of light on metabolism. Their specific goal was to

create a prediste tool for an optimal light source design.

2.2.1.3 Extreme Pathway Analysis (EPA) and Elementary Mode Analysis (EMA)

Extreme pathways represent the structure of a pathway network as a linear combination of
flux pathways that act as the vector basis, in the sgriseear algebrg79, 80]. With this

setup, any steadgtate vector of the system can be written as a linear combination of this
basis. In a geometric interpretation, the extreme pathways are the lateral edges of t
admissible cone of solutions that is anchored at the origin. The extreme pathways are a
subset of the soalled elementary modes of the pathway system. In EMA- non
decomposability constraints ensure these elementary modes are genetically independent.
As a consequence, they can explain the links between the genotypes and the corresponding
phenotypes. Steuet al. applied elementary modes in their analysis of the mitochondrial

TCA cycle in plant§96)].

Extreme pathways are unique and irreducible sets of elementary modes. As such,

an important drawback arises when a pathway has many degrees oimirbedause the
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number of the elementary modes is equal to the degrees of freedom in the pathway. In such
cases, analysis of the system through the assessment of elementary modes becomes
cumbersome due to the combinatorial explosioadofissible routes ithe systenf97]. A

second limitation of the method that extreme pathways cannot always convert an input

into a desired product, although the elementary modes of the system allow such a
conversion[80Q]. Also, typical EPAs assume a predominant reaction for every reaction,
which is often, but not always a given. If the system contains reversible pathways, the
extreme rays of the solution cone may lose this property, and it may be preferablk to wor
with extreme currentsor to define different classes for reversible and irreversible fluxes

[98].

The main advantage of EMA/EPA is the following: in a metabolic engineering
problem, diagnostics of elementary modes and extreme pathwagssidt in designing a
scheme of multiple genetic alterations in a targeted manner. Specifically, an optimized
solution derived from techniques such as linear programing might provide a more desirable
numerical value for the objective of the problem whelpoptimal solutions derived from
EMA provide more biologically meaningful solutions, due to the synergy in the regulation

of the genes involved in the chain of reactions in each elementary mode.

2.2.1.4 Metabolic Flux Analysis (MFA)

MFA relies on labeling datayhich are usually generated with an experiment whi&e
labeled substrate is given to the system. After some while, the label distributes among the
metabolites according to the magnitudes of fluxes within the syst€ris a stable isotope

of carbon whib contains one extra neutron relativé40, the most abundant isotope of
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carbon. Hence, methods such as mass spectrometry are able to detect the level of isotope
abundance in different metabolites, which in turn, assists in the elucidation of tharfluxes

a metabolic pathway. The idea behind MFA is that measuring sufficiently many fluxes
leads to a substantial reduction of the degrees of freedom of a pathway, possibly to zero,
in which case, a unique solution is achievgB@. Although conceptually straightforward,

MFA is technically quite difficult, and measuring internal fluxes is still a challenge.
However, new experimental techniques asgected to provide us with the desired
information in the foreseeable futuf@9]. Roscheret al. discussed applications of
metabolic flux analysis in photosynthetic and +phrotosynthetic plant tissu¢$0(. The
comprehensive review by Dieuaitd®ubhani and Alonsfl01] covers MFA in plants, and

describes both experimental and mathematical modeling steps.

2.2.1.5 Metabolic Control Analysis (MCA)

MCA [82-85] was proposed specitily for assessing the control of flux through a pathway

at a steady state. Before MCA was developed, it was assumed that every pathway has a
ratelimiting step, which controls the flux through the pathway. The proponents of MCA
showed convincingly that #ne is seldom a single rdieniting step in a metabolic
pathway. Instead, the control of the flux is distributed, with different degrees of importance,
among many or all reaction steps. MCA addresses this issue by computing flux and
metabolite control cdécients, and elasticity coefficients, which coarsely correspond to
sensitivities, and may be derived from alleged functional forms of rate laws or direct

experimental measuremefi®?. A review by Rees and Hill discusses MCA specifically
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in the context of plant metabolisfh03. Gierschet al.[104] applied MCA to the system

of photosynthetic carbon fixato

2.2.1.6 Limitations of SteadhState Approaches

Steadystate modeling has the advantage of relative mathematical simplicity, and in
particular, the fact that no differential equations are involved. However, the restriction to
steadystate operation must be cathsied with some caution in plant and crop modeling,
as plants seldom truly operate at the same steady state throughout[Bte 8@\63, 100.

In particular, the dynamics of the ligllerk cycle is an important reminder of the Ron
steadystate operation of plantg52]. Parallel pathways, often occurring in several
compartments, add to the complexity of plant metabo|@#h Finally, the large range of

turnover times of metabolite pools may affect the validity of pure ststdy modelf43).

2.2.2 Dynamic Modeling

Dynamic modeling has the potential of capturing the complex physiologhafs more
accurately. Specially, kinetic models are, at least in principle, capable of simulating time
course data and permit a variety of dynamical analyses of metabolic pathways. However,
in comparison to steaestate models, dynamic models are moféadilt to analyze, and

require much more data support.
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2.2.2.1 Explicit Kinetic Models

The law of mass action is the basis for the earliest quantitative modeling of a chemical
reaction rate lay109. Kinetic massction models are widely used in metabolic modeling.

In plant metabolic modeling, an example is the work by Fetreg.[106], who developed

a modelof carotenoid biosynthesis in maize to identify effective genetic intervention
points. Baiet al. [107] used a mass action kinetic model to investigate the carotenoid
pathway in rice embryonic callus, and preEeel modeldriven metabolic engineering

strategies.

Rooted in the law of mass action, the first mechanistic kinetic models of
metabolism were based on the concept of the Helchaelis Menten mechanism and its
generalizations[108 109. The mathematical representations of the reaction steps,
according to these conceptsntain physical properties that are represented by measurable
parameters, such &max Kv, andK;[108 11(. Although these mechanistic kinetic
models are still predominaf®9], their underlying assumptions are seldom justified in a
living cell. For instance, these models implicitly rely on the homogeneity of the medium
in which the reactions occurhm ¢ h  d o e s n 0 tin vwoenwronmentwieacelln t he
For larger systems, the parameterization of mechanistic kinetic models becomes laborious,
expensive, and time consumiff], and the resulting measurements are often obta&ined
vitro, and may not be representative of enzyme kin@ticsvo [43, 111]. An additional
problem with mechanistic models is that it may become impossible to infer theiusgruct

if multiple regulatory mechanisms are involved in a readtidr?].
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The simplest rachanistic models of metabolism are over a century old, and
describe the kinetics of individual enzyme catalyzed reacfib® 109 113. A modern
example of their use within the context of bioenergy crops is the work oéiNdd 114,
which elucidates the carbon flow in plant cells, using a mechanistic kinetic model of starch
degradation. Starch is ofeat interest in the biofuel industry, as it is readily fermentable
into alcohol or other energy products. Waetgal. [59] constructed a kirtee metabolic
model of lignin synthesis in black cottonwod@opulus trichocarpg based on a large

array ofin vivoandin vitro measurements.

Uncounted variations and alternatives of the original Michiddienten concept

were developed over the yearsrgpresent more complicated enzymatic processes and
their regulation in an appropriate manner. These variants have been reviewed numerous
times[112 115 116, and are at described here much. Instead, we focus on more global
approaches that permit streamlined representations of entire pathway systems. As
alternatives to the original mechanistic models, several modeling frameworks have been
proposed as semmechanistic sategies that represent which variables affect which fluxes,

but do not dictate specific mechanisms. Examples include biochemical systems theory
(BST)[3, 18,57, 58], structural kinetic modelingl17], dynamic flux estimatiofl 1§ and

nonparametric dynamic modelifgl9, 120. They are briefly described below.

2.2.2.2 Biochemical Systems Theory (BST)

BST is a kinetic modelipapproach that uses powaw functions to model all fluxg4.21,
122. The core idea behind BST is that, in logarithmic space and close to an operating

point, a rate law is well represented by a linear function of the substrate(s) and regulator(s)
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of the reactiorf{123. Therefore, anultivariate Taylor linearization in logarithmic space

about the biological operating point approximates the often unknown kinetic process with
reasonable accuracy. In Cartesian space, éseltr of this approximation is a term
consisting of a rate constant and a product of pdawerfunctions of all contributing
variables, each raised to an exponent, called the kinetic order. Each exponent can have any
real value; it is positive for substest and activators, negative for inhibitors, and zero for
variables without direct effect on the flux. The powawr functions are easy to adjust for

any number of substrates or regulators, and BST has been widely used in a variety of
organisms. Leet al.used BST in a steaetate and dynamic flux characterization of the
lignin biosynthesis pathway Medicago[18]. Other examples of BST framework in plant

modeling arg 3, 57, 58, 124-131].

2.2.2.3 Other Dynamic Modeling Approaches in a Predefined Format

Thesaturable and cooperative formalidmas its roots in BST, but instead of presenting
the variables in each term with simple povaar functions, uses Hiltype functiong132.

Thus, every process is guaramtée saturate, and the accuracy of models in this formalism
is often higher than in BST. However, this improvement is paid for with a considerable

increase in the number of parameters.

Thelinear-logarithmic(lin-log) representation of enzyroatalyzed regtions is
closely aligned with the concepts of MCA and can be seen as the dynamic arm of this
formalism[133 134]. It represats all variables, reaction rates, and fluxes in relation to

their steadystate analogues. For very large substrate concentrations, the accuracy of these

25



models is superior to those in BEI3G, but for very small concentrations, the-log rates

become negative and approach Ji1R318hl8%Hh t he

Structural kinetic modelingecognizes the disadvantages of rate laws whose
mathematical formats cannot be justified on biological grounds, and assigns a local linear
representation at each point of a simulation. The system is first written in terms of the
Jacobian of the system,cthen the Jacobian is reconstructed such that its components are
either directly measurable or estimated. The resulting model is free of explicit functional
forms[117]. Steueet al.presented a structural kinetic model of Calvin cycle in chloroplast

stroma[117].

Dynamic flux estimation (DFE)Given the ceexistence of very many, very
different mathematical representations for metabolic processes, and the fact that none of
these are mathematically guaranteed to be correct, with the exception of a small range of
validity about an operating point, one might ask whether one can obtimpse) of true
representations directly from data. A related question is whether it is absolutely necessary
to specify functional formats before one starts modeling. DFE offers some answers to these

guestions.

DFE is a dynamic modeling approach that reggigood time series of metabolite
concentrations, and uses these to circumvent the initial need for selecting suitable
functional forms and their parameterizatiofisl. DFE does this by algebraically
isolating each flux, and deriving graphical and numericali Bubstrate relationships, in
the following manner. First, the time series data are smoothed, and the slopes of the time

courses are numerically estimated at m@ame points. These slope values are substituted
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for the derivatives on the leftand sides of the differential equations of the system. The
result is a large algebraic system of equations that represent the pathway at many time
points. This system is s@d, and the result is a set of arrays that assign flux values to time
points or to metabolites on which they depend. These results can be plotted, which reveals
flux representations that are presumably very close to the truth. In an independent second
step one attempts to represent the numerical flux representations with parametric
functions. In addition to being close to the truth, DFE minimizes compensation errors that
commonly arise in a simultaneous parametrization of systems. A drawback of DFE is that
its direct implementation would require a square stoichiometric matrix. However, several
procedures have been propo$&a0 138 141] to relax this assumption, which is seldom

true.Chapter 5 will detail one such method.

Nonparametric dynamic modef). When it comes to selecting the functional
format of rate laws in DFE, there is no silver bullet. Whether mechanistic or non
mechanistic, any rate law needs to be mathematically specified, and then parameterized. A
rare exception is the recently propdsnethod of nonparametric dynamic modeling, which
circumvents the need to select functional forms by deriving and utilizing their shapes
directly from time series dafd19. Chapter 6 Wi describe this method in detaiThis
method is a direct variant of DFE that uses the same initial steps, but then replaces the

choice and fitting of functional forms with loakp tables that were derived from the data.

Specifically, the lookup tablesare assembled from the flisubstrate relationships
that were established in the first phase of DFE. The information in theseipotaibles
consists of discrete points on curves or surfaces representing flux values throughout the

ranges of the experimehtane series data. The numerical solver for the otherwise typical
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ODEs is discretized, and uses the lagktables instead the clostatm rate laws to
calculate flux values at each iteration. Because the method depends so strongly on available
data, it 8 numerically valid only over the given experimental ranges and-blpse
Although the nonparametric character of the method might appear to be a limiting factor,
this type of dynamic modeling is surprisingly accurate and powerful. For instance, it is
possble to perform stability and sensitivity analysis, and to compute steady states from
nonsteadystate data. By its definition, nonparametric dynamic modeling is an essentially

unbiased approach that is almost free of assumptions.

2.2.3 Other Approaches: Stochastic, Spatial, and MultiScale Models

Stochastic model$lodels containing randomness have been studied for a long time within
the realm of statistical analyses of stochastic processes. In the context of plants and crops,
Hartmann and Schreiber anadg sucrose degradation using various formalisms, including
stochastic Petri net (SPN) simulations in pot&ol&dnum tuberosunil42. Wu and Tian
developed a stochastic multistep modeling framework to improve the accuracy of delayed
reactions[143, and applied their metdoto the aliphatic glucosinolate biosynthesis
pathway. One notable phenomenon in plants is the circadian clock, which has been studied
in detail in the bread moldeurospora crasspl44, 145. The review by Guerrieret al.

[144 presents examples of stochastic models that investigate the effects of intrinsic noise

in these circadian gthms (see alsfl47-149).

Spatial modelsThe importance of spatial assumptions in a plant metabolic model

was discussedarlier To capture the highly comgarentalized environment of plant cells
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demands a more detailed approach than is possible with the models discussed so far. A
good example in this category is the work by Bogart and MySis who constructed a
spatial model of a maize leave to explain its metabolic state in response to a developmental
gradient observed between base and tip tissue. The review by Sweetlove anfilBnie
gives an overview of spatial modeling in plants, and identifies experimental and
computational challenges that must be overcome before a realistic spatial or compartmental

model for plants can be achieved.

Multi-scale modelaViulti-scale modeling ishallenging because different aspects
of a system in space, time and biological organization require different degrees of
granularity. For instance, a model that includes a wide range of time scales suffers from
necessary compromises between high tempoeablution in detailed modules, and
coarseness at a higher level; it may also have problems with stiffness. By contrast, a model
focusing on a very narrow time scale might
Therefore, the ideal may be a hietacal hybrid modeling scheme, with an ensemble of
modules where each module covers a certain time scale, which often aligns with

corresponding spatial and organizational scales.

In spite of these challenges, prominent examples of 1scélie modeling haveeen
elaborated in the form of multirgan, and even whejgant models. A multorgan FBA
model by Grafahren@elau et al. [15]], was developed to investigate the metabolic
behavior of source and sink organgridg the generative phase in barldyofdeum
vulgarg. The SOYSIM project is a whol@lant model developed by University of

Nebraska at Lincoln, that simulates the soybean growth from emergence to madjrity
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WIMOVAC is a simulation model of vegation responses to environmental changes; it

focuses specifically on the carbon balance in plgsis

2.3 Models ofLignin Biosynthesis:Data Needs forDifferent M odeling
Approaches andUses ofM odel Output

2.3.1 An ldeal Dataset

In an ideal modeling world, experimental teams would be able to measure every piece of
information needed to create a comprehensive model. The data would be of high quality,
obtainedn situ, from the same speciasd from multiple organisms. Obviouslyjslnigh

bar cannot often be reached, and one must ask instead what compromises are still sufficient

for modeling. We discuss this issue in the following.

To design and explore a model with computational methods, one needs to choose
proper functional form&r the fluxes and determine their parameters. In a true mechanistic
model, the mathematical format of a flux corresponds directly to the alleged biophysical or
chemical mechanism, and typical parameters may be pH and temperature, and more
specifically formetabolic models, may include quantities sucVm@as Kwm, Kea, OrKi,
which correspond to rates and affinities in conceptual frameworks like the Mighaelis

Menten mechanism.

In an idealized modeling situation, two scenarios can lead to a full nfeids].

knowledge of all metabolite concentrations and of all mechanisms, including input to the
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system, along with a complete set of physical and kinetic parameters, maasvikexl

can quite easily be converted into a comprehensive model. Howeverinetres quite
unrealistic case, the model would ignore the spatial distribution of processes and stochastic
events, which could, for instance, be due to environmental randomness or to very low
numbers of enzyme or substrate molecules. Second, knowleddlafes of the system

and a complete set of measured physical parameters would allow the design of the model,
again with the same limitation as before. At present, neither scenario is realistic, and
missing information must be obtained from other sarsach a vitro measurements,

or inferred through computational means.

At this point, many modeling approaches and methods are readily available that
could create functioning models out of such data, if they were available. However, they are
not, and he more important point therefore is to realign the existing modeling techniques
with the realities of data acquisition in a field where some of the key metabolic

intermediates are below the level of solid quantification.

As a premier example, flux balance analysis (FB&§] and its extensions are
based on a mathematical framework that allows assessments of the distribution of fluxes
within a metabolic pathway at a steady state under the assumption of an alleged objective
of the cell or organism, such as maximal growth, tlaimal efflux of some metabolite,
or the production of a compound like lignin. FBA formulates the operation of the pathway
systemasasoal | ed Al inear programing probl emo
while satisfying biological constraints, suat nonnegativity and maximal magnitudes of

fluxes.
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FBA is a computationally simple, yet powerful tool that has been widely used in
many contexts, including plant systems. For instance, in a plant context, Pag84t al.
analyzed biomass synthesis Ghlamydomonas reinhardtinder different
COe conditions, and Chargf al.[88] presented a genonseale metabolic network model
of the sane organism. An interesting variation of FBA is the method of minimization of
metabolic adjustment (MOMARJ], which in a mutated organism tries to emubaféux
distribution that most closely mimics the wild type. le¢@l.[58] used MOMALto analyze
data from knoclkdown experiments with genes associated with lignin biosynthesis in

alfalfa.

While FBA and MOMAfocus on the important distribution of fluxes at a steady
state, dynamic modeling attempts to capture dileeendent changes in metétes
following any sort of perturbation. The hope is not only to understandtgnortresponses
better, but also to capture regulatory features of the pathway system that are likely to
become critical when the system is mutated. Expressed differe@#y,bly and large
assumes that everything in the organism remains the same, except for the mutated process
and its direct derivatives, although it is to be expected that the organism will attempt to
regain normalcy upon such a perturbation by evoking conap@rysmechanisms. Thus,

dynamic modeling is in principle more powerful but requires much more data support.

In the following, we describe case studies addressing lignin biosynthesis in
different plants and with different methods. As stated before, wedaailis primarily on

data needs and different model uses.
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2.3.2 Use of in vitro Data

At present, metabolic modeling is far from having access to ideal comprehensive data
obtainedin vivo. To overcome this challenge, a common approach is the usevitfo
equivdents. An excellent example of this strategy in the context of lignin modeling is the
work by Wanget al.[59], who constructed a dynamic neddbased on kinetic reaction and
inhibition parameters of pathway enzymes in the black cottonwmualjlus trichocarpa

The authors derived 189 kinetic parameters associated with generalized Midheeten
mechanisms, primarily in the form Bta, Km, andKof the 21 enzymes involved in
monolignol biosynthesis. They also measured absolute enzyme quantities using mass
spectrometry. Furthermore, the authors used a measured S/G ratio to quantify the input flux
with a customized optimization algorithmu& optimization methods are often needed in
large scale metabolic modeling, because the number of fluxes is typically greater than the
number of metabolites, which creates a mathematical situation that cannot be directly
solved. The information fromtheex per i ment s al |l owed Wangos
parameterized model with estimated input flux, which they formulated as ordinary
differential equations (ODES). They were able to obtain the st&aty flux distribution

and to investigate the effeat§ enzyme perturbations on lignin content and composition.

In principle, thewelle st abl i shed strategy wused by
leads to a fully dynamic model that permits explanations and predictions. The somewhat
disconcerting issue if¢ use oin vitro data, which at present seems unavoidable, but leads
to the following questions: (1) To what extent exr@itro data accurate and representative
of the pathway behaviaon vivo, and does enough vivoinformation exist to validate the

results of such models? In other words, it is unclear how to assess the reliability of these
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models. (2) It is clear that no biomathematical modeling effort can presently claim to have
taken all components and modulators of a pathway into account. Thuppssible to
ensure that all relevant information is present quantitatively to reproduce and explain in
vivo observations? Or is it simply not feasible to reconstruct the conplexo cell
environment with sufficient reliability from in vitro informanh? For example, Wargg al.

did not include the enzyme caffeoyl shikimate estefaS8 in their poplar lignin model

[59]; this enzyme was discovered as a new component in the lignin pathway while their

studies were ongoing.

These concerns are not exaggerated and can even be found in setadéigdd
microbial investigation by Teusindt al.[111], which provides a good perspective in this
regard based on the much simplea ph way system of gl ycol
yeast,Saccharomyces cerevisiaBpecifically, these authors compaiedvivo flux and
concentration profiles with the results of a computational model that had been constructed
based on the best available kinetic gmaeters obtainedh vitro. Despite the a
dedicated efforts to use the same yeast source and obtain measurements under the same
assay conditions, the discrepancies between the model results and the oibseiwed
behavior were alarming. For poss&béxplanations, Teusingt al. pointed to potential
factors that may be activie vivo and cause uncertainties that are almost impossible to
implement inin vitro models. Some of these uncertainties are apparently not adjustable by
tuning of rate constants through modifications in the model structure, but may be due to
complicated combinations of molecular interactions between the pathway metabolites and

enzymes or agents outside the investigated metabolic pathway. The authors proffered that
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these smaltietails might have caused drastic differences during the integratinrvieb

information into systemic models.

Similar concerns about mtroi in vivoextrapolations were voiced some while ago
[153 154, while others came to the conclusion that such an extrapolation is, by and large,
justified in many casgg 155 156¢]. In any case, these problems are disconcerting,\ago
measurements are incomparably more difficultedgrm than experimenta vitro. Then
again, if it is only possible to obtain vitro data, are there meansiofvivovalidation? It
appears that a direct validation of individual process representations will be difficult. Thus,
one must hope that different typesiofvivo data may fill the gap as they are combined

with models designed from vitro data for more relidb results.

2.3.3 Use ofLimited in vivo Data

2.3.3.1 Lignin Synthesis inPoplar

At present, the total body @f vivodata is dwarfed by information obtaingdvitro, and
this situation is not likely to change any time soon. As a case in point here, the lignin
pathway simply does not permit many concentration or flux measureiments. Instead,
the typical dataset that can reasonably be expected today consigtarotontent and
composition under different conditions, possibly augmented with a few metabolite
concentrations. Although this situation might seem to be quite dire for modeling,

mathematical and computational approaches can still offer interestinggresul

As a pertinent example, Lee and V{i7] investigated the lignin biosynthesis

pathway inPopulusxylem based on a relatively small set of data consisting of the S/G
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ratios and dowaregulation levels of enzymes in five transgenic plants. In addition, the
authors used information regarding the pathway stoichiometry, regulatory information of
five enzymes of the pathway, and an enzyme capacity measurement for COMT. Utilizing

a predetermined lign monomer composition as input and maximum lignin production as
the cell 6s all eged obj ect i v etate fluwhdestritutionsh or s
through FBA methods. Furthermore, to convert this information into a dynamic model,
they emplowd a strategy derived from biochemical systems theory (B&1) 123 157,

15§. In this modeling framework, all fluxes are represented with pdaweifunctions, so

that the parameters can be coarsely estimated without knowledge of direct measurements.

Once the model was fully parameterized, the authors were able to run simulations that
ultimately reproduced the lignin composition in all measured transgenics. In fact, an entire
ensemble of models was generated, rather than a single model with a unique set of
parameter values. This ensemble of models was validated against two transgehas tha

not been used to set up the model. Upon validation, an indirect optimization riii8od

was implemented to propose enzyme profiles that were expected to lead to a minimal S/G
ratio in ader to minimize recalcitrance. Single, double, and triple enzyme alterations were
conducted to give insights and to determine the most effective perturbations. An interesting
detail to note is that the best triple mutation did not contain the doubleionupdds an
additional mutation, but a different set. Specifically, in comparison to thetyykl S/G

ratio of about 1.8, the model predicted a minimal S/G ratio of about 1.3 for two
modifications, namely reduction of COMT and CAId5H activities, but amm of about

1.1 for three modifications in which the activities of C4H, CAD, and CAId5H were

somewhat increased. These computational predictions have not been tested in actual plants.
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The fact that a model is able to predict the results of perturbasansiguing,
especially because the powaw representation does not explicitly model specific reaction
mechanisms, but only the overall effect of a metabolite or regulator on a given process.
Then again, then vivo data used to formulate and instai#i the model encapsulate in
some sense everything occurring in the plant, which is not the casevitro models.
Encouragingly, the =estimated parameters
biochemical knowledge of the pathway and provide new lmsigto the dynamics of the
pathway (see resultsjB7]). Similarly, the predictive capacity of the model to characterize
the best candidates for gene alterations is interesting, but it retoaesseen whether
explanations and hypotheses obtained with the model are comparable with those obtained

wi t h a mod e5b9, whickkwais bAsedog éxperimentally laborious in vitro data.

2.3.3.2 Lignin Synthesidn Alfalfa

The structure of the lignin biosynthesis pathway and its regulation in alfaddi¢ago
satival.) are fairly well known, but some observations on transgenics were confusing as
they seemed to contradict the pathway structure. In particular, some genalkmnockled

to different S/G ratios even though they occurred before the branch point where the
pathways toward -Sand Gmonolignols diverge. Leet al.[58] set out to investigate this
situation, using aim vivodataset of lignin content and composition in eight stem internodes
in wild-type and seven tnggenic lines (with reduced PAL, C4H, HCT, C3H, CCoAOMT,
F5H, or COMT activity). The internode classification in this case provided the opportunity

to characterize the differential biosynthesis of lignin during the maturation of stem tissue.
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Without formal computation, an analysis of the logic of the pathway topology

mandated the reversibility of the enzymatic steps catalyzed by HCT and C3ire(EL],

which had not been considered before. Taking this reversibility into account did not resolve
the puzzle regarding S/G ratios though. Thus, the authors constructed a computational
model of the pathway by first using FBA to compute the stesaale fux distribution in

wild type, and then applying the method of MONI®3] to analyze the redistribution of
fluxes in transgenics. This analysis revealed that the results regarding S/G ratios in
transgenics could not be explained unless functional channels were active to partition the

pahway flux into dedicated-Sand Gpathways.

Using statistical analysis, the authors showed that there was a strong correlation
between the flux catalyzed by CCR1 and the flux of the consecutive reaction catalyzed by
CAD in all strains except for the CC@MT-deficient line. This curious result indicated a
lack of product exchange between coniferyl aldehyde produced by either COMT or by
CCRL1. To examine this situation more carefully, the authors tested the possibility of kinetic
regulation by the CCREOMT and CCoAOMTCCRL1 routes (Figre 1.1), but extensive
Monte-Carlo simulations indicated only a very remote possibility of kinetic regulation by
substrate/product interactions. Instead, the analysis suggested regulation by one or more
distant metabolites. The authors proposed that salicylic acid (SA) could act as the potential
regulator of the pathway leading to-li§nin synthesis. Indeed, experimahtdata
characterizing the correlation between SA and lignin content supported the computational
hypothesis. Moreover, additionalvivodata, demonstrating the-tmcalization of COMT

and F5H[160, 161], provided further evidence supporting the channeling hypothesis.
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Wangetal.[59 cr i t i ci zed L eeos atdhp mathocawadhratrem gr o

indirect and, in particular, suggested that a complete kinetic model would be able to capture
the experimental data without the need for channeling. While the existence of channels
awaits further validation with direct experimentaéans, it is unclear whether a bottom

up kinetic approach would have led to the crisply targeted hypothesis of differentially

regulated channels directing flux toward eithenBSG-lignin.

In a different study, Leeet al. [18] investigated the channeling hypothesis
in Medicagoby setting up an ensemble of dynamic kinetic models in 19 pathway
configuration variants. Each of these variants preserved mass conservation, while allowing
alternative routes including one or two metabohannels across coniéédehyde (Figure
2.1). The models also examined the presence or absence of putative regulatory
mechanisms. Extensive Mor@arlo simulations over a biologically meaningful range of
kinetic values identified only 6 among the 19uyslidble configurations as feasible and
demonstrated that only 4 out of 16 combinations of plausible regulatory mechanisms could
match the experimental data. A graph analysis of these six configurations showed that they
were topologically closely related ambrresponded to a closed network, if closeness
between two configurations was defined as a difference in only one enzymatic reaction.
Interestingly, all six feasible configurations in the analysis included one or both proposed

metabolic channels.
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Figure 2.1 Metabolic channeling inMedicagoproposed by Leeet al. [57]. The two
crossing channels are assodiatéth coniferaldehyde (see Figutel)

While the computational results strongly suggest the existence of channels, and
independent experimental evidence supports these rés8|t$60, 161], it is of couse
imaginable that other explanations could be found for the counterintuitive data in alfalfa,
because even the best model fit to data can never offer a guarantee that the model is in
some sense correct or that there could not be other models satistyisgntle data in a
similar manner. It is interesting though that the computational results were inferred directly
from actual data from these same species and with a minimum of assumptions, whereas
models based oim vitro data, obtained from bacteria, shibude validated in the target
speciesin situ, before they can be considered true. Furthermore, while the fawer
formulation used by Lee is mathematically guaranteed to be correct at an operating point
of choice, there is no such guarantee for Michaklenten functions; in fact, it is clear

that their underlying assumptions and prerequisites are violated [A58uU53 162.
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2.3.3.3 Lignin Synthesisn Switchgrass

Similar to the investigations on poplar and alfalfa, a limited dataset characterizing lignin
content ad composition was available for switchgraBarficum virgaturp[3], one of the

most promising plants in bioenergy research. This dataset was used to set up a model of
lignin biosynthesis and to examine for this species the hypothesis of channeling at a
diverging branch point, leadirtg either S or G-lignin. Specifically, wildtype and four
transgenic (4CL, CCR, CAD, and COMT) lignin profiles were analyzed with FBA methods

to compute steadgtate flux distributions. The stoichiometric model included three
variants permitting alterniak, slightly differing pathways with and without a hypothetical
metabolic channel comprising CCR and CAD. Extensive M@ado simulations
generated thousands of random kinetic parameters to test whether any of the three
configurations could reproducestlexperimental data in a dynamical manner. Surprisingly,
none of the configurations was able to capture the increaséigniH in 4CL-transgenics.
Instead, the computational results suggested the necessity to include product inhibition by
downstream pathay metabolites, as well as substrate competition between CCR
substrates. These computational suggestions idenpHoedimaroy fCoA and ferulow

CoA as possible regulators that were arguably necessary to reproduce the observed
increases in Hignin. The nodel also revealed that the reaction catalyzed by 4CL, which
converts ferulic acid into feruloyCoA, constitutes an impediment for explaining the

counterintuitive accumulation of ferulic acid in COMT transgenics.

Further computational analysis suggestid@ accumulation of some -$ar
unidentified metabolite as an inhibitor of 4CL and as the mechanism by which ferulic acid

is increased. Revisiting the experimental data indicated a slight accumulatmn of
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coumaric acid and caffeic acid, which was showstufiice to support the modéhased
hypothesis. Taken together, the pathway configuration including both theG&CR
channel and two independent CCR and CAD reactions, along with the deduced regulatory
mechanisms, turned out to be the only structure capdbhatching thén vivodata. The
authors validated the model to some degree by testing the responses to an enzyme
expression profile in an independent transgenic PvMYBA4 line that had not been used at all
to set up the model. Overall, the analysis predusatisfactory results with respect to lignin
content and composition, as wefl #he concentration profiles eéveral of the pathway

intermediate$2, 3]. The switchgrass lignin odel is discussed in detail in Chapter Ill.

2.3.4 Use ofPathway Data and '3C-labeling Data in BrachypodiumDistachyon

Brachypodium distachyon uses both phenylalanine and tyrosine to produce lignin, with the
source affecting the ultimate proportions of diffeneranolignols[92]. Phenylalanine and
tyrosine contribute as substrates almost equally to lignin produdtowever, C-
labeling experiments reveahenylalanine is preferentially incorporated intdighin, and
tyrosine into Slignin. In the putative lignin pathway, inpdtom phenylalanine and
tyrosine merge ahep-coumaric acid node. Furthermore, the pathways-afr@ Slignin

split at coniferaldehyde and share their precursor. Therefore preferential incorporation of
phenylalanine and tyrosine in different lignin uni&nnot be explained by the putative

structure of lignin pathway.

Experimental reports show thdirée enzymes of tHegnin biosynthesis pathway
in B. distachyon namely C4H, C30H andsufabetbfthe€ER,e b o u

and he reanainingenzyme are located freely in the cytosdlo examine whether this
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spatial localization of enzymes is key to explain the unintuitive labeling experiments
results, a twecompartment modaeidf lignin biosynthesis was designglj. Asthree of the
enzymes are bound to the outer membrane of
and F5H it is reasonable to consider a gradient, at least, in the concentohtibe

substrates and the products of the reactions catalyzed by such enzymes. This gradient is
the motivation to consider a compartmental model. One compartment is a portion of the
volume of cytosol that surrounds ER, in which the aforementioned reacttalgzed by

C4H, C36H and F5H are taking place. The ot
cytosol , whi ch C4H, C306H and F5H are absen
between the two compartments, the spatial localization of reagsom®deledoy this

simplified compartmental model and avoiding a highly complicated nonhomogeneous

model, whichwould require applying D partial differential equations.

Computational results showed thasiaglecompartment model cannot capture the
distinct roles of the phenylalanine and tyrosine pathways. Spatial localization of enzymes
and metabolic channeling are critical for explaining the monolignol compositi@ in
distachyonIn addition, partial etivity of some of the free cytosol enzymes is necessary at
the outer ER surface to explain the data. Brechypodiundignin model is discussed in

detail in Chapter IV.

2.4 Discussion and Conclusion

Mathematical modeling in biology is still in its infancy. Especially within the realm of

plant and crop science, the number of modeling articles is negligible in comparison to
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experimental papers. As a consequence, the collective experience with plarband

modeling approaches is still limited, and much more practice and many more case studies

will be needed to gain a glimpse into the systemic responses of plants to interventions and
manipulations. It may even be, as some experts claim (Leroy lHdecglcomm), that a

Ainew matho is needed that all ows wus to c
information in a more efficacious manner than is possible today. Ultimately, a deeper
understanding of such responsesowodbdsabhd
pl ant react to natural or artificial change

di fferently to a perturbation than plant (

To obtain more practice and experience of this type, experimentalists and modelers
should collaborate more closely. On the one hand, modelers will need experiments
specifically performed for some modeling aspects. At present, many data are available, and
the data flow fromomics experiments can be overwhelming. However, not all data are
useful for the type of modeling outlined in this article, and modelers will be dependent on
experimentalists to perform other types of experimdi®4. On the other hand,
experimentalists will want to see genuinely new results coming out of models, especially
if they had contributed data to the modeling effort. They will benefit from new, integrative
interpretations of their data and from reliable modeling results and computationally
achieved hypotheses guiding the HAnext st e
differences between laboratory or field experiments and computational approaches render
it evident that this type of collaboration has true potential, but that it will take time and

patience on both sides to make progress toward reaching some of this potential.
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As a tangible target, experimentalists and modelers should explore togeilnatdegree
metabolic responses can be predicted (qualitatively or quantitatively) from the existence of
genes and enzymes (as, for instance, TAL in the ca®raohypodium or from
guantitative transcriptomics, where one would expect to find simdarlietween gene
expression and changes in enzyme activities, which however do not always materialize in
reality, due to postranscriptional alterations. It would also benefit both sides to obtain and
computationally analyze data describing the same psoceslifferent species, as we
demonstrated here with the different models for lignin biosynthesis. At first, these
comparative analyses could shed light on questions such as: whether apparent differences
between species are experimental or modeling ervangther different designs have
evolved in line with the general phylogeny of these species or whether they are due to other
factors; and whether different natural designs are dictated by different environmental needs
or demands. Together, these combinedlyses would have the potential of revealing
design principles that govern these processes and could provide deep explanations for why

certain species solve a task in the observed fashion and not in a different fashion.
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CHAPTER Il

Lignin Synthesis in Swichgrass

3.1 Introduction

Switchgrass is a primarget for biofuel production from inedible plant parts and has been
the subject of numerous investigations in recent years. Yet, one of the main obstacles to
effective biofuel production remains to be tm@jor problem of recalcitrance caused by
entanglement of cellulose and hemicellulose content of the cell by ligménbiosynthetic
pathway leading to monolignglshe lignin monomer precursorsn switchgrass is not
completely known, and difficulties assated with in vivo measurements of these

intermediates pose a challenge for a true understanding of the functioning of the pathway.

In this chaptey a systems biological modeling approach is used to address this
challenge and to elucidate the structunel @egulation of the lignin pathway through a
computational characterization of alternate candidate topologies. The analysis is based on

experimental data characterizing stem and tiller tissue of four transgenic lines-(knock

3 The material in this chapter has been publishe@.as: Faraji, M. and E.O. Voit, Improving
Bioenergy Crops through Dynamic Metabolic ModeliRgocesses, 2013(4): p. 61, 3. Faraji, M., L.L.
Fonseca, L. Escam@iTr evi o, R. A. D iCanaputationa imfdren&e. ofthe stklicturet and
regulation of the lignin pathway in Panicum virgatuBiotechnology for Biofuels, 2015.
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downs of genes coding for kepaymes in the pathway) as well as wijghe switchgrass

plants. These data consist of the observed content and composition of monolignols.

3.2 Results

The results are descritben a sequence that follows teeepby-step model design and
conveys theationale for utilizing the observations to remediate discrepancies with the data
and for suggesting the investigation of new features to the model in the next step of the
analysis. We begin by assessing the pathway structure in switchgrass as ietialtlbg
current literature. Next, we examine possible channeling of CCR/CAD, which has been
reported for the lignin pathway in alfalf8, 18], but not in switchgrass. Even accounting

for the possibility ofchanneling, the experimental data regarding H lignin cannot be
captured at this point. Thus, we investigate the effects of product inhibition and competitive
inhibition. In the next phase, 4CL inhibition is added as a potential explanation for the
accumuléion of 4CL substrates, along with a simultaneous decrease in coniferaldehyde in
the COMT knockdown. Finally, principal component analysis is performed to investigate
the distribution of parameters within the hidimensional parameter space and to reduce
the feasible subspace of parameter values. The results section ends with a validation of the

model.

3.2.1 Lignin Biosynthesis in Switchgrass

The traditionally accepted lignin biosynthesis pathway branches@imaroyl CoA to

provideS and Glignin precursorsKigure3.1). The hexagon in this figure shows the details
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of this branch point. It was also previously assumed, based on studies in théAdicots

thalianaandN. benthamianathatp-coumaroyl CoA is converted f@coumaroyl
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Figure 3.1 Lignin biosynthesis pathway.Dashed arrowsepresent the traditionally
accepted pathway of lignin biosynthesis, while dh@w from caffeoyl shikimate to
caffeic acid captures a newly discovered enzymatic actjtif] now known to be
present in switchgrass. Caffeoyl shikimate esterase turns caffeoyl shikimate into «
acid and circumvds the previously accepted route. 4CL has recently been shov
exhibit activity towards caffeic acid and ferulic acid in switchgrass by which a
network topology is introduced for switchgrass lignin biosynthesis. Note that tyrosi
shown here, butot included in the model.
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shikimate angh-coumaroyl quinic acid by HCT. Subsequently, both prodyets,
coumaroyl shikimate ang-coumaroyl quinic acid, were shown to be converted to caffeoyl
shikimate and caffeoyl quinic acid, respectivdl§3. The enzyme for these unidirectional
reactions is C3NjH. Downstream, HCT was pro

convert caffeoyl shikimate and caffeoyl quinic acid into caffeédgA.

A recent study demonstrated that this pathway organizatianlikely to occur in
switchgras§164]. Based on kinetic measurements of PvHCT1a, PvHCT2a and RvHCT
Likel, it was shown that caffeoyl shikimate is not converted to caHeog by the reverse
HCT reaction, bt is more likely converted into caffeic acid through caffeoyl shikimate
esterase, and that this step is actually the main route of mass transfer into the pathway
towards S and G monolignols. As indted with dashed arrows in Figure,3HCT is not
activein the formation of caffeoyCoA. This new information Hps us reduce the steps in
Figure 3.1 1t has furthermore been suggested that cinnamic acid is a precursor for salicylic
acid; this process is represented by the thick grey af@wSimiarly, a considerable
portion of ferulic acid leaves the pathwdy5. Finally, the efflux out op-coumaricacid
acts to avoid accumulation of the metabolitehe 4CL knockdown strain (Figure 3.1

These simplificationsigld the pathway diagram in Figure 3.2

At this point, it is not entirely clear whether the lignin pathway in switchgrass
contains caffeyl alehyde. It appears that this is not the case, and the following analysis
assumes that caffeyl aldehyde is indeed not produced. Nonetheless, since other species do

generate this intermediat&®ppendix A TextA.1l analyzes this case.
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Largescale simulation tadies with this pathway structure lead to irreconcilable
differences between the experimental data and the model results, which indicate that the
model has genuine flaws. In particular, the dynamics of the different lignin species cannot

be explained fothe various transgenics (data not shown).

cinngglic < . phenylalanine
acl PAL

C4H

p-coumaric —§ p-coumaroyl- ———p p-coumaryl ———p p-coumaryl alcohol E===l> H lignin

acid acL CoA CCR1 aldehyde  CAD
HCT, C3'H, CSE

caffeic acid ——— caffeoyl-CoA

act CCR1/CAD
COMT CCoAOMT
ferulic acid ——» feruloyl-CoA 5 coniferaldehyde — » coniferyl alcohol G lignin
ACL CCR1 CAD >
[ F5H l F5H l
5-OH- . o
5-OH-coniferyl
coniferaldehyde alcohol ryl  E===3> 5H lignin

COMT l coMmT l

sinapaldehyde = ——— sinapyl alcohol mE===> § lignin
CAD

Figure 3.2 Revised and simplified pathway in switchgrasBy eliminaing HCT from

the diagram in Figure 34nd adding CSE, the pathway system becomes sim
Theright branch in therey boxin Figure 3.1is merged into an efflux anc
theleft branch is simplified to a orgtep process. It is hypothesized that a spec
functional channel could facilitate the conversion of ferufoglA into coniferyl alcohol.
Such a channel could be the result oflacalization of the involved pathway enzyme
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3.2.2 Channeling

Experimental and theoretical work in alfalfa has suggested that functional enzymatic
channeling likely occurs at the coniferaldehyde nN@&;J&8]. According to this suggestion,
thech&nnel 06 facil i tCoAfershe prddection of eniferyl alcbh®ly ul oy |
which is the prearsor of the G monolignol (Figure 3.2We investigate the sam
channeling hypothesis here as a possibility. Specifically, we use pertinent experimental

data from switchgrass to analyze the feasibility of different hypothetical pathway
topologies. The potential existence of a functional complex consisting of CCR16248

to three possible pathway topologies that satisfy the regaime of mass conservation

(Figure 3.3.

1 2 3

Xi: feruloyl-CoA

Xz iferaldehyd “ p
Xeconferasenyse - (—(—() Q—E—O ©— ©
© () ()

Xz 5-OH-coniferaldehyde

Figure 3.3 Topological Configurations. Three pathway structures are plausible when a
CCR1/CAD channel is considered. Configuration 2 lacks the channel, while the other two
configurations represent alternatives involving the channel.

Each of these sfar unregulated topologies was modeled ageneralized mass
action (GMA) model, whose parameter values were obtained with a sophisticged la
scale sampling scheme (see BMthodg. Although all topologies were found to be

consistent with most of the experimental results, no topology was dbfepaith the
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accumulation of H lignin in @L knockdown transgenics (Table B.this situation could

not be simulated by any of the candidate models, regardless of the presence or absence of
the channel. This strong result suggests the existence of tiggutaechanisms, and
considering the structure of the pathway and the branch toward H lignin in particular, we
decided to analyze the possible role of product inhibition, which is frequently found in

pathway systemis vivo.

Table 3.1 Fold change in lignin monomers, total lignin, and S/G in transgenic plants
relative to wild-type plants

Knockdown 4CL 40% CCR50% COMT 30% CAD 30%

gene [6] [166 [8] [56]
?ecévl;lgtion 271 95% Upto75%  Upto90%  5586%

H lignin 1.82 NR NR NR

G lignin 0.53 ~0.75 0.760.98 0.670.83
S lignin 1.00 ~0.75 0.420.96 0.580.87
Total lignin 0.78 ~0.75 0.84/0.96 0.780.86
SIG Increased Increased Decreased Decreased

NRnot reported

3.2.3 Product Inhibition

Experimental results from transgenic plants have demonstrated that H lignin accumulates

when the enzyme 4CL is dowegulated[6]. Analyzing this initially counterintuitive
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observatiorcloser suggests that there might be a wave of accumulation in the metabolites
preceding H lignin. Such a wave can be ex@dimvith product inhibition (Figure 34

When an enzyme is downegulated, the corresponding substrate accumulates. The
secondary fect is that the accumulated substrate is by itself a product of a previous
reaction whose increased concentration decreases its own rate of production. This
backward cascade has an upstream domino effect along the pathway and, depending on the
kinetics d the reactions, can lead to the accumulation of upstream metabolites. This
observation can be explained by the following chain of events: Beguiating 4CL leads

to a decrease in the products of this enzyme,preoumaroydCoA, caffeoyl)CoA, and
feruloyl-CoA. At the same time, product inhibition leads to a backward accumulation in
upstream metabolites, which compensates, at least partially, for the initial decrpase in
coumaroyCoA. Product inhibition is easily incorporated into the GMA model Gée
Methodg. Thus, in a new round of simulations, a new set of 100,000 randomly sampled
parameter values was generated as before, this time accounting for product inhibition.

Again, the configurations satisfying the experimental results were recorded.
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4CL V2: CCR .
X1: p-coumaric at:|d —h X2: p-coumaroyl-CoA X3'a'?:;zl;z1:ryl

f\'/

X4: caffeic acid

oA N\

X5: ferulic acid ——» X6: feruloyl-CoA —— X7: coniferaldehyde —» —» —» G lignin
V3:4CL V4: CCR

—» —» —» H lignin

Figure 3.4 Substrate competition for a shared enzyme, combined with product
inhibition. The accumulation of H lignin in the 4CL transgenic line calls for a regulatory
mechanism that guides the flow towards tipper branch of the pathway. Direct activation

or an inhibited inhibitor can achieve this result. Simulation results support the second
option.

Although the simulations showed an improvement regarding the H lignin accumulation in
the 4CL knockdown, no topology reached the twofold increase that was reported in the

literature[6].

3.2.4 Substrate Competition for Shared Enzymes

Several enayes in the lignin pathway catalyze multiple reactions with slightly different
substrates, and it is reasonable to assume substrate competition for an enzyme among the
multiple substrates. This competition can play an important role in altering the flow of

mass in a mutant plant.

We explored the consequences of substrate competition with respect to the pertinent
enzyme CCR. The analysis yielded the following result. If CCR fgwa@umaroyiCoA

over feruloytCoA, due to substrate competition, the flux towards H lignin is increased. In
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fact, simulation analysis shows that the increase in H lignin is strong enough to match the

experimental data.

It could be possible that substratenqgmetition alone would be sufficient for
increased H lignin production. We tested this conjecture with a corresponding simulation,
which revealed that only the combined model with product inhibition and substrate
competition matches the experimental obsgona. The strength of inhibition & priori
unknown, but simply becomes a parameter value in the GMA modeB&d&tethods
section). For instance, consider the pathway inféi@.4 whereX > andX s share the same
enzyme for fluxe¥/>andV4 Blue arows represent the competition between the
substrates, while red arrows represent product inhibition. In this case the equation

for V2 becomes
V, =a,X522 X, B2 X, ®2Y, (3.1)

whereY ; is the enzyme catalyzing the reaction (CCR).

3.2.5 Inhibition of 4CL in COMT Knockdown Transgenics

Although product inhibition and substrate competition improve the consistency between
the experimental data and numerical results in CCR1 transgenic plants, the model does not
match COMT knockdown data sufiently well. Specifically, the model does not capture

the observed 30% increase in ferulic acid in COMT knockddwhsThis observation
becomes even more difficult to explain if one considers the simultaneous 20% decrease in

coniferyl aldehyde. One could speculate that the high accumulatic®H-ferulic acid
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might trigger a cascade of product inhibititvatt leads to the accumulation of ferulic acid,

but computational results did not support the idea.

Further analysis with the model revealed that the reaction from ferulic acid to
feruloyl-CoA, which is catalyzed by 4CL, is the bottleneck. Indeed, the ctatoal
results show that this reaction has a flux that is 10 times as large as the efflux from ferulic
acid towards 8H-ferulic acid. Thus, if the flux towards ferulic acid decreases, any
substantial accumulation is impossible unless the 4CL reactiohitsted. This model
based deduction is indirectly supported by experimental data from onemfourl abor at or
labs that exhibit a slight accumulation in the dis@gobumaric acid and caffeic acid,

which is explained by 4CL inhibition as well (datat shown).

Accounting for the deduced 4CL inhibition in the model leads to simulations that
faithfully capture all experimental data associated with the COMT knockdown; in
particular, the 4CL substrates accumulate and the concentration of coniferaldehyde
decreases, as observed. From a biochemical point of view, one might be interested in
identifying the inhibiting agent. As it was mentioned earlier, th@Hsferulic acid
concentration increases by 70% in COMT knockdown plants. While the metabolite has not
been identified as a substrate for 4CL, it might be reasonable to assume that it binds to 4CL
in high concentrations, due to its molecular similarity, and thereby inhibit the enzyme
competitively (Figire 3.5. While this hypothesis remains to be experiraliytvalidated,
the same type of substrate competition with respect to 4CL has recently been proposed by
others[167]. To implement 4CL inhibition in the model in the most generic manner, we

simply lowered the corresponding rate constants.
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4CL
p-coumaric acid ——— p-coumaroyl-CoA

HCT, C3'H, CSE

caffeic acid caffeoyl-CoA

coMmT CCoAOMT

v

CCR1

ferulic acid feruloyl-CoA — coniferaldehyde

F5H

v
5-OH-ferulic acid

Figure 3.5 Parallel reactions catalyzed by 4CL. The observed simultaneous
accumulation of 4CL substrates and decrease in coniferaldehyde in COMT transgenic lines
can be explained with the assumption of an inhibitory effect on the reactions catalyzed by
4CL. 50OH-ferulic acid could be a candidate forstole. Although SOH-ferulic acid is

not a substrate for 4CL in switchgrass, it has a similar molecular shape as ferulic acid, so
that high concentrations ofGH-ferulic acid might exert competitive inhibition that is
comparable to the inhibitory effescof ferulic acid.

3.2.6 Compatible Configurations

The mathematical model with universal product inhibition, substrate competition for
CCR1, inhibition of 4CL, and the possibility of a metabolic channel was subjected to large
scale simulations aimed at inferring the most likely topologyeflignin pathvay (recall

Figure 3.3. Similar to previous simulations, a sample of 100,000 parameter sets was

generated to test model consistency with the experimental data and to provide likely kinetic
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orders for the model (s€24 Methodg. Intriguingly, the only patway configuration that

is compatible with all availablelata is Configuration 1 of Figure 3.Blote that the
speculated coniferaldehyde channel is indeed present. In fact, no parameter set, using
Configurations 2 and 3, could reproduce the experimentahdath eliminates the chance

to compare the relative performance of the configurations.

3.2.7 Principal ComponentAnalysis

To gain a better understanding of the parameter space of the system, principal component
analysis (PCA) was performed on the parametesr tbat had been filtered by the model
criteria. Once the principal components of the parameter space were identified, a new round
of simulations was executed. Specifically, a sample of 100,000 parameter sets was
generated along the principal directionsl amthin the reduced space. The set was then
transformed back to the original coordinates. The successful parameter sets were recorded
and are depicted iAppendix A Figure A8. Ultimately, principal components 1 through

4 collectively account for 8% of the variance.

3.2.8 Model Uniqueness

It is theoretically impossible to proof the uniqueness of a model for such complex nonlinear
problem, because it is always possible to evoketiaddi processes in such a fashion that

the original model could be subsumed as a simpler special case. In our case, one should
note that our largecale simulation approach led to a structurally and numerically compact

ensemble of similar solutions withihe highdimensional parameter space of the system.
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Given that we determined the ensemble with Monte Carlo simulations that cast a very wide
net over the parameter space, it is difficult to imagine entirely different parameterizations
that would capturelldata as well as our ensemble and perform well in the validation

studies we performed.

Moreover, considering that the available data were obtained from several
independent transgenics, and that the stoichiometric system of the system is
underdeterminedhe likelihood of significantly other solutions appears to be rather small.
Also, our simulations show that the system converges to the same statgdstarting from
a wide array of initial conditions. Some arbitrary initial conditions actually leait&olg
state values outside of the defined physiological bounds; however, among the initial
conditions that lead to admissible steatiytes, several rounds of screening showed

identical results.

In summary, it is well understood that model design is aatite procedure, and
while our logical analysis of numerical results suggested thewsssp addition or
elimination of new features, there is no mathematical proof that the model ensemble is truly

unique.

Outside these purely mathematical arguments, igatalso look at the biological
reasonableness of the model. For instance, one could ask why only CCR was subjected to
substrate competition, while there are other shared enzymes. The answer is a matter of
simplicity, as sugges v, eve demonstradecthkahtiaersdbstrate a z o r
competition of CCR is needed to match the available data, while additional mechanisms

are not necessary to explain the experimental data. Thus, we cannot exclude that additional
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regulatory mechanisms might exist, but weuld need additional, independent data to

confirm or refute such a hypothesis.

We also note that, although the model design progressed iteratively, we carefully
investigated the necessity of including each individual mechamisposteriori For
example,upon discovering that competitive inhibition over CCR improve$ghin
accumulation, we asked whether product inhibition was still vital for the model to explain
the observations. We examined this hypothesis and determinedligatHaccumulation
could not be captured anymore. We therefore concluded that both mechanisms, product
inhibition and CCR competition, are necessary. We found this conclusion reasonable, as
both product inhibition and substrate competition are common in metabolic pathway

systems.

3.2.9 Model Validation

The model with parameter values described above was constructed based on experimental
data from wildtype switchgrass and four transgenic lines (4CL, CCR1, CAD and COMT
knockdowns). To validate the model, experimental data from a depaaasgenic plant,

which had not been used in any way during the model design, were used to investigate how
well the system performs under untested conditions. Namely, in a recent study, the
transcription inhibitor PvMYB4 was ovaxxpressed in order teduce enzyme expression

in the lignin pathway168. While metabolite concentrations were not measured for any of
the pathway intermediates, the published data contain H, G and S lignin levels, as well as

comparisons of enzyme activities between tlid type and PvMYB4 plants. The overall
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result of the study is a global reduction in the expression of the enzymes of the pathway,

which in turn leads to 400% decreases in total lignin.

We tested our model against the profile of observed enzyme expressier
overexpression of PvMYB4. We started with the already parameterized model without
introducing any alterations or adjustments, except for resetting the appropriate enzyme
activities, and tested how the system responded to the inhibition in compiaridaein
vivoexperiment$168. Encouragingly, the alterég- and Slignin amounts and their ratio,
reported in the experimental study, are captured by the model with the compatible
topological configuration quite well. The-kgnin was essentially unchanged in the
experiment, while it slightly decreases in ourdsl, in accordance with the data we used.
However, Hlignin constitutes only about% of the total lignin so that this difference is
of no particular pertinence. Results are shown iniféig 3.6and3.7. Figure 3.€ompares
the fold change in lignin momeers between the experimental data and model results. The
first row shows the fold change in G, S, the total lignin, and the S/G ratio comparing the
wild type and PvMYB4 lines from the experiment; the second row corresponds to the
computed configuration. # can be seen, the model results are quite consistent with

experimental data.
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Experimental Data

Computational results

Glignin S lignin total lignin  SIG

Figure 3.6 Fold changes in lignin monomer concentrations in PvMYB4 transgenic
plants. Thetop row represents the average BVvMYB4 plants experimental data
normalized with respect to the average of the control plantssddend rowepresent the
results of the model with settings corresponding to the PvMYB4 experimg¢atéh
normalized with respect to witype model esults. Wild type is set to 1, which
corresponds twhitein thecolor bar. H lignin only counts for 36 of total lignin and is
not shown in here.

50 100 150 200 250 300

Figure 3.7 Steadystate profiles of key pathway metabolites in PvMYB4
overexpression as predicted by the modeConcentrations are normalized and the base
value is set to 100, which correspondsvtatein thecolor bar. Any increases with respect
to the wildtype steady state are reflected in tbe spectrum and any decreases in
thebluespectrum.

This independent validation is very reassuring, especially with respect to future attempts
to use metabolic engineering techniques to alter the S/G ratio in switchgrass. For instance,

if further model preittions prove similarly reliable, the model could be used to simulate
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and optimize the outcome of combinatorial knockdowns, whose outcomes are not
necessarily predictable with intuition alone. Such predictions would be very valuable, as a
comprehensive cobmatorial screening of double and triple knatdwns would neither

be economical nor experimentally feasible.

While the published PvYMYB4 data used for the first validation do not contain
intermediate metabolite concentrations, a more recent study provides stat@dyata for
several of the pathway metaboli{fé&s]. Comparing the published data[bb] with those
in our model, we find that seven metabolites are represented in both, namely, caffeic acid,
5-OH-coniferyl alcohol, ferulic acid, sinapyl alcohol, coniferaldehymepumaric acid

and coniferylalcohol.

Figure3.7 exhibits a comparison of the steastate profiles. The top row shows
the simulation results, while the bottom row represents experimentally measured steady
state concentrations in PvMYB4 normalized to wild type fi&@%. The wildtype value
for each concentration is set to 100 (white), and théohegl spectrum represents ingea
or decreases in steadtate values of knockdowns. For five of these seven metabolites, our
computational results of PvMYB4 conditions show the same-geamtitative behavior in
steadystate concentrations compared to the wild type; these are caffieic 50H-
coniferyl alcohol, sinapyl alcohol, coniferaldehyde and coniferyl alcohol. Discrepancies
are seern ferulic acid ang-coumaric acid. Here, the experimental data show a decrease
in the steadystate concentrations, while our computational results predict an accumulation.
Interestingly, these differences occur for metabolites whose effluxes out of the lignin
pathway are ilbefined, because their characteristics were not documented in the literature.

It is therefore likely that they aret optimally parameterized in the model.
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3.2.10 A Library of Virtual Strains

While reducinglignin content is one of the tgets in bioenergy seince, there is
uncertainty in the literature as to whether the total lignin content plays a more important
role for recalcitrance than the S/G ratio. It is not even entirely clear whether a higher or
lower S/G ratio would benefit the ethanol yield. In fatiere have been contradictory
reports in the literatur€l69 170. The computational model is capable of simulating

both scenarios, and allows optimization toward either objective.

The developed modes, in fact, an ensemble of model variants that are equally
capable of capturing the available experimental dataeinvild type and four knockdowns,
namely inCOMT, CAD, CCR, and 4CLHere, we use the ensemble to simulate the
pathway over a wide range of perturbations, to determine the responses of the system to
single or multiple increases or decreases in enzymatadj and the consequent changes

in lignin content and composition.

3.2.10.1Single Perturbations

In the first set of computational experiments, one enzyme at a time was perturbed-up to +5
fold relative to its wild type activity. Since every scenario is simdldte the entire
ensemble of models; the analysis yields many results for each scenario. Using all these
results collectively, the median of total lignin content, and the median of the S/G ratio in
the perturbed systems are recorded. The medians are izecnalth respect to the wild

type value, so that value 1 represents the wild types@eeon3.4.3.
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The results of this analysis are showifrigures 3.8and3.9. The X-axis shows the
logz-fold change in the amount of a given enzyme, and thgi¥indicates the specifically
perturbed enzyme. The grouping of HCT, C3
coumaroyCoA to caffeic acid, as the corresponding reactions have been merged into one
in our model. The color code represents the relative chartgéal lignin or S/G ratio, for
which white depicts no change from the wild type phenotype. The green spectrum (in the
panel for total lignin) and the blue spectrum (in the panel for the S/G ratio) represent
reductions, while the red spectrum (in bothglaprepresents an increase relative to wild
type. The color bar indicates the intensity of fold change in the enzymes. The greatest lignin
reduction achieved is close to 50%, which is the predicted result of an 80% CAD
knockdown, with 20% activity remaing. The most significant reduction and increase in
S/G ratio is predicted for perturbations in F5H. Thus, the different criteria for total lignin

and lignin composition point to different knockdowns.
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Figure 3.8 Total lignin in response to single enzyme perturbationsThe total lignin

level is color-coded, where green represents decreases in total lignin, red represents
increases, while white corresponds to the wild type level. GABms to be the most
effective enzyme in reducing lignin. Note that, surprisingly, the change in lignin content is
not always monotonic. Simulations show that lignin can be reduced by knocking down or
overexpressing the activities of F5H, COMT and CCR.
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Figure 3.9 S/G ratios in response to single enzyme perturbationBlue represents
decreases in S/G ratios, red represents increases, while white is the wild type base level.
F5H seems to be the most effeetenzyme for altering the S/G ratio, both toward increases

and decreases. Similar to the total lignin response, changes in S/G ratios are not necessarily
monotonic: the S/G ratio increases in both knocked down and overexpressed CCR1.
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3.2.10.2Double Perturbations

It seems reasonable to surmise that simultaneous changes in two enzymes might be more
effective in altering total lignin and/or the S/G ratio. Thus, we analyzed simultaneous
perturbations in pairs of enzymes. The perturbations were again restricted teudesgni

of £5-fold relative to the corresponding wild type activities. Again, every scenario was
simulated with the ensemble of models, and the medians of total lignin content and of the
S/G ratios were computed and normalized with respect to the wild &jpesv The results

are shown irFigures 3.10and3.11 The X and Y-axes represent the lstpld changes in

the perturbed enzyme activities.
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Figure 3.10Total lignin in double enzyme perturbations.Thecolor code is the same as

in Figure 3.8 Pairs of CAD/4CL, CAD/CCR, and CAD/F5H are predicted as the most
effective combinations; in particular, the pair of CAD/F5H shows strong synergism: an
increase in F5H, combined with a small reduction in CAD, reduo&sd lignin
dramatically. The nonlinear behavior of the pathway is evident in theodea¢éxpression
scenarios, especially in pairs, including CCR1, COMT, or F5H.
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Figure 3.11S/G ratios in response towo simultaneous enzyme perturbationsThe
color code is the same ashigure 3.9 Pairs including F5H and COMT (F5H/4CL,
F5H/CCR, F5H/CAD, F5H/COMT, COMT/4CL, COMT/CCR) show the highest changes
in S/G ratio. In particular, F5H and COMT work well synerigaity, even for moderate
perturbations.
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It is evident from the results that some perturbations are more effective in altering
lignin content and S/G ratio, whereas the system response is more robust to others. It is
also clear that many solutions reveaimpromises between alterations in total lignin and
the S/G ratio. If the S/G ratio is to be altered, F5H seems again to be the key enzyme, and
pairs like F5H/4CL, F5H/CCR, F5H/CAD, and F5H/COMT are predicted to be most
successful. At the same time, if theal is solely to reduce lignin, irrespective of the S/G

ratio, other solutions exist, including the pairs of CAD/4CL, CAD/CCR, and CAD/F5H.

3.2.10.3Single Perturbations in a PvMYB4 Overexpression Strain

As it was discussed in 3.2.9 Model Validationregent study[55, 168 analyzed the
consequences of overexpressing the inhibitor, PvMYB4, of a transcription factor in
switchgrass. The main result was atered expression profile of many of the enzymes
involved in lignin biosynthesis. Consequently, the lignin content was reduced 10%0

while the S/G ratio remained the same as for wild type. So far, the PvMYB4 strain has
been the most effective transgeline in reducing recalcitrance in switchgrass. To build
upon this success, we combined this scenario with additional single enzyme perturbations,
and investigated whether it could be possible to improve the results from the PvMYB4
transgenic strain ftiner. As before, each enzyme was perturbed up dol>relative to

the wild type level. Simulation results are showirigures 3.12and3.13 The color code

is the same as for previous figures. The black square in each row represents the enzyme
activity in the reference PvMYB4 perturbation. An interesting observation is that the lignin

content is predicted to decrease even more than in the reference PvMYB4 experiment if
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CCRL1is overexpressed in this background. Additional simulations show that ligtemicon
could be reduced further if CCoAOMT, CAD, or 4CL are reduced to even lower levels

relative to the PvMYB4 background.
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Figure 3.12 Total lignin in overexpressed PvMYB4 plus a single enzymeerturbation.

The color code is the same ag-igure 3.8 The black squares represent the original amount
of the corresponding enzyme in the PvMYB4 experiment. Additional overexpression of
CCR is predicted to improve the total lignin results. Decreasiagevel of CAD and
CCoAOMT, relative to the reference PvMyb4 experiment, can reduce the total lignin
further.
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Figure 3.13S/G ratio in overexpressed PvMYB4 plus an additional single enzyme
perturbation. The color code is the same ag-igure 39. The black squares represent the
reference amount of the corresponding enzyme in the PvMYB4 experiment. The S/G ratio
can be significantly changed compared to the background PvMYB4 experiment. A change
in F5H canalter the S/G ratio dramatically in a narrow perturbation interval.

3.2.10.4System Optimization through Global Perturbations

So far, all perturbation profiles were determined by Monte Carlo sampling, where the goal
was to find a desired combination of lignin content and composition. Now, we pursue a
somewhat similar goal, except that it represents a different intent. Namekjireddtarget
combination of lignin content and S/G ratio is chosepriori as the criterion for an
optimization, where the goal is to determine those admissible combinatorial perturbation
profiles that satisfy the criteria in an optimal manner. The rddfarence between this
approach, and the resultskigures 3.8- 3.11, is that the earlier approach tries to keep the
number of enzymes to be manipulated as low as possible. Hence, the reduction in lignin
content and composition is certainly not necelsaptimized. Furthermore, the changes

were restricted by physiological limits, because dramatic changes in enzyme activities may
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lead to instability of the system, which might translate into the accumulation of toxic
intermediate metabolites, or the egmmce of undesired phenotypes. Therefore, the level

of perturbations should be accordingly limited for at least some enzymes of the pathway.

A different approach toward identifying desirable strains is the optimization of all
enzymes within physiologicaldoinds. Although the optimized combinations might not be
experimentally implementable at present, they do indicate what changes are theoretically
achievable, and in which specific directions novel alterations should be pursued. Thus, this
part of the projeicaims to compute ensembles of optimized enzyme activity patterns within

physiological constraints.

As it is not clear which combination of lignin content and composition (S/G ratio)
is considered optimal for a particular purpose, all enzymes in the moeled
simultaneously perturbed randomly up to-f8fd, using Monte Carlo simulations.
Admissible system responses were defined as stable scenarios that reached a steady state
and led to an accumulation of metabolites, of at most, 6 times their norma) tafelsat
most, to 5% of the normal level. The admissible solutions were recorded and categorized

based on lignin content and S/G ratio.

The results are shown kigure 3.14 The three rows of subpanels represent the
degree of reduction in Iign, categorized in three intervals, and the four columns of
subpanels represent intervals for changes in the S/G ratio. Thus, the top row indicates the
strongest reduction in lignin, and the {afbst subpanel exhibits the lowest S/G ratios. Due
to the rmdomized nature of the Monte Carlo method, we obtain many perturbation profiles

that satisfy the constraints of each subpanel. All such profiles are grouped into 3 to 10
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clusters, denoted ly. The default number of clusters is three, and each clust&iesn

at most, 100 profiles. Some subpanels include more clusters, which is an indication of the
abundance of admissible profiles for that range of constraints. The median of each set of
profiles is computed for each cluster, and the clusters are thted based on the total fold
change in all enzymes collectively, shown as the bottom row in each subpanel. The darker
a box in the bottom row is, the more distant the strain is from wild type switchgrass. This
total fold change is a measure of how distantlose a mutant strain is to the wild type.

This strategy accounts for the observation that profiles closer to wild type are probably to
be favored metabolically, and is in line with the concept of the minimization of metabolic

adjustmen{5§].
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Figure 3.14 Global perturbation scenarios.All seven enzymes are perturbed simultaneously. The results are broken into 12
subpanels. The subpanels in the same colwshase the same S/G ratio, and the subpanels in the same row share the same total
lignin. Each of the subpanels includes several columns, where each column represents a cluster of perturbation wecsorsatiat a
based on the distance from the wild ty@duster cl in each subpanel is the closest perturbation scenario to the wild type. The grey
scale represents the distance from the wild type, and the red/blue spectrum shows the increase/decrease in pathwaytenzyme. Wh
represents the wild type, theredpno change in the enzyme.
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Since the S/G ratio in wild type switchgrass is about 1, the central subpanels are
closer to the wild type. If an experimentalist is interested in a strain with the strongest
possible reduction in lignin, ande highest possible increase in the S/G ratio, the subpanel
in the top right corner exhibits perturbation profiles that are predicted to achieve these
criteria. Among these, clusteris the closer to wild type tham andcsin the same
subpanel. If the: column is the chosen profile, the enzyme perturbation scenario is
indicated by the color code. White represents the wild type, the blue spectrum represents
reduced expression of the enzyme, and the red spectrum shows overexpression. The
intensity of thecolor represents the degree of perturbation needed. Th#ldghange is

indicated in the color bar.

As a specific example, suppose that a high increase in S/G ratio and a moderate
decrease in total lignin is desired, which leads us to the top rigptaisel. If a medium
total change in enzyme profile is allowed, we choose colpas the perturbation
scenario. Then, CCR1 must be overexpressetb®I8F5H must be overexpressed to-1.6
fold, the flux from the gr oup-fold, whilé4TL/ C3 6 H/
COMT, and CCoAOMT must be knocked down, as indicated in the blue range of the color

scale.

Although the lignin profile in some pathway enzyme knockdowns has been
measured befora vivo [6, 8, 56, 168 171], our results cover seven pathway enzyme
knockdowns in single, double, and combinatorial perturbations. The possibly strong +5
fold perturbations presumably cover thealistic range of behaviors of the lignin

biosynthetic pathway in response to gene knockdowns. Determining the total lignin and
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S/G ratio, simultaneously, provides a powerful tool for lignin researchers to choose the

desired knockdown scenario based o ltgnin characteristics of choice.

Figures 3.8- 3.14make it clear that the response of the system is nonlinear in some
perturbation scenarios. For instance, in single enzyme perturbaimse 3.8, F5H,
COMT, and CCR1 exhibit nemonotonic changes total lignin, which means that
reducing the enzyme concentration is not the only way to reduce lignin content, but that
targeted overexpression may lead to the same result. In the specific case of CCR, an
increase in total lignin with small degrees ofzgme overexpression, followed by a
decrease in total lignin at higher levels of enzyme overexpression, is a good example of the
occasional counterintuitive behavior of the pathway. The same pattern is even clearer in
double knockdowns, such as the paifs4€Li CCR, 4Cl F5H, CCR CAD, CCR
CCoAOMT, and COMTCCOoAOMT (Figure 39). Another interesting result is that
choosing a specific perturbation scenario can retain the same amount of total lignin, while
leaving room to adjust the desired S/G ratio, as lescase for the pair 4CE5H: there
is no substantial difference in total lignin in the left half of the figure, but there is a drastic
change in S/G ratio based on the fold change in F5H. The same applies to other pairs

including F5H, and also, for the mbination of COMT CCoAOMT.

The computational model turned out to be helpful for an investigation of the
transgenic strain of overexpressed PvMYB4g(re 3.11). It is interesting to note that,
similar to single enzyme perturbations, combinations of thi#lgpaf pathway enzymes in
PvMYB4 line with overexpressed CCR can further improve the reduction in total lignin.
Again, the S/G ratio is easy to manipulate, while keeping the total lignin almost unchanged;

see for instance, combinations of the profile viddH or COMT.
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An added benefit of the developed library is that our results could be complemented
with a record of the ethanol yield in the transgenic plants containing different total lignin
contents and different S/G ratios. This record could providdebeed lignin content and
S/G ratio, and with this target, one could use our resukgures3.8- 3.14to choose the
perturbation scenario needed to achieve the target characteristics in the transgenic plant. In
other words, this combination odbmputational results and literature information could be

of value and assistance for the targeted design of transgenic plants.

While, from a technical point of view, growing transgenic plants with more than
two knocked down enzymes does not seem to hetigahat present, fast and inexpensive
computational modeling is not really limited. Thus, it offers the opportunity to investigate
more complex perturbation scenarios that could shed light onto virtually optimized
transgenics. For example, one could mesthe number of enzymes to be perturbed, or
permit higher levels of perturbation to achieve a more significant change in total lignin or

S/G ratio ¢f. [157]).

Of course, caution is advised, and it will be necessary to validate the predictions
with correspondingly manipulated strains. As an examppossibly wrong predictions, a
drastic change in an enzyme concentration is not a problem, theoretically, but physiological
restrictions might not allow it. It could also happen that a significant change in one or two
enzymes might lead to intolerablghanges in fluxes, or an accumulation of toxic
intermediates within, or outside, the lignin pathway. By contrast, a combination of small
changes at multiple locations of the pathway is experimentally more challenging, but might
avoid such issues. Thus, thés range of options for reaching the same result. Among these

admissible perturbation scenarios, which give the same combination of lignin content and
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S/G ratio, one should presumably focus on the optimized scenario that reaches the target
but deviateghe least from the wild type. This overall deviation is reminiscent of the
philosophy of the method of minimization of metabolic adjustment (MOI&S) 93],

which we discussed before. It may be assessed withrecniige the Euclidian distance
between the enzyme profiles in the virtual transgenic and the wild type. As one might
expect, our results show that the more the lignin content is to be reduced, the further the
optimized enzyme perturbation profile devifeom the wild type. Interestingly, the S/G

ratio is not particularly sensitive to the distance from the wild type, and for the same lignin
content, the optimized enzyme perturbation profiles for different S/G ratios are quite close
to each other. In otlhevords, it seems that altering the S/G ratio does not introduce plants

with severely altered characteristics.

3.3 Discussionand Conclusions

In this work, we developed an ensemble of models of lignin biosynthesis in stem and tiller
tissueof switchgrassP. virgatum The model reflects the consequences of various enzyme
knockdowns quite well and performed satisfactorily in two validation studies with
experimental data that had not been used in the model design or implementation. We used
as the modeling fraawork the generalized mass action (GMA) format within biochemical
systems theory (BSTL22 123 157, 158 172. The powetlaw representation, which is

the hallmark of this type of model, is arguably the least biased default formulation and by
its mathematical nature avoids problems due to possibly invalid assumptions that may cast

doubt on traditional Michaelisvienten modelsn vivo [153. Parameter values were, as
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always, difficult to obtain in a direct ma@n We used for this purpose experimental knock
down data and a sophisticated Monte Carlo sampling strategy that has been used very
successfully for similar systems bef¢fie8]. As a particular suigoal, we investigated the
regulatory mechanism of the pathway and the possibleaadization or coupling of the

pair of enzymes, CCR1/CAD that was previously suggestelddaicago[8].

To elucidate theo-localization or coupling of these enzymes in switchgrass, we
studied multiple configurations that seemed a priori plausible and identified those natural
designs that were consistent with the experimental data. The consistent designs were
further examind under different regulation scenarios. The main result from this study is a
very robust model of lignin biosynthesis in switchgrass that is consistent with all available
data. The model was, at least to some degree, validated with a formerly unusddIfiatase
this validation can be confirmed and expanded experimentally, the model proposed here
may be used to predict responses of the natural pathway system to alterations that are
difficult to assess with experimental means. For instance, a further vdlichatdel will
allow the prediction of responses to combinatorial knockdowns that could be the basis for

future designs of more sophisticated transgenic lines than are currently available.

The computational analysis suggests thdéocalization or functionatoupling of
the two enzymes CCR1 and CAD. Metabolic channeling and compartmentalization in
plants have been identified in many biochemical pathyayd. Of importance here, it
has been suggested that enzymes catalyzing early reactions in the monolignol pathway may
be colocalized in their binding to the ER. For instance, a rprititein complex has been
identified between PAL and C4H, and it seems that most of the substrates use these

channels, but that some substrate undergoes the metabolic conversion in tjb7gkeps
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174. C4H can al so f or f77aanditohaspbeanxsuggested hat C 3 NjH

different forms of 4CL form a complex in popld78§. Independent computational work

on alfalfa came to a similar conclusion for channeling of enzymes associated with
coniferaldehyde, which were proposed to form a metabolic chgh8elOur results on
switchgrass, presented in this article, are in line with the latter result and suggest moreover

that channeling around coniferaldehyde is necessary to capture the available data.

The comparative study of diffent configurations revealed that consistency with
the available experimental data was most difficult to achieve for transgenic 4CL= down
regulated lines, in which, surprisingly, the H lignin concentration is increased. This
observation is at first countetuitive because 4CL is located directly upstream of the H
lignin precursors, which would lead to theoriori expectation of a decrease in H lignin.
The combination of two postulated types of regulatory mechanisms was able to explain
this observation. Thérst is product inhibition, which is observed quite frequently in
biochemical systems. While improving the data compatibility, this mechanism turned out
to be insufficient, thus requiring additional signaling. Arguably the simplest explanation is

a regudtory structure that works in either of the mechanisms below:

1 Anintermediate in the pathway is increased in response to the 4CL knockdown and
activates the precursors of H lignin synthesis. The most likely candidates for this

scenario appear to Ipecoumaic acid, cafféc acid, and ferulic acid (Figui®15a).
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Figure 3.15 Two plausible explanations for an increase in the H lignin concentration
in 4CL transgenic lines.(a) represents a putative increase 8n activator
locatedupstreamof the enzyme 4CL, whereéts) shows a putative decrease in an inhibitor
locateddownstreanof 4CL.

1 There exists an inhibitor for the H lignin branch. This metabolite would have to be
located such that its concentration ecceased due to the 4CL knockdown, which
means that the inhibitor activity is inhibited and therefore exerts a navpesfect

on the system (Figui13). FeruloytCoA could be a good candidate for this

scenario.

The current literature does not support the first hypothesis. By contrast, multiple candidates

are available for the second scenario. A reasonable scenario arises from the fact that the
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lignin pathway in switchgrass includes parallel fluxes that shaisathe enzymes. Indeed,

4CL, CAD, COMT, F5H and CCRL1 all catalyze multiple reactions, and it is likely that the
substrates exert competitive inhibition for the shared enzyme, as it was also suggested in
[59]. Supporting this scenario, a targeted numerical analysis demonstrated that competition
over CCR1 perfectly matches the results of the 4CL knockdown line in the model with
product inhibitionOne could surmise that the latter mechanism would suffice to represent
the increase in H lignin concentration. To test this hypothesis, we simulated the model with
enzyme competition but without product inhibition. The results showed that competitive
inhibition by itself could not satisfactorily resolve the issue. By contrast, the combined
model containing product inhibition and competitive inhibition matches the experimental
results very well. One should also recall that the product inhibition and saebstrat
competition mechanisms only work properly if the proposethb@ic channel is present

(Figure 3.3 Configuration 1).

Another aspect of the experimental data that was not captured well by the original
model, even when product inhibition and substratepeiition over CCR1 were taken into
account, is the accumulation of 4CL substrates in COMT transgenic plants. Particularly
counterintuitive appears to be the accumulation of ferulic acid as a product of a reaction
catalyzed by COMT. The observed concomit#trease in the steadtate concentration
of coniferaldehyde supports the possible explanation that the observation is due to
regulation that begins to inhibit the conversion of ferulic acid into coniferaldehyde, when
ACL substrates are in excess. Theadtaneous accumulation pfcoumaric acid and
caffeic acid provides additional evidence that reactions catalyzed by 4CL are inhibited in

COMT knockdown plants. Accounting for this feature to our model, all experimental data
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are represented well. The menlsn of the regulation remains a subject of further
experimental investigations. Figusel6shows the pathway including all inferred

regulatory signals.

cinnamic acid 4———— phenylalanine _

PAL

d e L Ve

p-coumaric acid ————p p-coumaroyl-CoOA ——— p-coumaryl aldehyde ————» p-coumaryl alcohol ===t H lignin

T 4CcL CCR1 CAD

HCT, C3'H,
CSE

7

caffeicacid —|——» caffeoyl-CoA
4CL

CCR1/CAD
COMT >> CCoAOMT ‘> /—\

ferulic acid  —| -/\feruloyl CoA conlferaldehyde - = conlferylalcohol m==> G lignin
4CL CCR1 CAD
l F5H *) F5H ‘)
5-OH-coniferaldehyde 5-OH-coniferyl alcohol === 5H lignin
. COMle CDMTl;)
inapaldehyde > sinapyl alcohol  m===> § lignin

CAD

Figure 3.16 Full scheme of the lignin biosynthetigpathway in switchgrass suggested

by the computational results of this studyAll regulatory signalsi.e., universal product
inhibition, substrate competition over CCR1, and 4CL inhibition are shown. The 4CL
inhibiting agent is unknown and therefore dedbtith X. 50H-ferulic acid might be a
candidate for this role

The model proposed in this article captures all available data and performed well in
independent PvMYB4 validation experiments. This good match with data is reason for
cautious optimism, wkh however is to be supported with further experimental

confirmation. Indeed, work is in progress to generate and analyze additional transgenic
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switchgrass lines and to incorporate further lignin compositional and enzyme activity and
kinetic data into thenodel. If the model fares well in these additional validation studies,
the results from the present study suggest that one might use the model for predictions, for
instance, with respect to double knesbwns, and for optimization studies that could

potentally affect the ligninbased recalcitrance in switchgrass in a favorable manner.

3.4 Methods

3.4.1 Model Construction

Much of the analysis in this article consists of comparisons and simulations with different
models. Each of these models consists of a systatiffefential equations that represent

the rate of change in metabolite concentrations, which are represented as dependent
variables. The righband side of each equation contains a set of fluxes which enter
(influxes) or leave (effluxes) the metabolite pdBnzymes are included in the model as
independent variables; that is, they do not change in activity during any given

computational experiment. The generic formulation of each equation is

=

dX, _
ot T asY 32)

i}

1

where eaclXis ametaboliteV jare fluxes associated wiyi, and the quantities;; are
stoichiometric coefficients, which here at
flux VjaffectsXias influx or efflux or not at all. EacWjis a function of some or

potentially all of theX . At the steady state, the lfand side is equal to zero, and fluxes
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can be assessed with methods of linear algi@ja Because the system in our case is
underdetermined, infinitely many solutions satisfy the stesidte condition. Following

the tenets of Flux Balance Analysis (FBA), an objective function is chosen and themproble
is solved as a linear programming problgg§]. In the present study, maximizing the total
amount of lignin is set as the objective of the system. The optimization problem is solved
using MATLAB (version R2014a, The MathWorks, Natick, MA, USA) functiopro.

The output is the set of fluxes at theasty state that maximizes the defined objective.

The fluxes themselves are formulated as general atdiss (GMA) models of the type

R ongmo
Vi =a,0 %™ Ox™ (33)

r=1 r=n+l

within the modeling framework of BST121-123 15§. Here,Ujis the rate constant,
eachX, for 1<r <n, is a metabolite or, far+ 1 <r <n+ m, an enzyme involved in the
reaction. Thusnis the number of metabolites amds the number of enzymes in the
pathway. Theexponentg jare kinetic orders that quantify the effectXofonV;.
Similarly, hj describes the effect of the enzyme on the reaction. It is customary to set
eachhjto 0 or 1, thus merely reflecting absence or presence of an enzyme inf speci
flux. This setting oh; =1 is consistent with the underpinnings of Michdaéiienten,
massaction, and other traditional models, where a reaction is assumed to be a linear
function of enzyme activity. All other kinetic ordegsjare sampled frm the range
betweenOand1X,i s a substrate or activator of

and 0 ifXis an inhibitor.
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Due to the nature of the present experimental data for switchgrass, the real
concentrations of metabolites and enzyautvitiesin vivoare unknown. As a remedy, we

normalize these quantities with respect to the steady state and setealldtues to 100.

Thus, we set
100X.
Z = : 4
T X, (34)
and express Equati@¥ as
dz 100 d 100 X
4 A as;V. (3.5)

dt  Xsgi dt - Xsgij=

Since the constaiXssrefers to the steady state, simple algebra adjusts the rate constants

to this steady state. Thus, we obtain

o i o h
dz. X A &00x O " &
d_Zt\:a S,jajO

i=1

@—r C . 3.6
r=l(; XSSr §rnol+§r ( )

The enzymes are independent variables and therefore constant for each experiment.
Therefore X, = Xssforn+1<r <n+ mfor wild type, whereas for a transgenic line it

takes a value between 0 and 1, according to the level of knookdd the steady state we

have
a100x. ©
0= as“aJOg— g
-lf; Kssr = (3.7)

0= é S,;a, O 100" .
j=1 r=1
With this setting, eackteadystate flux is given as
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R ) an. O,
V,=a,(100" =2100" (38)
r=1

If the flux is known, theate constant can be computed as

n
r.i

aor,
a, =VJ- /100 . (3.9)

With these settings, the set of the differential equations for the model takes theefownm

dd_zt1: (VA ?j_?zvﬂ Vs Vig

(L_thzvl v, ¥, dj:" =Vig My Vi Ve

O'd_ztszl2 Yy, M, V; %:Vﬁ, Vis Vio

%=V4 V5 Vo Vi %:Vw Vo Mz Voo (3.10)
dd_zts =V V, d(is =Vig- Vo

dd—ztﬁ =V, V, djt“ =Vao Vo1 Vag

% =V, Vi, VY, % =V, Vyy

dd—Ztg:Vn V4 djtm =Vo3 Ny Vo5

where the quantitielsinclude the influxes into the pathway and the fluxésare defined

as follows:
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Themetabolites of the pathway are

Z, :ferulic acid

: feruloyl-CoA

: coniferaldehyde

: coniferyl alcohol

: 5-OH-coniferaldehyde
: 5-OH-coniferyl alcohol
:sinapaldehyde

Z , :sinapyl alcohol

9

while the enzymes of the pathway are
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.. PAL, L-phenylalanine ammonia-lyase

o - C4H, cinnamate 4-hydroxylase

:4CL, 4-coumarate:CoA ligase

.- CCR1, cinnamoyl CoA reductase

., . CAD, cinnamyl alcohol dehydrogenase

, - HCT, hydroxycinnamoyl-CA:shikimate-
hydroxycinnamoyl transferase/

C3'H, p-coumaroyl shikimate 3'-hydroxyds
CSE, caffeoyl shikimate esterase

(3.13)

N

,, . COMT, caffeic acid O-methyltransferase
,s . CCOAOMT, caffeoyl CoA O-methyltransfase
Z,. . F5H, ferulate 5-hydroxylase

31°

N

Note that the model does not account for the dynamics of tyrosine, which we consider

constant here. e modéscheme is shown in Figure 3.17
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Figure 3.17 Lignin pathway in the notation of the model.Redundancy of enzymes, i.e.,
4CL, CCR1, CAD, COMT and F5H in parallel fluxes reduces the dimension of state space.
The enzymes HCT, O/ axgHnerged chto Gn8 dependent Varialiex

Z>s. Note that the presence of thec@annel Vs, is an inference from the computational
simulations results.

3.4.2 Parameter space and sampling

Similar to earlier work18, 57, 58], flux rates are computed with FBA. Next, the parameters

to be estimated are the kinetic orders and rate constants are in turn estimated fB th
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results and randomly sampled kinetic orders through the steps mentioned above. The
kinetic order of a metabolite is positive if the metabolite is a substrate or activator of the
flux and negative if it acts as an inhibitor. The kinetic order of eaayme has a default
value of 1, which is in line with traditional enzyme kinetics, because it is customary to
assume that a flux has a linear relationship with the enzyme. This assumption is explicitly
or implicitly made in essentially all traditional meld of enzyme kinetics as, for instance,

in the MichaelisMenten formalism, wher¥ maxequalskcattimes the enzyme

concentration.

The downregulation of an enzyme is modeled through the enzyme concentration,
not the kinetic order. Since the concentnagiof metabolites and enzymes are normalized,
the concentration of an enzyme in the wild type has the default value of 1. In transgenics,
the concentration of the corresponding enzyme is set to a value less than one if itis down
regulated. For example, tepresent the 4CL knockdown, the concentration of the enzyme

is set to 0.6 as the enzyme is demegulated by 40%.

To account for product inhibition, the inhibiting product is represented in each
reaction by a factor consisting of its concentration, caieea negative gwer. The result

is as follows:

Vzassp , 1 9 ¢ (3.14)

Os

Here,Sis the substraté? is the productg, is the kinetic order of the inhibiting product

and Jqis the kinetic order of the substrate. The ratio of kinetic orders could be derived
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directly [158 from the corresponding expression for a prodobtbited Michaeli$

Menten reaction, which takes the form

V= m (3.15)

The powedaw form of Equation3.15can directly be computed from the tenets of

Biological Systems Theory (BST), wiicefines the kinetic orders as

1+ >
0. § K
) “S VOP 1+£ +£
o Kilor (3.16)
P
\Y K
g zu_ 8 S :
UP VOP 1+ - +
Km I lop

Rearrangement of these equations gives the oakinetic orderss follows:

_1<i: - P
gs P+K,

<0 (3.17)

oP

The bounded ratio of kinetic orders provides a valuable constraint for the Monte Carlo

simulations, because a fixed ratio does not affect the dimension of the parameter space.

For the initial set ofimulations, the sampling space is chosen as a unit hypercube
in a1 7wheren is number of kinetic orders to be estimated. A set of 100,000 parameter sets
is generated for each scenario simulation. 10,000 sets are randomly generated from the

sampling spacesing Latin Hypercube Sampling to assure a homogeneous coverage of the
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space, while 90,000 sets are generated by the MATLAB (version R2014a, The MathWorks,
Natick, MA, USA) functionrand. Each parameter set is simulated to examine whether the
model with thg set can match the experimental results for the wild type and transgenics.

The model is deemed a match for the experimental results if:

1 The model returns proper lignin contents and S/G ratios for the wild type and
different transgenics, with dowregulaton of 4CL (40%), CCR1 (50%), COMT

(30%), and CAD (30%).

1 The model returns the proper decrease in lignin content in the case of knockdowns

in 4CL, CCR1, COMT, and CAD.
1 The model demonstrates an increase in H lignin in 4CL transgenics.
1 The model matchase altered metabolite concentrations in the COMT transgenic.

If a parameterprofile satisfies the above conditions, it is recorded along with the

corresponding topological configuration.

While our model approach emphasizes ensembles of feasiolels, the parameter
values in Table8.2, 3.3, and3.4represent one implementation, which we used for further
numerical exploration. This specific parameter set corresponds to the minimum error in the

comparison of the model results in PvMYB4 ande¢kperimental data.
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Table 3.2 A sample of rate constants from the ensemble of rate constants

a, 0.5233 ag 0.0058 a,s 0.0771 as,, 0.0392
a, 0.1053 a, 0.2265 a6 0.0881 s 0.1573
as 0.15 a,o 0.0024 a,, 0.0168 as,, 0.0712
a, 0.2711 ay 0.1054 a,g 0.002 a,s 0.1154
as 0.1832 a,, 0.1095 a,9 0.2212 a6 0.0814
as 0.003 i 0.1452 a0 0.0402

a, 0.0042 a,,4 0.2681 asyq 0.0002

Table 3.3 A sample ofkinetic orders from the ensemble of kinetic orders
I 0.2813 J67 0.4040 Ji014 -0.1023 1421 0.8535
<P% -0.1406 Jss 0.5759 Jiqis 0.9009 | 9i322 0.7673
922 0.0846 Q40 0.6118 Jius -0.4505 | 91522 | -0.3836
<P 0.8240 97,0 -0.3059 9415 -0.0355 | G423 0.1043
O3s -0.4120 9410 0.6398 J1116 0.5198 | gi625 | -0.0521
O34 0.5669 9711 0.6277 G1216 -0.2599 Q1524 0.5080
944 -0.2835 9811 -0.3138 J1217 0.7121 | gi624 | -0.2540
945 0.0710 9712 0.6414 Joss 0.6982 | Gig2s 0.2855
Oss -0.0355 Jo12 -0.3207 Ji110 0.0160 | Qiq26 0.7116
O10s -0.4505 9813 0.4885 J1a10 -0.0080 | 9226 | -0.3558
Os6 0.9630 O1q13 -0.2442 91220 0.6973 94,26 -0.0355
Je6 -0.4815 Jo14 0.2046 | Q1420 | -0.3487
Table 3.4 Initial values

Zoa 100 Zos 100 Zoo 100 Zoa3 100
Zo2 100 Zos 100 Zo10 100 Zo1a 100
Zos 100 Zoz 100 Zoas 100 Zo1s 100
Zoa 100 Zog 100 Zo12 100 Zo1e 100
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3.4.3 A Library of Virtual Mutant Strains

As a consequence of the normalization of thevariables, thevalues for the enzymes are

equal to 1 when a wild type strain is modeled. If a knockdown strain is modeled, the

corresponding enzymg, will have a value less than 1, and if a strain with an upregulated
enzyme is modeled, the corresponding enzymealue will be greater than 1. Once a

perturbation by downor upregulation of an enzyme has beemokiticed, the system
rearranges itself and typically achieves a new steady state. At this state, at least some of

the fluxes and metabolites typically assume new valllass, the affected flux becomes

: R g KM
V,=a,0X," OX, (3.18
r=1

r=n+l

To generate a librg of virtual mutants, enzyme concentrations,

(n+l € & m), are perturbed up to #BId. If the number of enzymes to be perturbed
isk, using an extensive Monte Carlo simulation, a hyperculgeis randomly sampled,

and the generated set of arrays of random values is fed into the s\&ies.
d;6 sand ;0 sare already known, the differential equations can be immediately

simulated for single or double alterations, or for the PvMYB4 overexpression strain

combined with an additional perturbation.
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3.4.3.1 Admissible Results

Each scenario corresponds to an array of pextlemzymes. The total lignin content and

S/G ratio for the scenario are recorded, if the perturbed system satisfies the following

criteria:
1. The system is stable at the steady state, and reaches this state after a
perturbation.
2. The steadystate values of thmetabolites do not exceed a value of 6 times

the wild type concentration.

3. The steadystate values of the metabolites do not fall below 5% of the wild

type value.

Since an ensemble of models is used to simulate each scenario, multiple lignin profiles
exig for each perturbation scenario. For visualization purposes, the median of the total
lignin and the corresponding S/G ratio of the ensemble for each scenario is plotted against

the perturbed enzyme(s).

3.4.3.2 Global Perturbations and Optimized Virtual Mutant$is

All seven enzymes are perturbed simultaneously within a range of upfedct@bout the

wild type value. Perturbation scenarios that satisfy the criteria described in the previous
section are recorded. The recorded results are arranged in a msgxboloethe total lignin
content and S/G ratio. The total lignin range is subdivided into three intervals, namely for
251 50%, 50 75%, and 76100% reduction in total lignin relative to the wild type, while

the S/G ratio is subdivided into four intervals, redyn0 0.5, 0.51, 1 2, and >2. These

98



intervals group the results into 12 sets with different total lignin and S/G ratio

characteristics.

Each square in the results matrix contains a set with numerous scenarios satisfying
specific interval criteria fototal lignin and S/G ratio. To facilitate the interpreting of the
results, the scenarios are clustered, and the clusters are sorted based on the distance from
the wild type, which reflects the overall change imposed upon the syStgurg 3.14.

This distince is defined as the Euclidian distance between the vector of perturbed enzymes
and the vector of the corresponding wild type value. The smaller the distance is, the closer

is the virtual mutant is to the wild typEigure 3.18.

c<S/G=d

a% < lignin reduction < b%

cluster 1 cluster 2 cluster n

O ee—

distance from the wild type

Figure 3.18 Clusters of results in matrix subpanels ofigure 3.14
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CHAPTER IV

Lignin Synthesis inBrachypodiunt

4.1 Introduction

While the results of analyzingh vivo alfalfa and switchgrass transgenics data in a
somewhat indirect manner were interesting and could be validated to some degree, the data
themselves constitute a rather thin base for model development. This base becomes more
solid if it is combined with otér types of data. An example for such a merging of
heterogeneous data types is the lignin biosynthetic pathwBrachypodium distachyon

In contrast to dicots, monocot grasses use both phenylalanine and tyrosine as the initial
substratefor monolignol poduction (Figure 4)1 One puzzling aspect of this apparent
redundancy is that, despite the nearly equal contribution of both precursors to the total
lignin content, phenylalanine is preferentially incorporated irt@n, and tyrosine into
Slignin, although both pathways converge at the same intermediate metgolite,
coumaric acid[92]. This result issurprising and cannot easily be explained with

putative structure of the lignin pathwayBmachypodium Beyond the existence of this

4 The material in this chapter has been published.as: Faraji, M., L.L. Fonseca, L. Escamila
Trevifio, J. BarroRios, N. Engle, Z.K. Yang, T.J. Tschaplinski, R.A. Dixon, and E.@it,\Mathematical
models of lignin biosynthesihid.2018.11(1): p. 34.
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intermediate, where the two pathways converge, than@ Slignin pathways appear to

be the same until they splitthe coniferaldehyde node.

A cinnamic
== phenylalanine ;I: acid
C4H l
: p-coumaric p-coumaroyl- p-coumaryl p-coumaryl B L
==)> tyrosine _bTAL acid e CoA ccr  aldehyde CAD. alcohol E==2> H lignin
7Y
// HCT l
p-coumaroyl
shikimate
C3H C3H 1
caffeoyl
shikimate
HCT l
v
caffeic acid — caffeoyl-CoA
4CL
comT l CCoAOMT 1
ferulic acid

feruloyl-CoA == coniferaldehyde =% coniferyl alcohol d) G lignin
v CCR Yee cap i 9

————————————— F5H l F5H l

1
1

1

1

1

1

1

1

1 acid feruloyl-CoA
1

1

1

1

1

1

1

I
I
5-OH-ferulic 5-OH- ' 5-OH- 5-OH-coniferyl
: coniferaldehyde alcohol
I
! COMTl coml
I
sinapic acid sinapoyl-CoA ', sinapaldehyde JI; sinapyl alcohol ™=0> § Jignin

Figure 4.1 Putative lignin  biosynthesis  pathway inBrachypodium
distachyon Brachypodiuntan use both phenylalanine and tyrosine as substrates for lignin
biosynthesis. At thipoint, the direct conversion pfcoumaric acid into caffeic acid and
the existence of C3H in this organism are speculaiwgative reactionshown in the
shaded box have not been fully explored in the current literature

4.2 Results

A computational modetlirectly corresponding to the alleged pathway structureu(Eig

4.1) confirms the logiebased analysis: the pathway, as currently alleged, cannot reproduce
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key observations, such as the differential channeling of phenylalanine and tyrosine toward
G- andS-lignin. Specifically, model simulations demonstrttat the pathway scheme in

Figure 4.1is unable simultaneously to satisfy the following observed requirements:

1 Match the amount ofC-labeled Hlignin in experiments with [U

13Cglphenylalanine;

1 Match he observed®C incorporation into ERound ferulic acid in the same

experiment;

1 Capture the differentidfC incorporation levels from [{J*Cg]phenylalanine and

[U-13Cq]tyrosine in lignin units.

One great advantage of a modeling approach is the relaseevath which it is possible

to test different hypotheses and variations of the pathway structure in order to obtain
possible explanations. As a specific example, it was reported that the three enzymes C4H,
C3NH and F5H of t he lniBgdistachyortre bmung to théhomiteri s p a
surface of the ER, while the remaining enzymes are located freely in the cy88pl (

unpubl. data). This finding led to the hypothesis that the spatial localization of enzymes
might be a reason for the preferential incorporation of phenylalanine and tyrosine into
different monolignols. This hypothesis was readibtee with a computational model that
distinguistes the two locationsThese two locations, or compartments, are physically not

strictly separated, but allow the handing over of metabolites through diffusion.

To test the hypothesis of two distinct locations, we set up a refined model scheme
by assigning the reactions catalyzed by thetERund enzy mes, C4H, C3N

the ER compartment, and all othéssthe cytosol compartment (Figure }.®/hile there
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IS no strict spatial separation between ER and cytosol, we assumed preferential enzyme
activity within each compartment and slower diffusion between compartments. As a note,
only the net diffusion fluxes are shown in the pathway model, but both forware\zerde
diffusions are considered explicitly in the computational model (see later section).
Specifically, we took the following steps for our model design. In the current scheme
(Figure 4.2, the only means for incorporation G€ into Hlignin is throudn the diffusion

flux D2, and this flux is diluted with the influx from unlabeled tyrosine. To incréie
incorporation into Hignin, a second diffusion flux, § is added between the ER
compartment downstream of;Dand this flux compensatesrfthe diution of tyrosine
(Figure 4.3. This diffusion flux @ can be interpreted as partial activity of 4CL in the ER

compartment.
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Figure 4.2 Proposed compartmentalized pathway of lignin biosynthesigh B. distachyon The blue arrows represent enzymatic
reactions within each compartment. The blue arrows marked by orange stars depict reactions whose catalytic enzymes #ne bound
outer ER surface. The red arrows show diffusion fluxes between thgaconents. The two yellow arrows are effluxes. The quaniity

a compensation constant to address the different volumes of the compartment
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Figure 4.3 Extended compartmentalized ligninpathway model inB. distachyon Conversion op-coumaric acid t@-coumaroyl
CoA by 4CL and diffusion fludDg are necessary to explain label incorporation irdagHin in experiments with labeled phenylalanine.
Conversion ofp-coumaric acid to caffeic atby C3H and the diffusion flu®io are necessary to explain label incorporation into ferulic
acid in the same labeling experiments with phenylalanine. The metabolic channel in the ER compartment keeps so@+abtthe

from being diluted by theytosol diffusion fluxes and permits preferential incorporation of phenylalamdeyrosine in Sand G
lignin.
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Beyond the inconsistent amount oflignin, low incorporation of*C in ferulic acid in the
[U-1¥3Cg]phenylalanine labeling expenent is an indication for dilution by unlabeled
tyrosine through caffeic acid. Therefore, a downstream infDy, from the ER
compartment is postulated to compensate for tyrosine dilution and to inti@ase
incorporation in walbound ferulic acid. Agin, this flux corresponds to partial activity of

C3H in the ER compartment (Figure 4.3)

Closer inspection of the pathway reveals that the key site for preferential
incorporation of [U3Cg]phenylalanine and [BJ3Cq]tyrosine into different lignin units is
the branch point where the pathways towarda@d Slignin diverge; this divergence
happens at the coniferaldehydsde. The original scheme in Figure dli2tates the same
level of 3C-labeling into both G and S units, due to dilution in both comparsregrthe
coniferaldehyde node into the free cytosol. To explain the actually observed higher
incorporation of-*C into Glignin in the phenylalanine labeling experiment, an undiluted
upstream flux from the ER is necessary to compensate for the dilutionttie cytosol
influx (Ds andDs) into the immediate €ignin precursors coniferaldehyde and/or coniferyl
alcohol. We first modeled this hypothesis by simply adding a suspected direct flug-from

coumaroyCoA into coniferyl alcohol (Figure 4,3hick bluearrow).

Simulations with this amended model showed that the schemeureHE@is able
to capture the levefSC incorporation in Hignin and ferulic acid from [
13Cqlphenylalanine experiments. Also, by acting as a metabolic channel, the direct flux
from p-coumaroyCoA into coniferyl alcohol shields the flow within the ER compartment

from strong dilution by diffusion from the cytosol compartment, and thereby enables the
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preferential incorporation of phenylalanine and tyrodooen carbons into diffent

monolignols units.

While the long metatdic channel in Figure 4.3 able to simulate the preferential
incorporation of precursors into lignin units, it is intriguing to determine whether fewer
enzymes in such channel could still reproduce the @ataefore we examined the scheme
in Figure 4.3oward the shortest channel possiifigure 4.4. This analysis suggested that
the critical point to shield the ER compartment from strong dilution by cytosolic diffusion
fluxes is coniferaldehyde. Withoutis compound protected-@nd Slignins cannot attain
different*®Co-labeling levels. If this conjecture can be validated, the simplest scheme

consists merely of a CCR/CAD channel.
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Figure 4.4 Revisited compartmental model of lignin pathway with the shortest feasible metabolic channdlhe CCR/CAD channel

(Vs) appears to be the shortest path that is able to preserve the flow in the ER compartment from complete dilution bffusitosol d
fluxes
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Simulations of the scheme in kg 4.4resulted in steadgtate flux distributions that
capture the experimentaiC-labeling data (Figure4.5). Phenylalanine and tyrosine
contribute nearly equally to the resulting lignin content: in tbe™C]phenylalanine
experiment, 35% of phenylalanine is labeled and tyrosine is unlabeled (natural abundance),
while in the [U3CqJtyrosine experiment, 35% of tyrosine is labeled and phenylalanine is
unlabeled (natural abundae). The labeled fluxes indiire4.5 compare the contributions

of phenylalanine and tyrosine in each pathway flux. Figu6sexhibits the total flux
values, which combine the values of labeled and unlabeled fluxes. Since the magnitude of
the input flux is unknown, we normalized ting@ut to a base value of 100 units of mass per

unit of time.
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Figure 4.5 Steady-state flux distribution of labeled fluxes inBrachypodium The results
compare the percentage of steathte labeled flow within the steadtate total flux in [J
13Cqlphenylalanine and [U3Cqltyrosine experiments; they corresgbto the pathway
scheme in Figure4.4. Both directions of diffusion for each diffiem flux are
shown:D it aligns with the direction dD ; in Figure4.4 andD i with the opposite direction
(see4.3.3Modeling**C-labelingexperiments
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Figure 4.6 Total steady-state flux distribution in Brachypodium The total flux includes both labeled and unlabeled fluxes. The results
correspond to the scheme in trig4.4.
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Because the system is mathematically underdetermined, its stiedelysolution is not
unique (seet.3.2Steadystate analysis). Therefore, a range of admissible stsatky
values is possible for each flux. It is worth emphasizing inciidext that all solutions in

the resulting ensemble are consistent with all pertinent observations; namely:

1 Each model in the ensemble captures the experimental data with respect to the label
distribution in steadystate fluxes. For instancé4 shows &higher labeled portion

thanVzs when phenylalanine contains the feeding label;

1 The lignin compositions and S/G ratios in all scenarios are compatible with

experimental data;

1 The labeled lignin composition is compatible wits-phenylalanine antfCo-

tyrosine experimental data; and
1 The labeled ferulic acid arglcoumaric acid match with experimental data.

Further details are presented in Tahle
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Table 4.1 Computational model results compared to experimental datalhe model results demonstrate a good match with
experimental data in terms of total lignin (A) and the incorporation of label (B).

A
H/total lignin (%) Gltotal lignin (%)
Experimental data 4 41
Model result 4.1 45
B

H-lignin*(%) G-lignin (%) S-lignin (%)

Label incorporation inU-=C.]phenylalanine feeding experiment

Experimental 36 22.3 21
data
Model result 19.6 19.1 18.1

Label incorporation ifU-=C]tyrosine feeding experiment

Experimental 24.6 16.5 18.1
data
Model result 15.4 15.9 16.9

S/total lignin (%)

55

51

Total lignin
(%)

22.2

18.6

18.6

16.4

SIG

1.09

1.13

p-Coumaric
acid (%)

21

17.2

17

17.8

Ferulic acid
(%)

23

18

13

17

“Label incorporation in Hignin was notconsidered as a criterion during the model calibration. The recorded experimental value in the
[U-13Cg]phenylalanine feeding experiment is greater than the reported label level in phe, which[82B546 a consequence, we
deemed the measurement unreliable and did not use labdiignirtHmeasurements
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The boxplots in Figures 44&nd4.6reflect the distributions of admissible values.

As can be seelN; admits small values in comparison to its parallel reactions in
cytosol compartment, i.eV,, andV.s. This result demonstrates that, while the main
pathway for the reactions catalyzed 6CR and CAD resides in the cytosol, a
relatively small and undisturbed flux through CCR/CAD at the ER is sufficient to
establish the metabolic channel necessary for preferential incorporation. In fact,
considering the wrinkled environment of the ER surfatces not hard to imagine

that localized pools would keep a small fraction of the pathway undisturbed from

exchanges of metabolites with the cytosol.

4.3 Methods

4.3.1 Generic Model Formulation

In a kinetic systems model, the dynamics of the pathway is reprddante system of
ordinary differential equations (ODES) in which the metabolites are the states. The rate of
change in each metabolite is determined by sums and differences of all fluxes that directly
affect this metabolite. Each flux is a mathematicakfiom of the metabolites and other
variables of the system that needs to be selected. Although the fluxes are usually nonlinear
functions, the collection of fluxes itself forms a linear system, which can be represented a

a matrix equation of the type

X =stv (4.1)
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Here, X is the vector of metabolite§ is the stoichiometric matrix, an¥ is the vector

of fluxes. The stoichiometric matrix defines the pathway structure. An element of
this matrix equals 1 if flu¥/, is directed toward metabolit¥; . Itis-1, if flux V, removes
material frommetabolite X, and it is equal to 0, if fluX/;, has no direct effect on

metabolite X, . In long form, the matrix equation can be rewritten for each equation as
X, =as,V (42)

wheren is the total number of fluxes.

4.3.2 Steadystate Analysis

The steady state of a system is important for two reasons. First, many biological systems
tend to operate close to such a state, where the overall concentrations of metahadites do
change, even though flux is running through the system. Second, from a mathematical point
of view, many analyses at a steady state are much simpler than for the differential equations
themselves, because now one has, by definitos,0, so that all differential equations
become explicit algebraic equations that can be analyzed with methods of linear algebra.
If all fluxes are known, it is usually not difficult to compute the stestdye of a system.
However, the reverse is natie: if only the metabolite concentrations at the steady state
are known, it is not easy to compute the corresponding flux distribution, because metabolic
systems almost always contain more reactions than variables. In this case, optimization

methods likeFBA or MOMA need to be employed.
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In theBrachypodiunstudy, we chose an alternative to FBA and MOMA. Namely,
we intended to obtain the most likely solution without specifying an objective function for
the FBA optimization. Because the degrees of freedom sblution to our system are
directly associated with diverging branch points, we focused on the flux split ratios (FSRS)
at these points. In cases where these FSRs were known, we used their values; otherwise,
we performed largecale MonteCarlo simulatons with thousands of combinations of
FSRs and retained only those solutions where all fluxes were positive at all time points of
an experiment. This strategy led to the most likely flux profiles. Details of this method are

discussed if12q and Chapter V

As a simplified example, considére hypothetical pathway in Figure 4which

has two FSRs, and hence two degrees of freedom.

Vin
— > &
"
v, D V,
avadh e @ ——

n

V, l 1-A, Vsl 1-A,

Figure 4.7 Material flow through net fluxes in an illustration example. Without
labeling, it is sufficient to model diffusion fluxes as net fluxes. However, this is not the
cag for labeling experiments (Figure 1.8

The system of differential equatioosrresponding to pathway in Figute is
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Given a set of metabolite concentrations over time, the pathway can be driven by infinitely

many flux distributiong139. To determine th most likely, the system in Equati¢h3)

is first rewritten in terms of FSRs of the system at the steady $tate®)).

Vl :\/in’ V3 = in,
V,=(1-A) MV, A=(\v 0D, + 44)
D=A Q V,=(1-A) (@ D

Now, thousands of pairsA{, A2) of FSRs are randomly generated by Me@Gtxlo
sampling withA | [0,1]. Each pair, entered into the model, yields stestdie values of
the fluxesVi, é VsandD. These are filtered to retaimly desired fluxes. For instance, in

the actual case study Bfachypodiumonly those flux profiles are retained that satisfy the

following criteria:
1 Fluxes take only nonegative values at all time points;
1 The lignin composition and S/G ratio are coriiga with experimental data.

It is theoretically possible that the estimation strategy based solely on split ratios does not
converge to an acceptable solution, and we have discussed means of addressing this
situation elsewher§l2(. Here the splitatio method succeeded without the need for

alternative methods.
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4.3.3 Modeling **C-labeling Experiments

The diffusion flux between two pools of the same metabolite in different locasons
comprised of two directions (Figure 4.8Although the two opposing fluxes have a net
value, as shown in Figures 4a#d4.7, it is necessary to consider them individually when
modeling a labeling experiment. The reason is that the labeling coneadlopool affects

the flow of label, but the net diffusion alone would not reflect the free passing of label in
both directions. For instance illustration scheme in Figure 4ddes not allow flow of
label fromXs4 to Xz throughD when labeled metabaoditis fed to the pathway througfs,

but due to the bidirectional nature of diffusion fluxes, it is evident thatwiould happen

in reality. As Figure 4.8lustrates, these bidirectional diffusion fluxes form cycles and

donodt all ow t h efstdadystaecfluxesc o mput ati on

Vin
- @
D, Vv,

-9 —@ X ——

V.

in vzlvko/lvs
r

Figure 4.8 lllustration of the flow of | abel in the same example as Figure 4.But with
explicit flux directions. In contrast to the scenario in Figure Aldbeling experiments
mandate the modeling of diffusion fluxes in both directions. Spadi the simpler
model in Figure 4.does not allow flow of label froit4 to X2 throughD when labeled
metabolite is fed to the pathway throug but the figure here demonstrates ghath flow
is clearly possible
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To tackle this issue, we first consider only the net diffusiox as shown in Figure 4ahd
compute the steady states. Then we con#idebidirectional model in Figure 4.8, employ
Equationd .2, and use conservationmfss for labeled and total fluxes at each metabolite.
For a given labeling percentabe, wherel i represents the labeled portion of the pool of
metaboliteX, we obtain for the pathway system in g 4.8

\/l+ Dr i/2 Bf !

(45)
L1V1 + I-4 Dr :szz Ii—z Df )

which can be rewritten as

(4.6)

L, - L, ’
Similar calculations for pooXs yield

V,+D, ¥, ¥ D
L3V3 + I_2 Df :L4V4 I:|:4V5 Lj{)r ’

(Lz B Ls)vs

D = N, V. (4.7)

By equatingD sfrom Equations4.6 and4.7 one obtains

L = L2V2' lel 'L3V3_
* V-V, -V,

(4.8)

Assuming that.; andLz are known from inputs of the pathwa¥i,, we can computks

from the computed steadyate fluxes in the previous step and an estinated
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ThereforeL: is the only unknown to be estimated, andD randD ( can consequently be
computed. Indct, we only need to estimate the label level of one of the parallel metabolite

pools in the cytosol and ER compartments.

Similar to the use of split ratios, vectois generated randomly by Mor@arlo
sampling, and the labeled fluxes can then be cordputee labked fluxes corresponding

to Figure 4.&re

Vv, =L Vi, =(1-L) VO

V, =L@, Ve =(1-L) VD

Vv, =L, 9, V,, =(1 -L) VO

v, =L, 9, V,, (¥ L)V, (4.9)
v, =L, @ V,, =(1 -L,) VO

D, =L, B, D, =(11)00

D=L, B,  p,=(11,)00

Closer inspection demonstrates that the model inrEig.7 which considers only net
diffusion, computes the labeled portion asL.D, which is equal td>(D¢ 1 D),

whereas Egation(4.9) quantifies the net labeled fluxlasD+ 1 LaD; .

The fluxes for thérachypodiumexample were defined in this manner. Labeled
fluxes that satisfied the model criteria for labeling experiments were recorded. The criteria

were

1 The labeled lignin composition is compatible wits-phenylalanine antfCo-

tyrosine experimental data; and

1 The labeled ferulic acid an@coumaric acid levels match the experimental data.
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The recorded flux vectors were plotted using boxplots, whifgr a visual representation

of the distribution of most likely flux values within their admissible ranges.

4.4 Discussion and Conclusions

The puzzling results dfC-labeling experiments on lignin pathwayBnachypodiunhave

raised the hypothesis of tpessibility of distinct phenylalanine and tyrosine pathways. In

this chapter we presented a computational model that agreed with the hypothesis in a step
by step manner. In factve showed that it is not possible for the lignin pathway in
Brachypodiumto have distinct incorporation of phenylalanine and tyrosine in different
lignin units without spatial compartmentalization of the pathway. We showed the necessity
of this compartmentalization in keeping the fluxes from a uniform dilution. Furthermore,
similar to our previous model in switchgrasd, and the radels developed by Leat al.

in Medicago[18, 58], channeling of denstream enzymes CCR and CAD is a key feature

to explain labeling data.

These computational resulggeld new insightsnto the dynamics of the pathway,
and at the same time pose a question on the correctness of the previously developed lignin
models that do not include compartmentalization of the pathway. One should note that in
a systemic approach, and in contrast tmechanistic approach, the overall dynamic
behavior of the system is the measure for designing a model. In other words, necessity of
including a feature of a system defines the structure of a model, rather than the actual

existence of that feature. Therefpwhile compartmentalization might be also present in
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switchgrass antedicagg the models did not need to include them in order to be able to

capture the experimental data.
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CHAPTER V

Stepwisel nferenceof Likely Dynamic Flux Distributions from

Metabolic Time Series Data

5.1 Introduction

A key step of any computational modeling is the identification of an adequate mathematical
representation of the phenomenon under study. Only with an appropriate representation of
all processes involved in thehenomenon will the model have sufficient predictive
capacity with respect to new experiments and data. While the importance of an adequate
model choice is quite obvious, most modeling efforts begin by simply assuming
mathematical formats for the procespnesentations, even though these are often unproven
and may be substantially wrong. For instance, many metabolic systems are modeled with
MichaelisMenten rate laws and their generalizations, even though it is not known to what
degree these functions, whiwere developed for analysesvitro, are validin vivo[153

162, 179.

5 The material in this chapter has been published 26: Faraji, M. and E.O. VoitStepwise Inference
of Likely Dynamic Flux Distributions from Metabolic Time Series DBtainformatics, 2017.
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A method that attempts to infer uabed process representations from metabolic
time series data is dynamic flux estimation (DFE), which was introduced a few years ago
[118. DFE consists of two phases: a meffek and a moddbased estimation. In phase
1, the dynamic flux profiles are estimated. Toéesurs through smoothing the time series
of metabolite concentrations, for which numerous techniques are avakaf)¢180-

184)). The slopes at many time points are then substituted for the time derivatives on the
left-hand sides of the differential equations (ODESs) of the model, so that each original ODE
is replaced with a system of algebraic equations, whicHiaear in the fluxeslif the
stoichiometric matrix of the system is square and has full rank, these equations can be
solved directly with methods of linear algebra. The result is a collection of flux profiles,
which can be plotted against the appropriatéatées and reveal the shape of each flux,
although not its mathematical format. In phase 2, functional formats of the fluxes are
chosen, based on their shapes, and parameterization provides a fully characterized kinetic
model. By separating the proceduoé$lux profile estimation and parameterizing the flux
profiles, the method minimizes compensation errors which are commonplace in

simultaneous parameterizations of the entire sy§1di§ 172 185.

The drawback of DFE in phase 1 is that
because the number of fluxes exceeds the number of metabolites in most pathways. Thus,
the system is underdetermined, and linear algebra tells us that infinitely many solutions
exist for such a system. As a consequence, a given time series of metabolic concentration
data is theoretically consistent with infinitely many different dynamic flux distributions.
Expressed differently, a wrong model may not only be obtained from a dataset due

to invalid biological assumptions or omissions of important features, but also due to the
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fact that numerous equivalent models may exist that represent the dynamics of this dataset
with the same, often very reasonable accuracy. However, #tieseative models may
diverge substantially for other datasets. This divergence implies that a model may be
representative of the system within a limited vicinity of the provided dataset, but easily

fails to explain the pathway system in an expandedespac

Several approaches have been proposed to address this stoichiometric under
determinedness, ranging fraad hocstrategies to generic mathematical methods.
Biologically the most straightforward solution is the use of additional, independent
information egarding a flux, which may come from knowledge of its kinetics. Also
intuitive is the merging of fluxes where, for instance, a pair of forward and reverse reactions
is replaced with a single net reaction, which reduces the degrees of freedom by one. Along
the same lines, a cycle of metabolites may be condensed into a singlég&oFrom a
mathematical point of view, one could try to address the underdetermined systems
pseudoinverse techniqugs37-189. However, using something like the Mod?enrose
pseudoinverse typically leads to negative fluxes, which are often not feasible biologically
[139. Because we pretend to know the directionality of all fluxes, we will show that we
can filter out solutions that include negative fluxes, which we consider infeasible. The
generic, interesting problem we have is not that there is no solution, but that the® are
many solutions. Furthermore, we know that if the problem is set up correctly, the true
solution should be among them. Thus, appropriate constraints allow us to eliminate wrong
solutions and to restrict the space of feasible solution, which shoulldostifin the true
solution. Computational approaches may introduce upper and lower bounds for some or all

of the fluxes, which constrain the feasible solution space. One could also limit the space of
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potential flux profiles by eliminating oscillatory stilons that might not be consistent with

the biological system. A different strategy for systems at steady state is the optimization of
the solution within the feasible space. As a prominent example, stoichiometric and flux
balance analyses (FBA) often defimaximal growth as an objective function for microbial
systems and determine the flux distribution that optimizes this objective fuf¢goty,

86]. For other systems, the choice of a suitable objective function is sometimes unclear.

In this work, we propose an essentially unbiased method for inferring dynamic flux
distributions in underdetermined metabolic models that are statistically most likely. The
approach reduces the degrees of freedom of the stoichiometric matrix in a stepnnse.

In favorable situations, the method is able to eliminate all degrees of freedom in a small

number of steps and quickly yields a statistically likely distribution of fluxes.

5.2 Methods

The dynamics of a metabolic pathway system is typicajtyesentedybthe stoichiometric

equation
X=N (5.1)

In this representation, the state variabls, are the metabolites atlis the

corresponding vector of the rates dfangeV is the vector of fluxes amd is the
stoichiometric matrix, which describes the connectivity between the fluxes and the pools

of metabolites. We assume that time series measurements of the metabolite

concentrationsX, , X, ,...X, are ailable atk time points. It is to be expected that these
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data are spread out relatively far and contain moderate noise which, at present, is the typical
situation. Nevertheless, continuing improvements in experimental techniques render it
likely that future time series will be generated in replicates and are denser and less noisy
than what is feasible today. Even moderately noisy data contain rich information, and
numerous good smoothers have been developed over the past decades. As long as the data

represent the time trends adequately, these smoothers can be employed not only to

approximate the true trends, but also to obtain estinfjtesy,.....§ of the
sIopes)"(tl,>"<t2 ..... >"<tK theK time points of measurements. These slopes mapsidve or

negative, depending on the situation. For instance, it may be possible that a substrate is
being used up, which will lead to a decreasing trend. In terms of locally negative slopes
that are entirely due to noise in the data, effective modeoots@rs provide for the option

of predetermining a desired balance between data fit and roughness of the resulting trend
curve €.g,[180, 183 190 191]). In our case, it is important to capture the trend rather
smoothly. Of course, there will always be cases where the data are so noisy that they do
not reflect the truérends. If so, this method, as well as many others, will not yield reliable

results and, in fact, the data themselves seem to be of little value in such cases.

Substituting the estimated slopes for the time derivatives & timee points, the

stoichiometic equation(5.1) becomes
S=N W (5.2)

which, at every time point, is a set of linear algebraic equations in the flux wglues
because the leftand side now contains numerical val{E32-195. Of course, the fluxes

are functions of metmwlites and thus of time, but at each time pdtufation5.2is a
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regular algebraic matrix equation in flux values. If it is possible to solve these equations at
every time point, the collective result is a complete set of flux values, for each prodess a
for every time point. Expressed differently, a set of metabolic time series data can be
converted into a complete set of fluxes over the measured time horizon, and this conversion
is essentially assumption free and unbiased. The fluxes are numergtaltynohed, and

their functional formats are unknown. Appropriate formats may be inspired by plots where
the values of a flux are plotted against the metabolites that affect this flux, one time point
at a time. This procedure was introduced in this jolaa&ynamic Flux Estimation (DFE)

[118 and is also the basis for a novel manner of nonparametric dynamic mddé&hg

DFE works very well iEquation5.2 can be solved uniquely. However, the number
of fluxes in metabolic pathway systems is typically greater than the number of metabolites,
which causes the system to be underdetermined. In other words, given the slopes at a set
of specific time points, the system has infinitely many solutions for thenéet these
time points, which all match the data perfectly. This infinite set of flux solutions
corresponds to an infinite set of models of the system, which all perfectly coincide in the
observed dataset. One could surmise that more data points @etilee would solve the
problem, but that is not necessarily the case, because the redundancy is a structural feature
of the stoichiometric matrix and, thus, the connectivity of the pathway system. As it was
mentioned earlier, numerous approaches have peeposed to address this issue,
including general techniques aad hocstrategies. All of these approaches require either
additional biological information about the system or assumptions that may or may not be
justified. Here, we propose a mathematiaatl computational tool for identifying flux

distributions that are in a statistical sense most likely.
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5.2.1 Split Ratios atBranch Points

Most metabolic pathways contain branch points where a compound is used as the starting
substrate for two or more pathwawéth different end products. The amounts of mass
entering these different pathways are characterized by the flux split ratio and increase the

degrees of freedom iBquation5.2. Figure5.1 depicts a very simple hypothetical pathway

with two branches, aX, and X,. The three metabolites and five fluxes lead to two degrees
of freedom. At the steady state, the first siiio, A, is defined as the ratio 8 to V.,

and B is correspondingly given as the ratio\yfto V,. In gereral, A and B can have any
real values between O and 1. Due to the conservation of mass, the ratio
of V, toV, is 1- A, and the ratiof V, to V, is 1- B. Analogous considerations hold for

more than two pathways diverging from a branch point.

A B
-y X)) — X)) — (X)) —>
V,, \) v, v, \) v,

1-A l v, 1-B lvs

Figure 5.1 A hypothetical pathway with two degrees of freedomSplit ratios
determine the percentage of each flux leaving a metabolite pool toward different
pathways, compared with the total influx to the pool

At a transient state, the rate of change in the metabmeeds to be taken into account as

well. For the system iRigure5.1, system equations are
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X
X, =V, -V, (5.3)
X

Given a known input,Vin, and the rates of change in the metabolites, we can

rewrite Equation5.3 such that théluxes are functions of the inp\t, and the split ratios:

V1:Acé‘/in')'(ll)' V,=B 3'5('3)-
V, = (1' A)Cé‘/in - Xl)' Vs = (1' B)Cé‘/3 - X3) (54)
V, =V, - X,

In general, the numerical values of split ratios are unknown, although coarse information
is available for many branch points. For instance, the amount of material branching off

glycolysis into the pentose phosphate pathway is often 10&ss(e.g, [196-198).

If reliable information is available, it can be used to define the numerical range for
a split ratio. If not, the range is taken to be [0, 1]. Split ratios collectively form a vector in
a", wheren denotes the degrees of freedom. To explore the repertoire of behaviors of a
given system, a largecale Monte Carlo simulation may be conducted where the set of split
ratios forms a hypercube #1. For each time point, the randomly generated split rat®s
plugged intoEquation5.4, and a set of vectors of fluxes is computed. Some of these are
likely infeasible due to biological constraints; for instance, they could contain negative
rates for other fluxes in the system. Other constraints, such as ugpeteo bounds for
some of the fluxes, or any othepriori knowledge regarding the split ratios, are very
helpful, as they reduce the feasible solution set. For small numbers of branch points, grid

sampling may be preferred over a Moarlo simulation.
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5.2.2 Metabolic Energy Assumption

Even if various constraints can be imposed, the solution set typically contains infinitely
many solutions with diverse dynamic qualities, which all are equivalent in a sense that they
fit the metabolic time series data. Howewhese equivalent solutions often differ quite
substantially in the total amount of metabolic energy they incur, because some flux
distributions contain overall much higher flux values than others, even though they result
in exactly the same metabolicofifes. A measure for this total energy is the Euclidean

norm, which weexamine at each time point (Figls2).

B(t,)

1
f V‘!,T,k ’ V2,1,k ’ v3,1,k ’ v4,1,k ’ V5,1,k N1,k

v1,r.k ! Vz.r,k 4 v:a‘,r,k ’ v4,r.k ’ v5.r.k Nr,k

1 A(t,) t t

Figure 5.2 Admissible solutions, matrix of the admissible fluxes and array of
admissible flux norms. Using a grid search (here for an illustration pathway with two
branch points) leads to a matrix representing the entire set of admissible fluxes of the
pathway at every time point. To capture the entire time horizon, these matrices are stacked
up. At any given time pointk, some grid points may be inadmissible, for instance, because
they contain negative flux values. As a consequence, only a subset of grid points (gray
circles) is admissible. Each grid point corresponds to a vector of admissible fluxes that
constitute the ow of the matrix at each time slice, and different rows are admissible
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solutions that correspond to different grid points. It should be noted that different sets of
grid points may be admissible at different time points. For each row in the matrix of the

fluxes, the Euclidean norm is computed. This collection of norms forms a matrix where the
columns correspond to different time points and the rows to admissible solutions at each
time point

Collectively, for a MonteCarlo or grid sample of fluxistributions, the values of these

norms form a frequency distribution at each time point.

Thus, the initially uniform distribution of admissible split ratios is nonlinearly
transformed into a neaniform distribution of norms. The benefit of this transfation is
that we can now zoom onto intervals with the most likely flux distributions, namely those
intervals that result from many more combinations or split ratios than others, and disregard
solutions outside this interval. Specifically, we can estinthiee most likely flux
distribution normy* by minimizing the sum of the distance functions, weighted by the
probability distribution of all admissible solutions at each time point. Thus, thetivbje

function takes the form
S . A2
ming Pr(y)dy ¥ ). (55)
i=1

where they. 0 s are the nor ms o f Pr(g)dsnthes mobdbilitye s ol u
of y, according to the distribution of theadmissible solutions at each time poirgttig

the first derivative irEquation 55 equatlto zero yields the estimator

y =aPr(y) 9. 6)

i=1
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which is the expected value of the norm distribution, and thus its medsing this mean,

as well as the standard deviatibat eacime point, we select those norms that fall within
the range N in a distribution resembling the normal distribution, the randédughly
covers 68% of the data. In cases of highly skewed or multimodal distributions, other
selection strategies for likeranges might be preferable. For instance, one could take the

smallest range that corresponds to 50% of the mass of the distribution.

5.2.3 Reducing theDegrees ofFreedom

It is sometimes technically feasible to measure influxes and effluxes, and maybe even

interior fluxes within the systems. Such measurements automatically reduce the degrees of

freedom[99, 141]. For instance, if flun/;, can be measured, tit equation in §.1)

becomes
dax .. o
d_tl- Ni s 2 a N,J\j/ (5.7)
j=Lj 3

so that the entire system effectively contains one variable less. Nonetheless, it is rare that
the model can be reduced to a 4ahked system. Thus, even though it is possible to
constrain the underdetermined solution, the resulting system typicallypstiinits

infinitely many solutions.

To achieve further reduction, the sets of fluxes and split ratios are investigated
individually. The generic argument is the following: If the vast majority of simulations
identifies a particular split ratio that alwalals within the same narrow range, then this

range is assumed to be most likely, and the split ratio is subsequently fixed at the mean or
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median of this range. This setting reduces the degrees of freedom among fluxes by one.
With the split ratio fixed, aew round of simulations is initiated, and further split ratios
within narrow ranges are again fixed. This procedure eventually leads to a unique flux

distribution that iSn some sense most likely (Figure 6.3

< ~\

smooth time series data X

4 ol m)
e

o
~ distance

‘ |
determined fix fluxes/split ratios
system with small variation
| [ /

Figure 5.3 Flowchart of the proposed inference method for flux distributions.The

input to the method consists of smoothed time series of metabolite concentrations, from
which slopes are computed. A Mo+®arlo or grid simulation genates very many flux
distributions corresponding to sampled split ratios. MNegative (and possibly otherwise
constrained) flux vectors are retained. Euclidean norms of the retained flux vectors are
calculated at each time point, and all solutions withia tange N dre kept. The time
series of split ratios and the flux distributions of the selected solutions are plotted, and
solutions with relatively small variations are numerically fixed at their means or medians
in order to decrease the degrees ofdoge. The process is iterated until it yields a unique
solution
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A challenging situation occurs when all fluxes hold wide variations, which would prevent

the algorithm from proceeding. This case is addressed in the discussion.

5.3 Results

Casestudy: Lignin biosynthesisin switchgrass
SwitchgrassRanicumvirgatum) has been identified by the U.S. Department of Energy as
a  target source for bioethanol production (BioEnergy Science

Center;http://bioenergycenter.org/besc/research/biomasy.tfnprevious worKChapter

3 and[3], we analyzed the structure and regulation of its lignin biosynthesis pathway, with
the ultimate goal of prescribing gene or enzyme modulations leading to more favorable
lignin production. Specifically, we construct@edcomputational model of the pathway
using steadystate data of the wild type and four transgestrains of switchgrass (Figure

5.4). The data included measured levels ef & and Glignin, which are the building
blocks of the lignin heteropolymeHere we use this model as an illustration where we
assume tdhave full knowledge of the system and its features. Specifically, we generate
virtual time series of concentrations of all metabolites in the pathway and pretend that they
were smoothed experimentita. The aim is to infer the most likely flux distribution using

the method proposed in the previous section.
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Figure 5.4 Lignin biosynthesis pathway in switchgrassSeven branch points give rise to

as many degrees of freedom. At each branch point, the total efflux splits into two or three
fluxes. The parametric split ratios are shown with capital letters. Conservation of mass
dictates the sum of the split ratios atle branch point to be 1. Adapted frBi.

The lignin biosynthesis pathway consists of 16 metabolites and 23 fluxes, which result in

seven branches; iFigure5.4, the split ratios are marked with capital letters. The variables

are

: phenylalanine,
:cinnamic acid,
. p-coumaric acid,

=

N

w

: p-coumaroyl CoA,

: p-coumaryl aldehyde,
: p-coumaryl alcohol,

: caffeic acid,

(o2} a1

X XX X X X XX

: caffeoyl CoA,

[ee]

Xq

:ferulic acid,

: feruloyl-CoA,

: coniferaldéyde,

: coniferyl alcohol,

: 5-OH-coniferaldehyde
: 5-OH-coniferyl alcohol
:sinapaldehyde,
:sinapyl alcohol.

(5.8)

136



The system equations cantgevritten for the spi ratio analysis as follows

V=V, =X, Vis=D @ Xg)’

XZ f\\f ->),<(2’ Vi,=E @/11 Vs Xio)’
V3;::@'3'X) Vis=(1B) (@ Vit X,
: 3 ‘ Vie=F @, Xll)’

Vi =V, -X, )

V, =V, _)'(6’ Vi; =G @115 Vs Xlz)’
V,=B @/3 )(4), V18:(1 'F) (‘@4 >(11)1 (59)
Vy=(1-A B) (W X}, Vis=(1 G) (& Vir X,
V,=C &, )(7), zzof://m ';(13’
V10:(1 -C) (‘@ X7), 21: 19 14
V.=V X Vo = Va0 ~Xys

u=t e V.=V, W, X
V,,=(L -D) (‘@0 Xg) 23~ Vo1 WVpo TNg

HereV,, is the input, andA B,C,D,E,F,G] is the vector of split ratios. For normalized
comparisonsy,, is set as 100%, sthat the input of the system is a unit flux which is

distributed throughout the pathway.

The seven degrees of freedom correspond to an initial sampling spaéeAin
priori knowledge about the pathway helps us to reduce the sampling space from a unit
hypercube to a smaller volume. Namely, biological information about the pathway attests
that the ratio between the production efighin and Glignin in switchgrass is in the
vicinity of 1, which allows us to define a constraint for the rativVgf'V, ;. It is also known
that Hlignin accounts for only about 3% of the total lignin. We use this information to

constrainA loosely to a value smaller than 10% of the flux that leaves the Xgol
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Furthermaoe, V;consumes at most 10% of the efflux frody . Thus, along with the

constraint forA, we may set a loose lower bound of 80% BorSimilarly, it is reasonable

to assume tha¥,,accounts for roughly 10% of the efflux froiXy, which allows us to

constrainD . Taken together, the sampling space for a grid search in the first round is
Ai [0.01,0],

B,Di [0.8,0.99 (5.10)
C,E,F,Gi [0.01,0.9)

Regarding the S/G ratio, we set the range
Vs /Vip-1 0.2, (5.11)

which allows for 20% deviation from 1.

Using the settings iEquations5.10 and5.11, we generated a gridsr'. Each grid
point corresponds tosevendimensional vector that contains the values for the seven split
ratios. We substituted these vectors back Hgoation 5.9and computed the flux
distributions for all grid points. Intriguingly, only 5% of these flux distributions had

entirelypositive values at all time points and were retained.

As the next step we computed the norms of the flux distributiigare 55is a
visualization of the timarray of the norms. Each vertical slice corresponds to a column in
the matrix of the norms ardgepicts the distribution of the norms of the admissible fluxes
at a specific time point. The gray band exhibits the ranfed\s it was described in the

Methods section, we record the solutions within the gray band and discarded the rest.
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Figure 5.5 Distribution of flux norms in iteration 1. Left panel: The gray band depicts

the range N &vhich contains about two thirds of the solutions, at each time point; the
mean is shown in black. The thick déke boxes represent the second and third quartiles,
and the white line is the median, which is similar to the mean. The thin blue lines are the
first and fourth quartiles. Right panel: Histogram of norms in the left panel at the steady
state, and range Bi(grey).

All split ratios and flux distributions corresponding to the retained solutions (gray band
in Figure 55) are plotted irfFigure5.6. The plots indicate that both and B show small
variations. The compatd mean ofA is 0.04. Therefore, for the next iteration we

fix A=0.04, which decreases the degrees of freedom by one. At this point, we could have
fixed B as well, but for our illustration we will not take this shortcut. The same results,
restricted to the steady state, are showkFigaire 5.7i for comparisons with further

iterations.
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Figure 5.6 Split ratios and flux distributions within the range ¢ Nd&f admissible
solutions in iteration 1. Similar toFigure 55, the boxplots at each time point reflect the
quartiles. Panela) depicts the split ratios and panb) the flux distributions. Note that
four of the fluxes already exhibit rather narrow ranges. The first three fluxes are
independent of the split ratios, and therefore not shown
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Figure 5.7 Steadystate split ratios within the ranges N &f admissible solutions.The
subpanels correspond to the last time point (steady state) of each iteration. Each horizontal
bar shows the median at the given iteration, and the boxplots represent the quartiles of split
ratios
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Fixing A reduces the sampling space for the second iteratia’f.t8ince A= 0.04, and
because we considered an upper bound of 109%,forve can refine the sampling interval

of B and set its lower bound t&%. Computing the flux distributions using the refined
sampling space and screening for nonnegative solutions determines the admissible
solutions of iteration two. Similar to iteration 1, the norms of the admissible fluxes are
computed and the solutionsthin the range Nare retained. The time array of split ratios

and flux distributions corresponding to the retained admissible solutions are exhibited
in Appendix B: Figure B.1. Figure 5.7ii exhibits the split ratios corresponding to the
retained admissible solutions at steady state. Split Batexhibits the smallest variation,

and thereadre is fixed at its mean value, 0.89, for the third iteration.

For the third iteration we sample the array[@fD, E, F,G] from 515, and compute
the flux distributions. The admissible fluxes within the rasgdare retained
(seeAppendixB: FigureB.2b). The corresponding split ratios at steady state are illustrated
in Figure5.7iii. The plot suggests thdd is the best candidate to be fixed in this iteration.

We assignD =0.91, the mean value, and proceed to the fourth iteration.

Following the same procedure as in previous iterations, we achieve the split ratios
and flux distributions of the retained admissible solutions with four degrees of freedom
associated witlC , E, F and G (seeAppendixB: FigureB.3). Although the width of
the G distributionis not all that small, the standard deviatiorn@fs relatively small and
the distribution is dense at the lower bound. Therefore, for the next iteration, @edix

its mean value, equal to 0.66 (Fig&&iv).
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Figure5.7v indicates that the distributions of the remaining split ratios in iteration
five are relatively wider than before so that the next choice is ambiguous. However, the

plot of V,4in AppendixB: FigureB.4b indicates a very narrow range, independent of the
split ratios. Thus, we can fiY;g and compute/;4 for any given value o¥,, such that
conservation of mass is preservedl X,;. The split ratidFis then automatically
determined by, 4/V,, (seeFigure 5.4) rather than by sampling from the grid, which
reduces the degrees of freedom to two. Furthermore, fMindeadsto the direct

identification ofV,, andV,,. One could simultaneously fi¢,; andV,,. However, this
strategy would not reduce the degrees of freedom further, but add an extraictrghich
would make thesystem overdetermined (segure5.4). A regression model could then

determine the optimal flux distribution. We do not pursue this solution here.

In iteration six, only the split ratidS andE remain to be unknown (Figuge7vi).
Variation in the split ratid- is explained by the fact that althougisis fixed,Vigis
dependent oN14, whereVus itself is a function of the unknown split raio(seeAppendix
B: FigureB.4). Therefore, sampling from the grid space leads to variationvn, Vis and
consequently as the ratio of the two. Thus, we &b its mean value of 0.65 and proceed

to the next iteration.

Figure 5.7vii shows that in this iteration the rangeNdf the norms of the
admissible solutions (corresponding to the gray band) is not sensitive to the value of split
ratio C, and the retained flux distributiomr&gpendixB: FigureB.5a) are such thaC can
have values almbshroughout the entire interval of (0, 1). This observation leads to the

conclusion that any error i@ does not affect the flux norms distribution much. At the
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same time, choosing the mean value statistically minimizes the ertog e§timation, as

we argued in the Methods section. Thus, weGsdb is mean, 0.45.

With this setting, all degrees of freedom are eliminated, and the system is fully
determined by the end of iteration seveéigure 8exhibits the likéy split ratios and flux
distributions, superimposed on the corresponding fluxes in the reference model. The match
between the true and the estimated solution is very dggmuendixB: FigureB.7 depicts

the timetrend of the norms of the likely flux digtution.
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Figure 5.8 Inferred likely split ratios and flux distributions (dashed red) in
comparison with the corresponding model features (green)
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5.4 Discussion and Conclusios

In this chapter, Ipropose a method for inferring likely dynamic flux distributions in
metabolic pathways from time series of metabolite concentrations. The method utilizes
customized computational techniques that explore the space of solutions given by the
stoichiometric matrix. Importantly, the method readily allows the inclusionaof

priori knowledge regarding the pathway, including diverse biological constraints. To
compare flux distributions collectively, we employed the Euclidean norm, which in some
sense is a metricf dhe total metabolic energy consumption. High values of this norm
indicate high flux rates, which seem wasteful, since all flux distributions yield exactly the
same metabolic profile. Very low values are presumably disadvantageous as well, as they
do notprovide enough robustness and bandwiddilltw the system teespond to changes

in metabolic demand.

Thus, we decided to focus on those combinations of split ratios that resulted in flux
distributions in the center of the distribution of their norms chie defined as N @nd
which contains about two thirds of the mass of the distribution if it is more or less normal.
This strategy led to some rather narrow and some wider bands of dynamic trends, which
suggested which split ratios to fix in the négtation. Ultimately, this process resulted in

unique, timedependent distributions.

For the illustration example of the pathway of lignin biosynthesis in switchgrass,
the method converged within a few steps and yielded flux trends very similar torthose i

the model used to generate the data. This strong similarity between the inferred and actual
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fluxes certainly does not validate the method, but lends it support. The method performed
similarly well when we applied it to a simplified model of purine meliabo These results

can be found in théppendix B We furthermore tested a much simpler version of this
method to a fermentation pathway with two branch points (results not shown; plLt$ee

199, 200).

Like any other modeling framework, the proposed method has its own advantages
and drawbacks. As we g@nstrated, it works well under favorable conditions. However,
the method has two issues. First, it requires good, representative data, which at this point
in time are rare. However, the methodologies of molecular biology have advanced very
rapidly in recat yearg201-204. Whereas there were essentially no time series data two
decades ago, they have becamque common, and it is to be expected that more, better
and cheaper methods will emerge for measuring representative time series datasets.
Secondly, the method emphasizes statistical likelihood, but it is of course possible that
some pathway is naturalparameterized in a very specific, raverage fashion. The only
guard against this situation is additional biological information that may be used to

constrain some split ratios or fluxes.

A technical issue may ensue when none of the dynamic trendst iragpé or flux
norms displays narrow bands. One possible reason for this situation is the existence of
unrecognized relationships among fluxes. Such relationships may be identifiable with
methods such as principal component analysis (PCA). For instameght be possible to
identify a specific relationship between two fluxes that allows the numerical coupling
between the two. This situation lowers the degrees of freedom by one, and allows the

algorithm to continue.
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The choice of an adequate model esgntation is paramount for uses of a model
under new conditions. A considerable challenge in this model selection is the fact that
compensation among its components may allow drastically different models that fit
training data very well, but may fail sgacularly for other data. Dynamic Flux Estimation
(DFE) addresses this issue by characterizing the shapes of individual fluxes within pathway
systems from metabolic time series data. These flux shapes can subsequently be converted
into explicit, parametezed functiond118§ or into libraries for nonparametric modeling
[119. Unfortunately, DFE suffers from the existence of infinitely many equivalent
solutions in underdetermined stoichiometric systems, thate is little guidance with
respect to the best solutions within this set. The method introduced here reveals likely
dynamic flux distributions, based on relatively general assumptions. Of course, the method
is not failsafe, but with the quickly advangi development of techniques for generating
high-quality experimental time series data, we expect it to become increasingly more
powerful and provide a straightforward and relatively unbiased approach to the

computational characterization of metabolic patis.
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CHAPTER VI

Nonparametric Dynamic Modeling®

6.1 Introduction

Ever since the digital revolution drove analog computing to the brink of extinction, the
design of computational models for complex systems has become an effort in choosing
optimal mathematical representations and their parameter values. For most physical and
engineering systems, the choice of model functions is directly guided by our rather solid
understanding of basic physical concepts, such as mechanical or electries|l ddcdion

and dispersion phenomena, optical processes, and the features of electric circuits.
Biological systems are, of course, objects of the physical world and must therefore obey
the laws of physics, but most processes that govern even moderatlybslogical
systems are so convoluted that they cannot be dissected into elementary physical
representationf209. As an example, the transmission of a neuronal signal at
adopaminesynapseequires electrical activation, the prior biochemical production of
dopamine and its packaging into membraesicles the move of these vesicles through

the crowded ytoplasm toward the synapse, the merging of vesicle and cell membranes,

8 The material in this chagr has been published 4€:9. Faraji, M. and E.O. Voit,Nonparametric
dynamic modelingMath Biosci, 2016.
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the opening of this membrane toward the synapse, the release of dopamine out of the
vesicle and through the synaptic cleft to a receptor on the postsynaptic neuron, possible
interactions with othemeurotransmittersand binding to the receptor. This binding in turn
triggers a slew of additional mechanisms inside the signal receiving cell, including the
complex process of signal interpretation which in the case of dopamine is often
accaonplished through multiplphosphorylatiorof the specific protein DARPP32, and the
possible longerm adaptation to repeated stin@06-209. Thus, a very coarse model
could easily capture the fact that a signal moved from one neuron to another, but a detailed
mechanistic model becomes quickly bogged down in the minutiae of the numerous

intertwined biophysical processes that involved in signaransduction

Because elementary physical descriptions are often infeasible, the biological
systems model er i s f orded 0t oproesoadt r ¢ pr e
hocmodels, suitable approximations, or combinations tfer& good example is the
Michaelig Menten function of enzyme kineti¢$08. Its underlying concept is a process
that postulates theeversible formation of a biochemical complex between an enzyme and
its substrate and the subsequent release of the product of the reaction and of the enzyme,
which is used over and over again. Under idealistic conditiongro, this concept is
believed to be quite realistic. However, within living cells, the prerequisites for the
involved massaction functions are clearly not satisfied, and theated quassteady
state assumption, which is needed to formulate the proctsa simple, explicit function,
only holds under certain conditions. Thus, an idealized concept, formulated with the help
of somewhat doubtful approximations, becomes a highidr process representation for

enzyme catalyzed reactions. Indeed, the Midkiddienten function performs welh
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vitro and, in an approximate sense, presumabiyvo, although this is not really known.
For simulations of large pathway systems, this function is often used as well, but its
mathematical features become rather cusdree, even for standard model assessments

such as sensitivity analysgxl(.

Notwithstamling these mathematical issues, it is common for the biological
modeling community to base simulation studies in a variety of fields on a rather small set
of functions, which are used time and again and prominently include-antss,
Michaelig Menten andHill functions, which often include regulatory terfil1]. The
users of these functions rely on the argument that these functions sulit their gumposss
as black box&s and ae sufficiently accurate if one considers the typical noise encountered
in biological data. Furthermore, these particular functions at least have some foundation
and rationale in biology, whereas the use of a function like a shifted arctangent has very
little justification, except that its graph isskaped and therefore might resemble some

saturation processes in biology.

True alternatives to thesel hocapproaches are generic approximations.
Linearization, the simplest of these, has been enjoying enorsncussses in engineering
applications for many decades. For the representation of biological phenomena, by
contrast, linear models tend to run into conflicts with the genuine nonlinearities that
characterize living systems. For instance, common featukes slaturation, stable
oscillations, threshold phenomena, synergisms, or chaos cannot directly be modeled with
linear equations. A logical solution might seem to be the expansion of linear models to
secondorder Taylor approximations, but these become sdkward for larger

systemg217 that very few modelers have resorted to this option. Instead, many biological
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modeling groups have been using povesy approximations, which are nonlinear, but
have linear characteristics in logarithmic space. Biochemical SystemasyT(BST;[122,

158 213 214)) andMetabolic ControlAnalysis (MCA;[82, 84, 215 216), which directly

or indirectly utilize powedaw representation®217, 218, respectively, have had success
with analyses of a wide variety obmplex biological systems (for a review, $&23).
Notwithstanding their successes, posax representations are local approximations and
therefore genuinely limited in theaiccuracy of capturing phenomena over large ranges of
variation in the involved variables. As a case in point, univariate pawefunctions in
BST do not saturate for large substrate concentrations, ahoglimodels, which are
associated with MCA, beare negative for small substrate concentrations and tend
towardi Bfor substrate concentrations approachinn@3b-137]. As an alternative to these
canonical powetaw models, one could use sigmoidal basis functions, butefalistic
models this option requires correspondingly larger numbers of parameters that need to be

estimated132 219.

Even if reasonable guideposts could benfb to justify the choice of appropriate
model representations, the second step of model identification is still to be performed,
namely the estimation of parameter values. For moderately sized or large models, this
estimation is always challengifg20-227, due to noise in the data, roanvergence of
the search algorithm and other problems, or because the woaled was chosen after all.

To make matters worse, even an excellent fit is not necessarily optimal, and the
parameterized model may perform poorly in extrapolations, because the original fit was

obscuring the compensation of errors among some terms withimodel .9, se€[172,
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1859). Furthermore, an excellent fit may be the result of overfitting with a model containing

too many parameters.

These challenges and compromises lead to the obvious question of whether it might
be possible to glean appropriate functions directly from experimental biological data,
without presupposing potentially unjustified mathematical formats. The method of
DynamicFlux Estimation (DFE), which permits a relatively unbiased estimation of fluxes
within a system and which will be reviewed later, took a first step toward answering this
guestion affirmatively, at least for metabolic systems under ideal condifidgs Still,

DFE requies some choices of model frameworks when the task is setting up a model from

scratch.

Here | describe a novel variant of DFE that makes such choices unnecessary, at
least under favorable conditions. Given such conditions, the overall result of the pgropose
strategy is that it is possible to develop dynamic models morgparametricmanner.
Intriguingly, the resulting nonparametric models, which make no assumptions regarding
parameter values or even mathematical formats, beyond the topology of the sgsatain, p
most of the typical diagnoses and analyses that are possible with a fully parametric model,
which may be considered the gold standard in the field. As a consequence, simulations and
other analyses can be performed without the complicated and citsdlstep of choosing
models and parameterizing them, if suitable data are available. The data needed for this
purpose consist of sets of time series that representatively capture the dynamics of a system

under relevant inputs.
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Both DFE and the nonparametvariant proposed here are particularly well suited
for nonlinear, dynamic, regulated compartment models, because these possess the property
of mass conservation, which imposes strong, unbiased constraints that greatly aid the
formulation of appropriatenodels. As an illustration, and for ease of discussion, we will
focus here on metabolic pathway systems, but it appears that other nonlinear compartment
systems, such as SIR models of epidemiology and pharmacokinetic models, can be treated

in the same maran.

6.2 Methods

6.2.1 Dynamic Flux Estimation (DFE)
The stoichiometric equation
X=S @ (6.1)

provides a generic description of the dynamics of a metabolic pathway system. This well

known equation collectively formulates dynamic changesach metabolite of the
dX _ o _— . :
system,E:X, as a product between the stoichiometric ma&rmnd avectorof

reactions or fluxesy. This product formulation is remarkable, as it naturally separates the
linear aspects of the system from itmhinear features. Specifically, consider the situation
where the slopes of all metabolites on theaiihd sides are known for some given time
point. If so,Equation6.lis a system of linear algebraic equations, where each

variableV; represents the s&of a flux at this time point, rather than a metabolite. The
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nonlinear features enter the system secondarily, by virtue of the fact that each component
of the flux vector is a possibly complicated function of metabolites and regulators, and
therefore oftime. Dynamic Flux Estimation (DFE) makes maximal use of this separation

of the model into linear and nonlinear components.

In typical analyses, such as Flux Balance Analysis, the stoichior&epwiation
6.1 is studied at a steady state of the syqitésn77], where the vector on the ldfand side
contains zeros. DFE reages beyond the steady state, by addressing the system at many
time points of a system's trajectory, where the vector of derivatives is different from zero.
In its first phase, DFE uses time series measurements of metabolite conceniXations,
€ , Xn, alongwith estimates of the slopes of these time courses. Thus, DFE evaluates

equations of the type

dX B
d_tl at t =Slope of X at =3 5 M) (6.2)
j=1

where the slopes are numerical values, estimated from the data. Since data are typically
noisy or incomplete, it is advisabte apply one of various available preprocessing,
smoothing and data substitution techniqueg,([180, 181, 183 184]). We do not discuss

these furthethere because data smoothing techniques and the methods proposed here
constitute clearly distinct steps within the model design procedure. Thus, we will assume

in the following that the data had been successfully smoothed.

The slope substitution is performed fortime points, with the result thaach
differential equationn (6.1) is replaced with a set aof linear algebraic equations at these

time points. Collectively, these equations may be formulated as a matrix equation, where
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the variables are the flux®g rather than the metabolitEs92-195. If this matrix ha full

rank, the solution is unique, and if the equations are overdetermined, tHitipgst
solution is computed via linear regression. In the most common case, the system is
underdetermined. We will briefly skip this case here, but return to it [Bberresult of
solving the linear equations is a set of numerical flux values at each time point. Collecting
these sets for all time points it is straightforward to create a plot of each flux as a function
of time. It is furthermore possible to plot eaalxfhgainst the system variables upon which

it depends. In the case of a single substrate and no regulation, the plot is a simple line graph.
By the same token, if the flux depends on two or more variables, the result is a line on the
manifold that is giveiby the unknown flux function in three or more dimensions. This first
phase of DFE typically requires knowledge of the connectivity of the system. However, it
is to some degree possible to infer formerly unknown reaction steps and regulatory

signals[223 224 (Figure6.1).
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Figure 6.1 Dynamic Flux Estimation (DFE). The method consists of two phases. Phase

1 (top) is model free in a sense that only the stoichiometry is assumed to be known, whereas
functional forms of the process repeagations are not. The procedure in this phase is based
on raw experimental time series data in the form of metabolite concentrations. It is
beneficial to smooth these data with some numerical algorithm, such as a spline. Next, the
rate of change in eacheatabolite is obtained from the smoothed time courses. These
numerical slopes correspond to the values on thénéeftl side oEquation6.2, so that
numerical evaluation of the slopesnatime points converts each differential equation of

the model into @et ofm linear algebraic equations, in which the flux states are the driving
variables. The system is solved, potentially with the aid of additional constraints, and the
result is a time dependent, numerical profile of all fluxes. In Phase 2 (bottendyrthmic

flux profiles are fitted with appropriate functions or rate laws, and the result is a fully
parameterized dynamic model.

In Phase 2 of DFE, the numerical flux representations are converted into mathematical
functions. For this purpose, assumpsanust be made regarding the functional format of
each flux. In some cases, the shape of the flux profile or independent biological
considerations may suggest a mathematical format, but this is not guar&njeeed.2).

Once a format has been chosdre parameters of each flux representation are to be
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estimated from the available data, as it is typical for any other modeling effort. This
estimation is much simpler than for the entire system, because it is performed for a single
explicit function at aitne, rather than simultaneously for all fluxes in the system of ODEs.

The result of the two phases combined is a fully parameterized model of the pathway

system.
8 4
A B

6 3

Ny =~

x 4 x 2

=) 3
2 1
0 J 0

X1 X

Figure 6.2 Typical results of Phase 1 of BE. The flux in panel A may be representable
with a Michaeli$ Menten function. By contrast, it might be difficult to choose appropriate
formats for the fluxes in paneBsand C.

It is not directly possible to solve the linear system wherstiliehiometric matrix
is underdetermined. Unfortunately, this is actually the most common case for metabolic
systems, which typically contain more reactions tmatabolite poolsin the case of an
underdetermined system, the stoichiometric equation adrfiitgely many solutions, and
these can differ tremendously, even if the system is small, with some having monotonic
shapes, while others may overshoot or exhibit oscilla{ib89. To study these sets of

solutions, it is advisable to reduce the system mathematically to a system whose dimension
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equals the degrees of freedpbd9; for instance, in a system with six metabolites and

eight reactions, the dimension will typically be two.

A solution to the challenge of unddetermination is the Mooi®enrose
pseudoinversgl87-189. While effective, the pseudoinverse usually contains negative
values, which are not consistewith biological fluxes. Several other approaches have been
proposed. First, characterizability analysis, based on the pseudoinverse, shows directly
where additional information is needed about the system, or which metabolite pools could
be merged, to makthe equations uniquely solvalple6. Second, it is sometimes possible
to measure influxes @ffluxesexperimentally or to infer them from the d§223 224.

Third, it might be feasible tolsain additional biological information regarding some of

the internal fluxes. For instance, one might be able to deduce internal fluxes from
biochemical features of the involved metabol[te4]]. Fourth, one may use the dynamic
concentration profile associated with one metabolite to estimate flux functions for its influx
and efflux[140. This procedureequires assumptions regarding the functional forms of
these fluxes, but if the variable does not change much in magnitude, an approximate
representation is likely to be sufficient. Fifth, sufficiently many datasets may allow the
inference of a few flux mfiles directly from the datpl3§. Finally, it might be possible

to utilize biological constraintssuch as energy minimization, to reduce the degrees of

freedom within the systefi39.

If independent information regarding a flux can be found, the system of equations
becomes simpler. For instance, suppose that\Wug known in sufficient detail.

Then,Equation6.2 becomes
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. L
— 5.8 a §Y (63)
dt j:lyj ’3

where the lefhand side is numerically known and the number of free degrees is typically

reduced by 1.

6.2.2 Concepts ofNonparametric Dynamic M odeling
6.2.2.1 Overview

The core idea of nonparametric modeling is to forgo Phase 2 of DFE and instaldde

the functional representations of the processes in the system with a library of numerical
results directly obtained from Phase 1 of DFE. Of course, nothing comes for free: The
proposed substitution requires good, comprehensive data. While sudetslataay
currently be scarce, the decreasing cost of generating rich datasets renders the proposed

method increasingly more appealing.

Thus, | et us suppose that rich data are
less complete datasets and enoughetseries to represent the phenomenon under
investigation appropriately. For instance, one could imagine sets of time series experiments
with many combinations of different input and inhibitor concentrations. Collectively these
datasets form the scaffoldr the proposed modeling strategy. One should note that even a
rich dataset rarely produces complete coverage of the imaginable metabolic profile space.
One reason is that most metabolic systems have a singleiviahsteady state and that
trajectorieseven from a variety of initial values tend to approach this steady state, so that
many regions of the mathematically imaginable solution space are only scarcely covered

or not at all. While this situation may seem to be undesirable, it actually refieses t
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portions of the metabolic profile space that are most relevant and reliably represented,
while ignoring situations that may be biologically less releviaigire6.3 shows a generic

example where the trajectories approach a common steady state.

V(x, y)

Figure 6.3 lllustrative example for scaffolding the library with different datasets. The

green surface is the graph of the unknown flux funcdpq y). Each white line represents

the result of a time seseexperiment. All time series approach the same steady state
(yellow) so that many regions of the surface, such as the top right, are not supported by
measurements and may be biologically irrelevant. Thus, the set of time series results may
be sufficient o interpolate between the data (white lines) but does not allow reliable
extrapolations far beyond the data.

For metabolic pathway systems and many other compartment models, the topology
of the underlying network of components is typically known, ousesl to be known. It
is also often, although not always, known which metabolites affect each flux as substrates

or modulators. Nonparametric modeling takes advantage of this situation. It directly
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usesEquation6.2, where the stoichiometric coefficienteassumed to be given and where

the flux states are the dependent variables on thehragid sides. In contrast to parametric
modeling, the explicit functions on the righénd sides of the differential equations are
here replaced with numerical flux degtions. Thus, no mathematical formalism is used

to represent the fluxes and hence no parameterization is needed. Instead, the numerical
flux-substrate profiles are generated directly from the smoothed experimental data
processed in Phase 1 of DFE andrded in a library that is subsequently used for looking

up values required by the ODE solver. As a result, the library, combined with an
interpolation algorithm, constitutes the primary simulation tool for analyses with the
nonparametric model F{gure6.4). Expressed differently, the processes of making
functional assumptions and of parameterizing these functions are replaced by the use of a
scaffolding library and geometric interpolations, once dynamic flux profiles have been
obtained. The details of sy up the library and of the interpolation algorithm are

discussed in the next sections.
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DFE-Phase |

Nonparametric
Solution

Figure 6.4 Nonparametric modeling framework. Functional assumptions and the
parameterization of fluxes aorcumvented in nonparametric modeling. Instead, the flux
values needed at each step of a system simulation are provided fpltatdes that are
generated from the measured dynamic metabolite profiles and the inferred flux profiles.
They are stored inléorary for callup.

6.2.2.2 Library Construction

Phase 1 of DFE results in dynamic flux profiles that can be displayed against time or against
the systems variables that affect the flux. Combining the smoothed metabolic time series
and flux profilesflux-substrate relationships are generated and recorded as arrays in which
the columns contain values of substrates and regulatory agents that affect each flux, as well
as the corresponding flux value itself. The rows represent snapshots of the state of th
system at various time points and possibly from different experimEigar€6.5). To

ensure sufficient scaffolding of the fhsubstrate subspace, each array should ideally
include the dynamic profile of a flux for several experimental settings, $tarrine, with

different initial conditions.
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Figure 6.5 Generic format of the flux library . The (here artificial)data are arranged in
arrays where the columns represent a specific flux along witlsuddstrate(s) and
regulator(s) that affect this flux directly. The rows represent snapshots of the state of the
system for different time points and experiments. The specific numerical values shown
here refer to the later example of a fermentation pathwagre not of import here.

Of course, the quality of further analyses and simulations depends on the quality of
the library, which in turn depends on the quality of the available data. It is difficult to
guantify how many data have to be available, ssdbantity depends on the complexity
of the flux functions. For example, oscillatory data will often require more data points than
smooth monotonic data for a good representation of the true time trend. Thus, one can only
pose a vague criterion that mib& satisfied: the data must be representative of the trends

they quantify.
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In theory, every metabolite could be involved in every flux of the system, thereby
causing an unmanageable combinatorial explosion for larger systems. In practice, this

situation des not arise, and most metabolites are only affected by a few other metabolites.

6.2.2.3 InterpolationAlgorithm

To be useful, the nonparametric model must permit simulations of the evolution of the
modeled system over time. The model is formally specified alsad €DEs whose right

hand sides are defined by fluxes whose values are stored in the libraries described before.
By its nature, each ODE solver needs to have flux values available for essentially arbitrary
substrate and modulator amounts within reasons&dohges, which are, for instance,
bounded by the experimental datasets. In the case of nonparametric modeling, the library
consists of a discrete set of values, which covers only a finite subset of all values that are
possibly needed. To overcome this ssa method is needed that allows the ODE solver
quickly to estimate each required flux value from the data in the library. Obviously, the
quality of this type of gaffilling is directly correlated with the density and quality of the

data in the library.

A convenient tool for this task is the functiscatteredinterpolanin MATLAB
(version R2014a, The MathWorks, Natick, MA), which is applied to the smoothed data
obtained from DFE. This function generates 2D or 3D interpolations from the dataset in
the library in an unbiased manner. Specifically, the interpolant passes through the original
data and uses adjustable methods such as linear or resigggior interpolation, which
enable the algorithm to estimate flux values for arbitrary substrate and modalates

during the ODE simulation.
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For our demonstration of the concepts of nonparametric modeling with fluxes of
two or three arguments, we used the linear interpolation method. For fluxes with a single
substrate and no regulators, the functiderplwas preferred, as it is more efficient for
onedimensional interpolation&igure6.6 presents some output from this interpolation
algorithm. Panel (a) exhibits data points for a fluX that depends on two

substrate$; andS. Panel (b) visualizes theterpolated surface over a grid of inputs.
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Figure 6.6 Interpolation of a flux-versussubstrate surface for two substratesThe
algorithm uses an interpolant function that efficiently connects thepdatés. Panel (a)
shows the raw data points, while panel (b) shows the interpolated surface.

Preliminary studies indicate that the interpolation, under favorable conditions, can
generate sufficiently accurate libraries even for data that had nosberthed. Indeed,
skipping the smoothing step may lead to means of assessing the effetiai€ noisan
the data. For instance, single data points or subsets could be removed from the library in

Monte-Carlo simulations, thereby ultimately yieldingstlibutions of slightly different
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trajectories and steady states. This option will be addressed elsewhere. It also remains to
be more formally investigated under what conditions the chosen interpolation algorithm is
optimal for the tasks discussed here winether different, specifically customized

interpolation methods might perform better.

6.2.2.4 Expanded Data Cavage by Moderate Extrapolation

Parametric models may typically be extrapolated without bounds. However, one must ask
to what degree such extrapolasoheyond the domain of experimental data are really
justified. In our situation of nonparametric modeling, the interpolating function in
MATLAB is able to extrapolate datasets to some degree. However, the accuracy of
extrapolation is only guaranteed folatevely small ranges in the vicinity of the scaffolding

data subspace. While the lack of-faaching extrapolations may be seen as a disadvantage
over parametric models, it also provides a healthy warning against extrapolations that are
not supported bylata and might even be biologically infeasible. We used the nearest
neighbor variant of the interpolation technique in MATLAB for extrapolations. An

example will be shown later.

6.2.2.5 Library-based Simulations

The flow of a typical simulation with a nonparametmodel is illustrated ifrigure6.7.
Starting from an arbitrary initial state, within or sufficiently near the recorded flux
substrate subspace, the library, together with the interpolation algorithm, provides for each

set of metabolites the appropridiiex valuesVi. The flux values are then used to compute
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changes in the substrategg—tf, usingEquation6.1l. These changes are utilized to

compute the state of the system at the next time point; the base concept of this procedure

is shown inEquation6 4.

ax, .
0 Xy -'T{ c (64)

X

where do>l<tt represents the collection of appropriate flux values at time

While Equation6.4 demonstrates the solution procedure with Euler's forward method,
modern ODE solvers employ more sophisticated methods, some of which are expansions
of Euler's method. Specifically, the standard ODE solver in MATLAB (version R2014a,
The MathWorks, NatickMA) uses the Rung&utta method with variable step size. In
contrast to supplying the ODE solver with the parametric functions on thenaghtsides

of the ODEs, as it is commonly done, we specify the appropriate interpolants from the

library. This substution does not affect the computation speed much.
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Figure 6.7 Flowchart for a typical nonparametric simulation. Once initial conditions

are specified, the algorithm extracts from the library the flux values that correspond to the
metabolite profile at the initial time point. From these values, the algorithm computes the
slopes of all variables and moves the simaotatto the next time step, according

to Equation 6.4until the desired final time poifk is reached.

6.2.3 Typical Model Analyses

Analyses with the nonparametric model are primarily based on simulations. The simplest

of these are changes in initial valueak or more of the dependent variables. Similarly

easy to assess are changes in independent variables, which are often used to model constant
guantities like amnzyme activityor a fixed input. As an example, suppose that some
experimental technique rais the activity of an enzyme, which results in a concomitant

20% increase in the corresponding flux by. An analogous parametric situation would be a
20% raise in th&max0of a Michaeli$ Mentenor Hill rate law. In the nonparametric case,

such an alteration is simply implemented by increasing all pertinent flux values in the
library by 20%. The analogous strategy holds for an external inhibitor, as long as it
decreases one or more fluxes in dtiplicative manner. A change iKm corresponds to a

different scale for the substrate concentration. For exampl€nis to be doubled, an
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appropriate solution is to double the substrate concentrations in the library without

changing the correspondifigx values. To see the rationale for this strategy, consider the

stardard MichaelisMenten rate lawgw ——. If Kmis doubled, the same functional
values ofV are achieved if each value 8fs doubled.

To some degree, it is even possibl@éoform analyses that at first seem to require
functional forms. For instance, once a steady state has been identified, one may use the
plots of each flux against each contributing variable and determine the slope(s) of the flux
at the steadgtate metadie concentration. Entering all slopes into an appropriately laid
out array yields an approximate Jacobian matrix, which may then be used for numerical
analyses characterizing the model behavior close to the steady state and, in particular, the
stability of the steady state. We will discuss this option, as well as sensitivity analysis,

within the context of the case study in Resultssection.

Of course, the nonparametric model cannot entirely replace its parametric analog.
For instance, it seems diffiltiio perform formal investigations of bifurcations and other

features of complex dynamics, at least in a direct manner.

6.3 Results

6.3.1 CaseStudy: Nonparametric Modeling of theFermentation Pathway in Y east

To illustrate the nonparametric modeling capabilitithout being encumbered by the
i diosyncrasies of experimental dataset s,

literature. This model describes in a simplified manner the anaerobic fermentation pathway
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in the baker's yeaSlaccharomyceserevisae. The pathway is comparatively well
understood, and a considerable bodinafivo measurements of metabolites and fluxes at
various steadtates is availablg25. This model was originally proposed by Galazzo
and Bailey{ 226 and subsequédgtconverted into a powdaw model by Curt@t al. [199

200, 227); it has been used on numerauscasions to demonstrate new modeling and

optimization techniquefdl 59, 228237

For the illustration here, we use Curto's version of the nmodgenerate datasets,
which under typical conditions would have been obtained experimentally in the laboratory.
We analyze the data without noise. Thus, we pretend that metabolic time courses had been
measured and used in DFE to reveal plots of all flueesustime orversusthe system
variables that affect them. The system contains only a rather small number of metabolites

and fluxes, which renders it a good candidate for illustration purposes.

The model captures the dynamics of the fermentation patfmarayglucoseuptake
to ethanol yield Figure6.8). The pathway has essentially a linear structure, although two
minor pathways branch off. It is regulated through negative feedback from gktcose
phosphate (G6P) on glucose uptake and feedforward actiwadtihe enzyme pyruvate

kinase by fructosé,6-bisphosphate (FBP).
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Figure 6.8 Anaerobic fermentation pathway in Saccharomyceserevisiae The model
of the pathway contains five dependent variables and eight fladegted fran Curtoet
al. [199, 200, 227.

The independent variables and fluxes in the modelRgpee6.8) are as follows:

X, :Glucose (Glc) V'V, Vo Voo
X, :Glucose 6- phosphate (G6P) V, Vx V;:Vsao
X, :Fructose 1,6- bisphosphate (FBRY, Voo Vo Ve
X, :Phosphoenolpyruvate (PEP) V, Vho, Vs :Varpase
X

. IATP

Figure6.9 shows the model scheme insanplified fashion; although regulation is not
explicitly shown, it is taken into account by the model. One notes thaV{lsglits a 6
carbon molecule into two-8arbon molecules, which causes a doubled rate of influx into
the pools o4 andXs, andmandates corresponding elements of 2 in the stoichiometric

matrix (Equation6.5).
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Figure 6.9 Simplified model scheme of the fermentatiorpathway in Figure 6.8

The stoichiometric equation of the syste=SV, is equivalent to the set of differential

eqguations irEquation6.6.

X, =V, -,

X, =V, V, V,

Xs=Vy Vy ¥ (6.6)
X, =2V, -V,

Xs=V, 2V ¥, V5 V- \

The model has a stable steady state with concentration values, in [mNM]0®I8456,

G6P=1.011, FBP=9.188, PER 0.009532, and ATP 1.128[199.
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6.3.1.1 Library for theFermentatioriModel

In an actual systems analysis, experimental time series data would be used to populate the
library. Instead, we use the Curto model aalyes it multiple times, every time starting

from different initial states of all metabolites. These states are located in a hypercube in
A ° that corresponds to the five substrates represented in the pathway model. Of course,
experimental data would be ngig-or clarity, we consider noideee or wellsmoothed

data.

The collective result consists of time series data of the substrate concentrations and
corresponding fluxes, which in reality would have been obtained from DFE. In addition to
time plots, the da allow us to establish fluxersussubstrate trajectories, whose values
are recorded in arrays, as it was illustrate&igure6.5. Figure6.10 shows examples of
trajectories for the fermentation model. In all figures, the metabolite concentrations are

givenin millimolar (mM), and all fluxes argivenin millimolar per unit of time (mM/min).
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ATP L Gle ATP

Figure 6.10 Flux-substrate profiles corresponding to different initial conditions.The
dynamics of the systeforms trajectories that are recorded and used in the form of look

up tables that substitute for explicit mathematical representations of the fluxes. The panels
represent the different fluxes. For each panel, metabolite trajectories from different
experimets are shown in different colors. Panel (a) sh®wsVeoL andVatpase Which are
singlesubstrate fluxes. Panels (b), (c) and (d) exNhbit, Verk andVearp respectively.

These three fluxes have two substrates each. Lastly, panel (e) shows strbgtcaiteies

for Vek. This flux has three substrates so that the-$lulzstrate trajectory is four
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dimensional. For this reason, only the substrate trajectshoisn. According to Curtet

al. [227], the fluxVeoL is proportional td/pk with a proportionality constant of about 0.03
and therefore not shown.

6.3.1.2 Dynamic Simulations

Once the library is set up from the artificial data, the nonparametric model is ready to
use.Figure6.11 confirms with simulation results that the nonparametric moeleirns
essentially the same results for three distinct initial conditions as a parametric simulation
with Curto's model. For comparison, the nonparametric results (lines) are superimposed on

the Aidatad (parametric results).

Glc G6P FBP

0.06
0.05
0.04
0.03

concentration {mM)

0.02

0.015

0.01 | 4

concentration (mM)

0.005

Figure 6.11Nonparametric and parametric simulations of the fermentation
pathway. Three different initial conditions were used; the results are shown in different
colors. All simulations converge to the same steady state: Glc: 0.03686,1.011, FBP:
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9.188, PEP: 0.009532, ATP: 1.128. The initial conditions are: green: [0.0657 1.213 12.86
0.0086 1.410]; blue: [0.0518 0.6066 5.513 0.0148 0.6203]; red: [0.0207 1.820 17.46 0.0052
2.199]. The nonparametric simulation results (solid lina)aim the artificial data (circles)

very closely.

6.3.1.3 Jacobian at thEteadystate

The library permits the estimation of the Jacobian of the system. Namely, once a steady
state metabolite profile has been determined, estimates the slopes of the fluxethest

dv

profile with respect to the various valbies. The slopes of each quQ,Xi , are computed
numerically, using the flux values at the steathte,V(X), and the flux values at poinits
the vicinity of the steadgtate V(X + g§). UsingEquation6.1, the flux slopes together

dX dX

d dX . The quantitiesOIXi of all system variables constitute the elements of the

yiel
Jacobian matrix. The most prominent use of the Jacobian is the determiaftion
eigenvalues for local stability analysis. This analysis is directly comparable with the

corresponding analysis of a linearized parametric model.

For the fermentation pathway, the eigenvalues of the nonparametric model at the
steadyst ate ardg 3BB1%334.70,14.04 N 7.581i, T 1.
corresponding analysis for the parametric model yields quite similar eigenvalues:

[11689.0, 1341.1, 113.66 N 7.853i, 11.843]
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6.3.1.4 SensitivityAnalysis

An important component of modeling is sensitivity ajain analysis. In the former case,

a parameter is slightly altered and corresponding changes in critical system features are
recorded. In the latter case, an independent variable is altered. Most prominent is the effect
of changes in parameters or indepamtdsariables on the steadtate values of the system.
While the nonparametric model obviously has no parameters, it is still possible to study
sensitivities if one of the fluxes is either raised or decreased by a small percentage, which
mimics a situatio where the activity of an enzyme is altered. The results of such an
analysis are shown figure6.12. As one would expect, the system reaches a new steady
state, which depends on the specific flux alteration. Comparisons with Curto's model
demonstrate #t the nonparametric model matches the corresponding analytical results

from the parametric model very well.
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Figure 6.12 Sensitivity analysis.Each of the fluxes was separately perturbed by +10% for

the entire duration of each simulation. With each change in a flux, the simulation starts
from the original steady state of the system and moves toward the new steady state. For all
the flux perturbations other thdpoLandVeo(not shown here because theye ar
insensitive), the system converges to new stetales. The nonparametric model results
(solid lines) closely match the parametric results (circles). One should note different scales
for the five variables.
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Figure 6.13 Trajectories and steadystates of the system for enzymes with altered

Km. The system dynamics was replaced such that fluxes depict enzymes with
increaseKm values. Each row represents simulation results for a flux catalyzed by an
enzymewith an alteredm, where the corresponding substrates respectively from top are:
[Glc, G6P, FBP, PEP, ATP]. Each flux was modified to mimic a-fwd increase ikm.

Only VaTrasewas simulated for a 30% increase, because larger perturbations lead to
instabilities in the parametric and nonparametric modéls. andVeoL did not show any
noticeable changes in steaskates and hence are not shown in here. Solid lines show the
nonparametric results, while circles represent parametric results from Curtigs mo
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Figure6.13 exhibits simulation results representing the case wherkqtloé an
enzyme is altered. To mimic an increase Kiamore substrate is needed to compensate
for the same flux magnitude. As was explained earlier, for example, doubliKg tfea
reaction corresponds to replacing the substrate concentftith S2 in the library. As
can be seen, the steashates take new values. Specifically, the substrate of the enzyme
with alteredKmshows an increased steastate value in each rowAgain, the

nonparametric and parametric model results agree quite closely.

6.3.2 Data Collection from a Bolus Experiment

6.3.2.1 Model Set-up

To test the nonparametric approach under more realistic circumstances, we used the Curto
model to simulate am vivo nucleamrmagnetic resonance experiment, which typically uses

a bolus input rather than a constant substrate influx (for a pertinent examplQ&ee

In the original Curto model, the input flux of the syst&f),is constant and set to
simulate a saturated flux that corresponds to an exterior glucose concentration in excess.
To model the transietynamics of a bolus experiment, we converted external glucose into

a dependent variabk, thereby expanding the system by one ODE:

X, = 0.0, 67)

The coefficient 0.01 reflects the compensation between the concentrationthetiange
exterior volume of the medium and the much smaller interior volume of the cells. This

coefficient quantifies how much a change in the external glucose concenteagiofidm
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4 mM to 3.99mM) affects the internal glucose concentration (frono @ nM). For the
uptake function, we use a Micha&lMenten function with noncompetitive inhibition,
where the inhibitor, G6P, reduces the overall activity of the enzyme. This choice was based
on the original article which considered the inhibition asauwhpetitive, because G6P
binds to theglucose transportenside the cell while glucose binds on the out$iizs.

Thus, we have

9 -1
a o)

V= o G e g (6:8)
Kw *+ X, ¢ Ko =

with Km =4 mM [233. Vma andK, were retrieved from Curto's model as about 18 an
394, respectively. With the exception of these two adaptations, the modified model is the
same as ifEquation6.6 and the pathway diagram is the same dsgnre6.9, where the

input arrow now originates b.

Commensurate with th€n value forVi, we used the modified Curto model to
perform experiments with three different bolus amounts, where the initial values
corresponded to a concentration of half kae twice theKy,, and close to saturation,
respectively. The results are showrFigure6.14. Panel (a) corresponds to a bolus of
exterior glucose resulting in an external initial concentration 2 In panel (b) the
initial concentration is M, and in panel (c) itis 6M. In each panel, the left plot shows
the dynamic metabolite profilesyhile the right plot shows the dynamic flux profiles,
which in a real experiment would have been inferred per DFE. In all cases, the
input Vin initially causes the interior glucose concentration to rise, and this rise migrates

throughout the pathway. Thots on the righside show how/in and othefluxes start to
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6.14 Simulation results
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Figure

external glucoseconcentrations.The time courses capture the transient behavior of
system very clearly. The left column exhibits camtcation profiles, while the right
column shows flux profiles. Amount of glucose bolus: PanelrmaMg panel b: 8nM;

panel c: 6anM.
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Figure 6.15 Flux-versussubstrate trajectories retrieved from thebolus experiment
results. The three experiments lead to different trajectories, which are shown in diffi
colors.
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